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Abstract. Internal climate variability (ICV) estimates provide a useful benchmark for assessing climate model performance
and the emergence of anthropogenically forced climate change. This study aims to quantify the magnitude of ICV using
different types of data, representing both Earth System Model simulations and observation-based datasets. We focus on
seasonal mean near surface air temperature over Europe utilizing different methodological approaches: assessment of
variability inferred from pre-industrial control simulations, spread of a single-model initial-condition large ensemble,
separation of uncertainty sources in CMIP6 transient simulations, and forcing attribution in observed time series. Across all
methods and datasets, we found that ICV estimates decrease during the seasonal course from winter to autumn and spatially
from north-eastern to south-western Europe. By comparing the results of the historical and scenario simulations of the large
ensemble and selected CMIP6 models, we conclude that European ICV generally decreases under anthropogenically forced
climate change. Moreover, our study suggests that applying ICV estimates as a benchmark for assessing regional climate
simulations over Europe should be approached with caution. The estimate based on the pre-industrial control simulations offers
an advantage since the simulations are not influenced by external forcings and their ensemble mean estimate encompasses the
range of the other methods. When the focus is on future climate simulations, estimates from scenario simulations should be
used, as they already account for the influence of anthropogenic forcings on ICV. Regarding ICV estimates from observational
data, their advantage lies in accounting for true climate history, free of modelling uncertainty. Historical simulations also

account for historical climate change and yield ICV estimates comparable to those from observational data.

1 Introduction

Partitioning the uncertainty of climate change projections into three main sources, known as model uncertainty, scenario
uncertainty, and internal climate variability (ICV) uncertainty, is helpful not only for scientific interpretation and improving
climate models but also for science communication (Knutti and Sedlaéek, 2012; Abramowitz et al., 2019). Model uncertainty,
also called climate response uncertainty, is attributed to structural differences between models and how they respond to external
forcing. This arises from different choices made by individual modeling centers while constructing and tuning their models.

In principle, this uncertainty is reducible since the differences between models and between models and observations are
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artifacts of model imperfection (Abramowitz et al., 2019; Lehner et al., 2020; Merrifield et al., 2023). Moreover, uncertainties
in the observational data can also play a role (i.e., the data used as 'observations' are rarely a perfect representation of the real
climate system). Scenario uncertainty or radiative forcing uncertainty arises from a lack of knowledge of future radiative
forcing, which is primarily driven by unpredictable socio-economic factors (Hawkins and Sutton, 2009; Lehner et al., 2020).
It is possible to quantify scenario uncertainty using a consistent, sufficiently large set of models run under different socio-
economic scenarios. Unlike Model uncertainty, Scenario uncertainty is irreducible since the probability of future evolution of
anthropogenic factors is currently unknown (Gosling et al., 2012; Booth et al., 2013; Lehner et al., 2020; Deser and Phillips,
2023). And lastly, the uncertainty connected to the ICV exists due to the chaotic nature of the climate system. Thus, this
uncertainty is inherently irreducible (Deser et al., 2010 and 2014; Kay et al., 2015; Olonscheck and Notz, 2017; Jain et al.,
2023).

Focusing mainly on the ICV, it is defined as a natural variability within the climate system that occurs without external forcing
involvement (Deser et al., 2010 and 2014; Thompson et al., 2015; Chen et al., 2021). Uncertainty associated with the ICV is
one of the major sources of climate change projection uncertainties, due to the unpredictability of the evolving processes and
interactions within the climate system itself (Deser et al., 2010 and 2020; Schwarzwald and Lenssen, 2022; Blanusa et al.,
2023; Lehner and Deser, 2025). The climate system is known to be a nonlinear dynamical system (Dethloff et al., 2007). The
interactions between its components involve energy, momentum, and mass transfers, and feedbacks across multi-spatial and
temporal scales (Palmer, 1999; McWilliams, 2007; IPCC, 2021a). Nonlinearity and the resulting chaoticity in the system mean
that just a small perturbation in the initial conditions can expand exponentially, leading to uncoupling of originally close
climate system trajectories. For this reason, the climate system exhibits sensitive dependence on initial conditions, making its
internal variability unpredictable beyond a certain time horizon (Lorenz, 1963; Ghil and Lucarini, 2020). This sensitive
dependence, together with models’ imperfections, limits the reliability of projections after the initial condition information has
been lost, typically a few years (or even less than a year) for the climate projections (Lorenz, 1963 and 1996) and less than 10
days for weather prediction (Krishnamurthy, 2019). This eventually affects the climate projection outcome and contributes to
the irreducibility of ICV uncertainty. Moreover, the ICV is perceived through some modes of variability with intrinsic
randomness (such as El Nifio Southern Oscillation, Atlantic Multidecadal Variability, Pacific Decadal Variability, etc.), which
arise from the system’s dynamics (Collins et al., 2010; Deser et al., 2010; IPCC, 2021b). They might evolve unpredictably to
some extent, and their future phase and amplitude are intrinsically uncertain (Ghil and Lucarini, 2020; Jain et al., 2023).

The Intergovernmental Panel on Climate Change Sixth Assessment Report (IPCC AR6) emphasized that the evidence for
human influence on recent climate change reported from IPCC AR2 to ARS has become stronger during recent decades (IPCC,
2021c¢). This human influence has been impacting the whole climate system. It has been attributed to, for example, increasing
greenhouse gas concentrations, changes in land use, and emissions of human-made aerosols (e.g., sulfates, black carbon). In
sum, these effects have led to positive radiative forcing, resulting in increased observed warming (IPCC, 2021c). The
anthropogenic influence resulting in forced climate change not only modulates the mean climate but also the characteristics of

ICV itself and the overall climatic variability and extremes (Deser et al., 2010; LaJoie and DelSole, 2016; Rodgers et al., 2021;
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Deser and Phillips, 2023). One among other examples, a recent study of Beobide-Arsuaga et al. (2025) found out that forced
changes in internal variability will intensify summer heatwaves over central and northern Europe, while they are projected to
weaken southern European summer heatwaves. Many studies illustrate how external forcing might change internal variability
characteristics (Deser et al., 2010; LaJoie and DelSole, 2016; Rodgers et al., 2021; Deser and Phillips, 2023). Thus, to more
accurately assess climate change on various temporal and spatial scales, it is essential to evaluate the ICV and its interaction
with both natural and anthropogenic influences. That is included in the goal of this study to consider these two influences and
to estimate ICV as a benchmark for detecting forced climate change.

Previous studies have assessed ICV using various approaches and data types. For example, Hawkins and Sutton (2009)
assessed ICV by using historical and scenario simulations from global climate models. They fit a fourth-order polynomial to
the simulated time series and assess the ICV magnitude from the fit residuals. This method has been applied for partitioning
model uncertainty in many other studies using climate model datasets (Hawkins and Sutton, 2011; Yip et al., 2011; Lehner et
al., 2020; Snyder et al., 2024; Evin et al., 2024). Another widely used approach to ICV assessment involves pre-industrial
control simulations (Olonscheck and Notz, 2017; Menary et al., 2018; Rehfeld et al., 2020; Van Achter et al., 2020; Sippel et
al., 2021; Mann et al., 2022; Zappa et al., 2021). These provide long time series spanning from hundreds to thousands of years
and are run under fixed external forcings at pre-industrial levels (typically year 1850, Eyring et al., 2016). Thus, there is no
influence of changes in external forcings, and any variability in the simulation comes solely from internal processes of the
climate system. Further, Single-Model Initial-condition Large Ensembles (SMILEs) simulations are considered robust tools
for assessing ICV since they are created using a single climate model run under the same external forcing but with slightly
different initial conditions, which is designed to isolate ICV from other uncertainties (Lehner et al., 2020; Deser et al., 2020;
Mabher et al., 2021). Depending on the computational capacity of each modeling center, a SMILE typically consists of 30 to
100 members. Many studies have successfully used one or more SMILEs to examine ICV behavior, including Kay et al.
(2015), Martel et al. (2018), Maher et al. (2020), Lehner et al. (2020), and Shen et al. (2024), among others.

Given that each of the previously mentioned methods and datasets plays a valuable role in assessing ICV, this study combines,
for the first time, several approaches and datasets (including observational data) to compare and assess ICV magnitude from
diverse perspectives. This is done to provide a useful benchmark for eventually evaluating the performance of global and
regional climate models over Europe. We focus on the annual and seasonal means of near-surface air temperature. In general,
four different approaches based on different datasets are used in this study to assess the ICV estimates: (1) pre-industrial control
simulations of CMIP6 (Coupled Model Intercomparison Project Phase 6) models (noted as Pidata), (2) historical and scenario
simulations from CMIP6, (3) SMILE simulations from the MPI-ESM model, and (4) observational data.
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2 Study area

The study area encompasses the European region, divided into four subdomains, as shown in Figure 1. Three of the four
subregions were defined based on the updated IPCC WGI reference regions (Iturbide et al., 2020) and are noted as NEU
(Northern Europe), WCE (Western and Central Europe), and MED (Mediterranean). The last subregion, denoted CEU (Central
Europe) and bordered by the dashed rectangle in Fig. 1, is of interest for climate change scenarios in the Czech Republic and
surrounding regions, especially for convection-permitting regional climate model simulations that focus on this region. The
ICV estimates developed in the current study will be further used as a benchmark for assessing model performance and future

climate change projections over this area (Randriatsara et al., 2026a).
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Figure 1: Subregions used in this study. The subregions within the red solid contours, from north to south, are the NEU, WCE,
and MED domains, and the dashed red contour pertains to the CEU domain.

3 Methods and data

For all four different types of datasets and approaches, ICV estimates were computed from time series of seasonal and annual
mean near-surface air temperature.

3.1 Pidata: Pre-industrial control simulations

The Pidata in the present study are chosen from 15 CMIP6 models listed in Table 1 (Eyring et al., 2016). The simulations were
run under 1850 forcings and are 500 years long. The 15 models were selected because they share the same target period, from

1850 to 2349. For the case of Pidata, the analysis of ICV was done through the computation of standard deviation (Olonscheck
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and Notz, 2017). First, the simulated temperature time series were linearly detrended, so that the effect of drift would not
contaminate the estimate of ICV (Gupta et al., 2013). Then, we calculated the standard deviation for each model and the
ensemble mean of the standard deviations (noted as ENSMEAN). Afterward, we regridded all the data onto a common 1-
degree grid (Longitude and Latitude). This is done to retain as much of the information from their original grids as possible.
The 1-degree resolution was chosen because many models have resolutions around 1 degree, making it a middle ground.

Moreover, comparisons between the original and regridded grids show almost no difference (Fig. S1).

3.2 Historical and scenario CMIP6 simulations: Hawkins and Sutton (2009) method

The same 15 CMIP6 models as in the case of Pidata were used, focusing on their historical simulations for the period 1971-
2014 and runs under SSP5-8.5 (Eyring et al., 2016) for the period 2014-2100. They were employed to assess the magnitudes
of ICV under the existence of external forcings. We chose the socio-economic scenario SSP5-8.5 because it represents the
higher end of the available scenarios in terms of anthropogenic influence on the climate system (ref. to SSPs). So the potential
influence of external forcing on ICV will be easier to detect than in lower-emission scenarios. Here, the ICV was estimated
for three time periods: Historical (1971-2000), future (2070-2099), and the whole (1971-2100). We use the method of Hawkins
and Sutton (2009) (further noted as HS09). The ICV for each model is defined as the variance of the residuals from the fits of
ordinary least squares with a fourth-order polynomial. Similar to the Pidata analysis, the ICV estimates were regridded to a
common 1-degree resolution. The results based on the Hawkins and Sutton (2009) method using the CMIP6 simulations will

be further denoted as HS09 results, and the ENSMEAN will refer to the multimodel mean value.

3.3 SMILE data from the MPI-ESM model with 100 members

The SMILE simulations of the MPI-ESM model with 100 members (Maher et al. 2019) are, to our knowledge, the largest
single-model ensemble currently available. It was run with the horizontal resolution of 1.875 degrees (Longitude x Latitude),
and we chose scenario simulations under RCP8.5. The assessment of ICV estimate based on this SMILE was done as follows.
We calculated the anomaly relative to the long-term mean for each member in both the historical (1971-2000) and scenario
(2070-2099) periods. Then, we subtracted each anomaly from its ensemble mean (or the forced signal) to remove the effects
of the forced distribution shift. So, the ICV is the spread of these differences computed as the standard deviation across all 100
members. The same procedure was used in previous papers (e.g., Martel et al., 2018; Maher et al., 2020; Lehner et al., 2020).

Before calculating the standard deviation, each member was regridded to 1-degree resolution.

3.4 Observational data

We use three observational-based temperature datasets specified below (Table 2) and apply a regression model to remove
components attributable to external forcings, leaving only ICV-related variability in the regression residuals. For each of the
three observational data, the temperature time series at individual grid points for the period 1901-2010 were processed using

multiple linear regression, with predictors pertaining to greenhouse gas concentration, volcanic aerosol optical depth, and solar
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activity, as described in MikSovsky et al. (2016). The results from regression-based removal of components related to external

climate forcings will be further denoted as observational results.

Table 1: Global climate models used for Pidata and CMIP6

Name Modelling center Horizontal Resolution
BCC-CSM2-MR Beijing Climate Center Climate System Model ~125 km
Fondazione Centro Euro-Mediterraneo sui Cambiamenti Climatici (CMCC), Lecce,
CMCC-CM2-SR5  Ttaly ~139 km
Fondazione Centro Euro-Mediterraneo sui Cambiamenti Climatici (CMCC), Lecce,
CMCC-ESM2 Italy ~155 km
Centre National de Recherches Meteorologiques (CNRM) and Centre Europeen de
Recherche et de Formation Avancee en Calcul Scientifique (CERFACS), Toulouse,
CNRM-CM6-1 France ~155 km
Centre National de Recherches Meteorologiques (CNRM) and Centre Europeen de
Recherche et de Formation Avancee en Calcul Scientifique (CERFACS), Toulouse,
CNRM-ESM2-1 France ~156 km
EC-Earth consortium, Rossby Center, Swedish Meteorological and Hydrological
EC-Earth3-CC Institute/SMHI, Norrkdping, Sweden ~78 km
EC-Earth consortium, Rossby Center, Swedish Meteorological and Hydrological
EC-Earth3-Veg Institute/SMHI, Norrkoping, Sweden ~78 km
HadGEM3-GC31-
LL Met Office Hadley Centre, UK ~ 208 km
HadGEM3-GC31-
MM Met Office Hadley Centre, UK ~93 km
Institute for Numerical Mathematics (INM), Russian Academy of Science, Moscow,
INM-CM4-8 Russia ~222 km
IPSL-CM6A-LR Institut Pierre Simon Laplace (IPSL), Paris, France ~278 km
Japan Agency for Marine-Earth Science and Technology (JAMSTEC), Kanagawa,
MIROC-ES2L Japan, Atmosphere and Ocean Research Institute (AORI), The University of ~311 km
MPI-ESM1-2-HR  Max Planck Institute for Meteorology, Germany ~ 104 km
MPI-ESM1-2-LR  Max Planck Institute for Meteorology, Germany ~ 208 km
MRI-ESM2-0 Meteorological Research Institute, Japan ~ 125 km
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Table 2: Observational datasets.

Dataset name Acronym  Horizontal Reference
resolution
Goddard Institute for Space Studies Surface GISTEMP 2 x 2 degree Lenssen, N. et al.
Temperature Analysis (2024)
Berkeley Earth Surface Temperature Berkeley 1 x 1 degree Rohde and Hausfather
(2020)
NOAA-CIRES-DOE Twentieth Century 20CR 1 x 1 degree Slivinski et al. (2019)

Reanalysis, Version 3 (20CRv3)

4 Methods and data
4.1 Spatial distribution of ICV estimates

In general, the spatial distributions of the ICV estimates for both annual and seasonal timescales show a similar pattern bet ween
all methods and time periods (Figs. 2-3). Except during the summer season, the highest values are in most cases found over
the north-eastern part of the study domain. Looking into details, the annual temperature exhibits weaker ICV estimates between
0.2 and 1.0 °C (Figs. 2c and 3). The DJF season shows the highest values, exceeding 2 °C (Figs. 2a and 3). The largest values,
exceeding 3.0 °C, are found over north-eastern Europe, as shown by Pidata (Fig. 3z). In MAM, the ICV values are lower than
in DJF, ranging from 0.3 °C to 2.0 °C (Fig. 2b and 3). For the case of JIA, the ICV estimates range from 0.2 °C to 1.7 °C, but
the higher estimates shift southward and cover the latitudes between 40°N and 56°N (Fig. 3). Except for the observational
data, the larger ICV estimates are found only over the eastern part of these latitudes (Fig. 2d). The SON pattern is similar to
DJF and MAM but with smaller ICV estimates between 0.3 °C and 1.7 °C (Figs. 2e and 3). Overall, ICV estimates across the
European region decrease from north-east to south-west on both annual and seasonal timescales, except during JJA, when the
highest ICV magnitudes move southward. The annual analysis yields smaller ICV estimates than the seasonal analyses, while
DJF shows the largest ICV magnitudes across all seasons. Pidata provides the highest ICV estimates among all the approaches
and timescales, except during JJA. GISTEMP shows lower ICV estimates than the other results, while Berkeley and 20CR
display comparable ICV estimates in most cases.

Additionally, the annual ICV estimates for each of the 15 individual CMIP6 models (Pidata, historical, and scenario
simulations) are shown in the Supplement to provide inter-model comparison (Figs. S2-S5). Pidata display the highest ICV
estimates for each individual model (Fig. S2), whereas the scenario simulations show the lowest values for each model (Fig.
S4). BCC-CSM2-MR model simulates the highest ICV magnitude among all other models in all the approaches, while EC-
Earth3-CC and EC-Earth3-Veg models show a remarkably high ICV in Pidata (Fig. S2), especially over the extreme north of
the study area. Unlike in Pidata, in which the higher values decrease from the north-east to the south for all models (Fig. S2),
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some models in the historical and scenario simulations display different patterns. For instance, CMCC-EMS2, CNRM-ESM2-
1, EC-Earth-Veg, and HadGEM3-GC-MM show that the higher ICV estimates are located over the central part of the study
domain (Figs. S3-S5). There are also some models that display different patterns depending on each period. This is the case
for HadGEM3-GC-LL, INM-CM4-8, and MRI-ESM2, in which higher ICV estimates are observed across different locations.
For example, the higher values for the case of HadGEM3-GC-LL are located in central northern Europe during the historical
simulation (1971-2000) (Fig. S3), while they shift to the central and north-east parts during the future (2070-2099) (Fig. S4)
and the full simulation period (1971-2100) (Fig. S5) periods, respectively. For the case of INM-CM4-8, the higher values are
located over the central part during the historical period (Fig. S3), while they are found over the northern part during the future
(Fig. S4) and the whole time (Fig. S5) periods. Moreover, the MRI-ESM2 model displays higher ICV estimates over the north-
east part of the study domain during the historical (Fig. S3) and full simulation (Fig. S5) periods, whereas the higher values
shift to the south-east during the future period (Fig. S4).

GISTEMP

BERKELEY

20CR

00 01 03 04 05 07 08 10 L1 12 14 15 16 18 19 21 22 23 25 26 27 29 3.0 32 3.3
Figure 2: Seasonal and annual mean near-surface air temperature ICV estimates from the observational datasets

(GISTEMP, Berkeley, and 20CR) data after the removal of components attributable to external forcings.
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Figure 3: The same as Fig. 2, but for (a-0) multimodel mean of CMIP6 data, (p-y) SMILE data, and (z-ad) multimodel

mean of Pidata. The columns represent individual seasons.

4.2 Spatial distribution of ICV estimates

The comparison of ICV estimates averaged over the four regions (Figs. 4-9) reveals several patterns. Firstly, by focusing on
the methods, Pidata provide the highest estimates compared to the other approaches, except during JJA in all regions and in
MAM over the CEU and the WCE (Figs. 4-9). This is evident in the values of Pidata ENSMEAN, which exceed all results
from HS09, SMILEs, and observational data. Looking at individual models, the Pidata simulations of EC-Earth models have
the highest ICV values (up to more than 2.0 °C during DJF and MAM over the NEU) (Fig. 5 and 6), except for JJA, in which
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the highest ICV estimates are displayed by some of the historical and scenario CMIP6 simulations, especially by BCC-CSM2-
MR, CMCC-CM2-SR5, EC-Earth3-Veg, and MPI-ESM1-LR. (Figs. 4-8). The ICV estimates based on the scenario
simulations from HS09 and SMILE are lower than their historical period counterparts, except for JJA. This can be perceived
through the values of ENSMEAN from Fig. 4-8 and the boxplot ranges in Fig. 9. In most cases, the lowest ICV estimates are
displayed by some models from the scenario simulations based on HS09 (Fig. 9). Moreover, there is a marked difference
between the estimates of historical and scenario simulations based on the HS09 method (Fig. 9). However, the differences
between scenario and historical ICV estimates from SMILE simulations are quite small over most regions during all the time
scales, except for DJF and JJA (Figs. 4-9). Among the observational data, GISTEMP shows the lowest ICV estimates, while
Berkeley and 20CR display similar estimates for most of the cases. In general, despite the differences between the methods,
there is good agreement between the modeled datasets and the observational ones. However, it is noticed that most of the
modeled datasets display noticeably higher ICV estimates than the observational ones during JJA over all the regions, except
the NEU. During DJF, while noticeably high ICV estimates are displayed for Pidata over NEU, the scenario simulations based
on the HS09 method exhibit the lowest estimates over almost all the regions. Besides, the ENSMEAN estimate based on the
HS09 method for historical simulations shows the best agreement with the observational-based estimates (Fig. 9). Overall, by
comparing with the ENSMEAN, Pidata generally show the highest ICV estimates (except in JJA), while GISTEMP displays
the lowest values (except in DJF).

Next, looking at different time scales through the boxplot visualization (Fig. 9), we can see that the annual ICV
estimates are generally lower than for individual seasons (ranging from the lowest values between 0.4°C and 0.7 °C over the
MED to 0.5°C - 1.2 °C over the NEU). Moreover, the annual ICV estimates differ less than seasonal values between individual
methods in each region. In the case of DJF, the differences between the methods are mostly higher than in other seasons, and
the multi-model spread within the Pidata and HS09 methods is larger (Fig. 9). The highest inter-method variability is found
over the NEU, with values ranging between 1.0 °C and 2.6 °C. The MAM ICV estimates are then lower, with its highest values
from 0.8 °C to 2.0 °C over NEU. The JJA estimates are even lower than MAM, with its highest estimates ranging between 0.7
°C and 1.7 °C. SON displays similarly low seasonal ICV estimates, with its highest values between 0.7 °C and 1.5 °C over the
WCE. The annual, JJA, and SON ICV estimates display better agreement among the methods since smaller differences
between the ENSMEAN values of Pidata and HS09 for all time periods (noted as black dots in Fig. 9) are found compared to
DJF. Overall, the annual ICV estimates show the lowest multi-model spread and differences between the methods, while the
highest ICV is found during winter (DJF); the estimates then decrease from spring (MAM) until autumn (SON).

Finally, based on regional comparison, the MED region shows the lowest ICV magnitudes (ranging from 0.4 °C to
0.7°C for annual and 0.6 °C to 1.3°C for seasonal timescales) and the smallest data spreads and differences between the
methods compared to the rest of the regions (Fig. 9). On the other hand, the NEU region exhibits the largest inter-method
differences (except in JJA), especially during DJF (Fig. 9). Its annual ICV estimates range from 0.5 °C to 1.2 °C and the
seasonal one from 0.5 °C - 2.6 °C. Then, it is followed by the WCE region, which displays the annual ICV estimates between
0.5 °C and 1.2°C and the seasonal values between 0.7 °C and 2.5 °C. Lastly, the CEU region displays slightly lower ICV

10
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estimates and spreads than WCE. Its annual ICV estimates range from 0.4 °Cto 1.0 °C, and its seasonal values range from 0.6
°C to 2.3 °C. Overall, the largest inter-method differences and the highest ICV estimates are found in the NEU region, where

some of the Pidata models, such as BCC-CSM2-MR, EC-Earth3, and CNRM, show remarkably high estimates. It is then
followed by WCE, CEU, and MED regions. In other words, better agreement between the methods is found over the MED

than the rest of the regions. Also, the multi-model spread is the smallest over the MED.
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5 Discussion and conclusions

First, let us discuss the spatial distribution of the ICV estimates. Overall, the ICV across the European region decreases from
north-east to south-west in both the annual and seasonal analyses, except during JJA, when the highest ICV magnitudes moved
southward (Figs. 2, 3). Considering the regional means, the largest values are found especially over the NEU region, while the
smallest are over the MED (Fig. 4-9). This general pattern of higher ICV in higher latitudes than in lower latitudes is consistent
with previous studies by Deser et al. (2010) and Hyun et al. (2017). They used the same method as we did for the SMILE case,
calculating anomalies for each member relative to their ensemble mean before computing the standard deviation across all
members. The standard deviation was then defined as the final ICV estimate. Even though they used different models, Hyun
et al. (2017) used the 30 members of CESM large ensemble, and Deser et al. (2010) used the 40 members of CCSM3; their
findings are comparable. Deser et al. (2010) found that the internal atmospheric variability shapes a dominant pattern of the
extra-tropical sea-level pressure, which subsequently drives the internal variability of extra-tropical temperature. They also
showed that the ICV is larger than the model uncertainty over high latitude regions. Moreover, Hyun et al. (2017) suggested
that the high ICV estimates over higher latitudes could be closely linked to the varied topography from middle to high latitudes
and the south-north temperature gradient, coupled with a large thermal difference between land and ocean. While this general
pattern of north-to-south decrease in ICV has been described previously on a global scale, our results demonstrate that internal
variability over Europe is not spatially uniform and shows a pronounced decrease from northeastern Europe toward the
southwestern and Mediterranean regions.

Comparing the ICV estimates for different seasons, throughout all the methods, our results show that DJF displays
the largest ICV estimates compared to the annual time scale and the rest of the individual seasons. Likewise, Deser et al. (2010)
also described the prominence of the highest temperature variability during the winter season through the computation of
standard deviations and trend standard deviations by using several datasets.

The main contribution of our study is the comparison of ICV estimates based on different methods and datasets. Each
approach is based on different assumptions, and the results differ in notable ways. Most of the methods have previously been
used to estimate ICV magnitude, except HS09. The HS09 method has so far been used to assess only the relative importance
of ICV uncertainty compared to structural and scenario uncertainties in climate change projections (Yip et al., 2011; Lehner
et al., 2020; Zhang et al., 2023). To our knowledge, our study is the first application of the HS09 method for assessing the
absolute magnitude of ICV estimates.

Pidata estimates are based on long time series, so they are robust in this sense, and we expected Pidata results to yield
larger ICV estimates than HS09 based on CMIP6 data. The results confirm our expectations in most cases. Especially, the
control simulations from BCC-CSM2-MR, EC-Earth3, and CNRM show notably high values, particularly over the extreme
north of the study area. Parsons et al. (2020) concluded that these three models displayed unrealistically large estimates of
internal interdecadal variability in comparison to the rest of the CMIP6 preindustrial control simulations. However, they

reported that these models, similarly to most CMIP6 models, reproduce values similar to those from instrumental data when
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driven by observed transient forcings from the industrial period (i.e., historical simulations). This corresponds well with our
findings since the ICV estimates based on the HS09 method for all historical CMIP6 simulations (including the three above-
mentioned models) generate better agreement with the observational data (Fig. 4-9) than their Pidata estimates. There seems
to be no clear relationship between the model horizontal resolution and ICV estimates (not shown).

It is a fact that Pidata represent preindustrial climatic conditions, while the other model simulations used here, as well
as observational data, are already influenced by the anthropogenic factors. However, the linear regression model applied to
observational data cannot capture the changes in the variance of the temperature distribution that might have occurred during
the 20th century. So, the observational data-based approach assumes that the ICV does not change as the result of
anthropogenic forcings during the 20th century. The potential anthropogenic influence on ICV is here studied using the HS09
and SMILE approaches, comparing the historical and scenario simulations.

Looking at the ICV estimates based on historical and scenario simulations, we found that the historical CMIP6 HS09-
based and SMILE simulations provide generally higher estimates of ICV than their scenario period counterparts, except for
JJA. This could be related to what Hyun et al. (2017) found concerning the decrease of the ICV in the future climate due to
the decrease of seaice in the Arctic region between 70° and 90° N, which they identified as the primary source of ICV reduction
all over the globe. Similarly, many papers have found a decrease in the future temperature variance over the extratropical
regions, especially during the winter, using different methods and datasets, such as SMILEs (Olonscheck et al., 2021; Blanusa
et al., 2023), observations (Screen, 2014), and CMIP models (Thompson et al., 2015; LaJoie and DelSole, 2016). One potential
explanation for this feature, especially in winter, is that day-to-day temperature variability is strongly linked to synoptic-scale
weather systems, and that, under global warming, their frequency is expected to decrease (e.g., Robeson, 2002; Cavanaugh
and Shen, 2014). On the other hand, we must note that the scenario simulations we use for ICV estimates are limited, i.c., a
relatively short time period in the case of CMIP6 (in comparison to Pidata), and only one model for SMILE. Therefore, the
decrease of ICV estimated here for scenario simulations might be smaller; the ICV experienced in the future might be slightly
higher than described in our study.

The large ensemble MPI-ESM provides a large sample of data, but it is based on only one model. The MPI-ESM
SMILE during historical simulations show ICV estimates fairly in the middle of the values from all other methods. Thompson
et al. (2015) concluded that CCSM3 preindustrial control simulations are sufficient to represent the ICV obtained from their
SMILE with 40 members. However, in our present study, we cannot confirm that Pidata and MPI-ESM SMILE exhibit
comparable ICV estimates in all cases. We only found that the ICV estimates based on the historical MPI-ESM SMILE are
more comparable to the ICV estimates based on MPI-ESM1-2-LR from Pidata in many cases (except over the NEU region)
than its scenario simulations. The difference between our findings might be related to the fact that our SMILE and Pidata
model (MPI-ESM) is different than their model (CCSM3), and also, our MPI-ESM Pidata model is from the newer CMIP6
version, while our MPI-ESM SMILE is from CMIP5. Further, we found out that Pidata display higher ICV magnitudes in

most cases, but this could be different if we were able to compare the same model between SMILE and Pidata. In our case,
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only the MPI-ESM model was used for SMILE, since it provided the largest ensemble of individual simulations (100
members).

Concerning the observational-based estimates, they rely on real-world data, unlike the other methods, which use
model simulations. However, there is still observational uncertainty. GISTEMP shows the lowest ICV estimates compared to
the other observational data, and also lower values than the SMILEs and the ENSMEAN from HS09 and Pidata. The lower
ICV estimates displayed by GISTEMP might be connected to its low resolution and probably to the number of stations
considered over our study domain. In general, there are 6964 unique stations across the European domain, but many
temperature stations are excluded due to insufficient records (Menne et al., 2012a).e In the case of the 20CR reanalysis, only
surface air pressure is assimilated from station data, but other variables, including air temperature, are the output from the
underlying model (Slivinski et al., 2019). Berkeley Earth used unique stations with approximately 39,000 records (far more
numerous than GISTEMP (Cowtan et al., 2015)). Given that the 20CR and Berkeley station data are fundamentally different
types of datasets (reanalysis and gridded station data, respectively), the fact that they display comparable ICV estimates
suggests that the findings are robust.

To conclude, the ICV estimates decrease over the annual cycle from winter to autumn and spatially from north-eastern
to south-western Europe. Pidata ENSMEAN exhibits the highest ICV estimates for almost all the seasonal and annual scales.
The ICV estimates of historical simulations from both the SMILE MPI-ESM method and the ENSMEAN of the CMIP6 HS09-
based method are comparable to the observational-based results. The higher ICV estimates from historical simulations
compared to those from scenario simulations in both CMIP6 HS09-based and large ensemble simulations provide insight into
how the ICV changes under externally forced climate change, revealing that it decreases under global warming. Even though
the ICV estimates are projected to decrease, their spatial patterns remain unchanged in the scenario simulations. Interestingly,
the observational-based estimates fall within the results from preindustrial and historical model simulations. Our main goal is
to compare different methods of ICV estimation that could potentially be used as benchmarks for assessing regional climate
simulations over Europe. Pidata have traditionally been used for this purpose, specifically in studies concentrating on global
climate simulations (Olonschek and Notz, 2017). Our results imply that the estimate based on the ensemble mean value of pre-
industrial control simulations (denoted here as Pidata ENSMEAN) encompasses the range of the other methods. An advantage
of Pidata is that external forcings do not influence them. The externally forced climate change inevitably influences ICV
estimates; as discussed above, an ICV decrease has been projected for warmer climates. So, when the focus is on future climate
simulations, the estimates involving scenario simulations should be used, as they already account for the influence of
anthropogenic forcings on ICV. Regarding the ICV estimates from the observational data, their advantage lies in considering
climate history, free of modelling uncertainty. Historical simulations from CMIP6 and SMILE also include the influence of
historical climate change and yield comparable ICV estimates to the observational data. The ICV estimate based on the HS09
method for the whole analysis period (1971-2099) could be of particular interest, as it combines both historical and scenario

forcings. Its ENSMEAN estimates represent intermediate values compared with the other ICV estimate presented here.
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Code and data availability

Computation codes are available on request from the main author, Herijaona Hani-Roge Hundilida Randriatsara.

GISTEMP dataset is freely available at https://psl.noaa.gov/data/gridded/data.gistemp.html. The CHIRPS v2.0 data is
available at https://psl.noaa.gov/data/gridded/data.20thC_ReanV3.html. Berkeley is available at
https://berkeleyearth.org/data/. CMIP6 datasets are https:/esgf-metagrid.cloud.dkrz.de/search/cmip6-dkrz/ and SMILE MPI-
ESM is available at https://rda.ucar.edu/datasets/d651014/dataaccess/.
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