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Summary

Global warming entails not only an increase in mean surface temperature, but widespread
changes across all components and scales of the climate system. To understand these changes,
it is necessary to consider the fluctuations around the mean and the distributions of climate
variables, that is, their variability. How this variability depends on the mean climate state and
evolves during periods of warming remains, in many respects, unclear. For regional surface
temperature variability, models and observations provide conflicting evidence on decadal and
longer timescales that suggests that models likely underestimate variability.

Here, we investigate how the variability of surface climate depends on the timescale and mean
climate state. To this end, we examine the moments — standard deviation, skewness and kurtosis
— of the distributions of surface temperature and precipitation, as well as their power spectra.
We use an ensemble of transient simulations of the last 23, 000 years, from the Last Glacial
Maximum (LGM) to present-day to analyze the influence of forcings and model complexity on
simulated variability. This ensemble thus covers Earth’s most recent warming episode, the Last
Deglaciation, during which Earth’s global mean surface temperature warmed by about 4–7◦C.
We compare the variability in the Deglacial ensemble to that found in projections of possible
future warming, as well as to reconstructions, reanalyses and direct observations.

Surface climate variability depends on timescale and background state. Annual to millennial
variability is enhanced during the transitionary Deglaciation with respect to the quasi-stationary
LGM and Holocene. For surface temperature, we find larger variability during the LGM than
the Holocene, but the difference is smaller than in observations. For precipitation, the opposite
holds, as variability is smaller during the LGM. There are large inter-model differences in skew-
ness and kurtosis for both temperature and precipitation in the Deglacial ensemble and future
projections, suggesting considerable uncertainty in the simulation of extreme conditions.

We differentiate the Deglacial simulations based on the complexity of the underlying model,
from a two-dimensional Energy Balance Model (EBM) and Earth System Models of Interme-
diate Complexity (EMICs), to General Circulation (GCMs) and Earth System Models (ESMs).
GCMs and ESMs demonstrate complex patterns of surface climate variability in space and time
that change with the background state. EMICs, on the other hand, display less variability and
more homogeneous patterns, while the EBM simulates at times extreme excursions in vari-
ability. Comparison to observational records shows that the complexity of GCMs and ESMs
is necessary to adequately simulate variability. Beyond that, boundary conditions and applied
forcings become more relevant. Variations in ice sheets, meltwater routing and volcanism affect
variability on all examined timescales, from annual to millennial. The inclusion of transient
volcanic forcing narrows the gap between simulated and reconstructed variability.

Overall, our results demonstrate that the ability of models to simulate variability of surface
climate depends on model complexity, forcing protocol and boundary conditions. We identify
requirements for simulating adequate levels of variability, from transient volcanic forcing to a
minimal model complexity.
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Zusammenfassung

Die globale Erwärmung hat nicht nur einen Anstieg der mittleren Oberflächentemperatur zur
Folge, sondern auch weitreichende Veränderungen in allen Komponenten und auf allen Skalen
des Klimasystems. Um diese zu verstehen, ist es notwendig die Fluktuationen um den Mittel-
wert und die Verteilungen von Klimavariablen zu verstehen, das heißt ihre Variabilität. Wie
diese Variabilität vom mittleren Klimazustand abhängt und sich in Zeiten globaler Erwärmung
entwickelt, ist in vielerlei Hinsicht unklar. In Hinblick auf die regionale Variabilität der Ober-
flächentemperatur widersprechen sich Modelle und Beobachtungen auf dekadischen und län-
geren Zeitskalen, da Modelle Variabilität wahrscheinlich unterschätzen.

Hier untersuchen wir, wie die Variabilität des Oberflächenklimas von Zeitskalen und dem mit-
tlerem Klimazustand abhängt. Dazu betrachten wir die Momente — Standardabweichung,
Schiefe und Wölbung — der Verteilungen von Oberflächentemperatur und Niederschlag, sowie
ihre Leistungsdichtespektren. Wir verwenden ein Ensemble transienter Simulationen der letzten
23, 000 Jahre, vom letzten Glazialen Maximum (LGM) bis heute, um die Auswirkungen von
Antriebskräften und Modellkomplexität auf die simulierte Variabilität zu analysieren. Dieses
Ensemble deckt die letzte Erwärmung der Erde ab, die letzte Deglaziation, während der sich
die globale Oberflächentemperatur der Erde um 4–7◦C erhöht hat. Wir vergleichen die Variabil-
ität des deglazialen Ensembles mit Projektionen möglicher zukünftiger Erwärmung, sowie mit
Rekonstruktionen, Reanalysen und direkten Beobachtungen.

Die Variabilität des Oberflächenklimas hängt von Zeitskala und mittlerem Zustand ab. Jährliche
bis tausendjährige Variabilität ist in der Übergangsphase Deglaziation im Vergleich zum quasi-
stationären LGM und Holozän erhöht. Für Oberflächentemperatur finden wir größere Variabil-
ität während des LGMs als im Holozän, aber der Unterschied ist kleiner als in Rekonstruktio-
nen. Für Niederschlag trifft das Gegenteil zu. Es gibt große modellübergreifende Unterschiede
in Schiefe und Wölbung für Temperatur und Niederschlag in Deglaziation und in Zukunftspro-
jektionen, was auf beträchtliche Unsicherheit in der Simulation von Extremen hindeutet.

Wir unterscheiden die Simulationen der Deglaziation nach der Komplexität des zugrundeliegen-
den Modells, von einem zweidimensionalen Energiebilanzmodell (EBM) und Erdsystemmod-
ellen mittlerer Komplexität (EMICs) zu Globalen Zirkulationsmodellen (GCMs) und Erdsys-
temmodellen (ESMs). GCMs und ESMs zeigen vom mittleren Klima abhängende, komplexe
räumliche und zeitliche Muster in der Variabilität des Oberflächenklimas. EMICs simulieren
geringere Variabilität und homogenere Muster, während das EBM bisweilen extreme Exkursio-
nen simuliert. Ein Vergleich zu Beobachtungsdaten zeigt, dass die Komplexität der GCMs und
ESMs zur Simulation hinreichender Variabilität notwendig ist. Darüber hinaus werden Randbe-
dingungen und Antriebskräfte wichtiger. Variationen in Eisschilden, Schmelzwasser und Vulka-
nismus beeinflussen Variabilität auf allen untersuchten Zeitskalen. Eine transiente vulkanische
Antriebskraft verringert die Lücke zwischen simulierter und rekonstruierter Variabilität.

Insgesamt zeigen unsere Resultate, dass die Fähigkeit von Modellen die Variabilität des Ober-
flächenklimas zu simulieren, von deren Komplexität, verwendeten Antriebskräften und Randbe-
dingungen abhängt. Wir identifizieren Voraussetzungen zur Simulation ausreichender Variabil-
ität, von transienter vulkanischer Antriebskraft zu einer minimalen Modellkomplexität.
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1 Introduction

Earth’s climate is an intricate system, its elements interconnected, interacting and constantly
changing. As a result, even subtle changes in one part can reverberate far beyond their place
and time of origin. The incoming radiation from the Sun, which is modified by the Earth’s
orbital configuration, tectonic shifts and volcanic activity drive the complex climatic history of
Earth (Fig. 1.1). Taking global mean surface temperature (GMST) as an indicator1, this history
includes climates warmer than today, for example around the Paleocene-Eocene thermal maxi-
mum roughly 55 Myr ago, as well as colder climates (Marshall and Plumb, 2008; Zachos et al.,
2008). At the Pliocene–Pleistocene transition about 2.58 Myr ago, the seaway separating North
and South America closed. This marks the beginning of the Quaternary, a period of repeated cy-
cling between glacials and interglacials (Head et al., 2008; Ogg and Pillans, 2008). Around that
time in Earth’s history, about 2.8 Myr ago, the genus homo emerged in East and South Africa
(Dunsworth, 2010; Villmoare et al., 2015). Generally, global mean surface temperatures during
the Quaternary were colder than pre-industrial (PI, 1850–1899) temperatures as Earth’s climate
went through prolonged cooling episodes into glacial states. These cold periods were followed
by rapid warming events and relatively shorter interglacials during which GMST occasionally
exceeded PI levels (Fig. 1.1). Throughout the Quaternary, GMST fluctuated by about 10◦C
and atmospheric carbon dioxide (CO2) ranged from about 170 to 300 parts per million (ppm,
Fig. 1.1, 1.2, Marshall and Plumb, 2008). The anatomically modern human, homo sapiens, then
evolved around 200 kyr ago (Brown et al., 2012; Mounier and Mirazón Lahr, 2019)2.

Within these ranges, climate fluctuated considerably across timescales, for example from the
annual cycle to orbital variations on several ten thousands or even a hundred thousand years
(Franzke et al., 2020; Huybers and Curry, 2006; Mitchell, 1976). For a specific timescale,
climate can then be described as the average conditions, that is the trend or mean, and the fluctu-
ations around it, the variability (Bradley, 2015). The fluctuations around the mean are captured
in the overall shape of the distribution of a climatic parameter like surface temperature (Bradley,
2015). Climate variability usually changes alongside the average conditions (Brown et al., 2017;
Rehfeld et al., 2020; Shao and Ditlevsen, 2016). For example, reconstructions from various cli-
mate archives suggest that global surface temperature variability decreased approximately by
a factor of four between the Last Glacial Maximum (LGM) around 21 kyr ago and the current
interglacial, the Holocene (Rehfeld et al., 2018). However, many questions remain regarding

1The term climate encompasses the whole climate system and all its observables, two of which are surface temper-
ature and precipitation, on which much of this work focuses. GMST provides a commonly used and important
indicator of the climate system’s state that helps differentiate between different periods of Earth’s climatic history.

2An earlier appearance of homo sapiens remains possible (Bergström et al., 2021) as fossils from 350 to 200 kyr
ago are morphologically diverse (Bergström et al., 2021; Hublin et al., 2017; Stringer and Galway-Witham, 2017)
and genetic divergences have been found during this time period as well (Schlebusch et al., 2017).
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Introduction

Figure 1.1: Reconstructed, observed and projected climate history of Earth spanning the last
65 Myr as captured by the global mean surface temperature (GMST) anomaly to
pre-industrial (PI, 1850–1899 CE) levels and atmospheric CO2.
(a) 65–2.56 Myr before present (BP) including the Paleogene and Neogene pe-
riod with temperature data from Hansen et al. (2013) based on the stack by Za-
chos et al. (2008) and CO2 data from the Cenozoic CO2 proxy integration project
(CENCO2PIP) consortium (2023).
(b) Early Quaternary, 2560–30 kyr BP, GMST and CO2 data from panel (a) as well
as GMST reconstructions from Lisiecki and Raymo (2005) and EPICA Dome C
(Jouzel et al., 2007) and reconstructed CO2 from EPICA Dome C (Bazin et al.,
2013; Bereiter et al., 2015; Monnin et al., 2001; Schwander et al., 2001).
(c) Last Glacial Maximum (LGM) to PI, 30 kyr BP – 1850 CE. Added to the GMST
and CO2 reconstructions from EPICA Dome C are temperature records from NGRIP
(Andersen et al., 2004), the LGM reanalysis (Osman et al., 2021) and an MPI-ESM
simulation (Kapsch et al., 2022, 2021, r7 in P3), as well as the CO2 reconstruction
by Köhler et al. (2017). The EPICA and NGRIP proxy records for local temperature
were scaled according to GMST= 0.5 × Tlocal.
(d) 1850–2300 CE with temperature observations from HadCRUT5 (Morice et al.,
2021), simulated temperatures according to all CMIP6 ensemble members extend-
ing to 2300 CE for low to high emission scenarios SSP 1-1.9, 2-4.5 and 5-8.5 (cf.
Sec. 1.2.1). Observed and projected CO2 forcings according to Meinshausen et al.
(2017).
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Introduction

Figure 1.2: GMST anomaly change with atmospheric CO2 in reconstructions and models. The
anomaly is computed with respect to pre-industrial GMST (1850–1899 CE). Re-
constructions of past CO2 and GMST are from the Cenozoic CO2 proxy integra-
tion project (CENCO2PIP) consortium (2023) and EPICA Dome C (Bazin et al.,
2013; Jouzel et al., 2007; Monnin et al., 2001; Schwander et al., 2001). The proxy
records for local temperature data from EPICA Dome C were scaled to GMST using
GMST= 0.5 × Tlocal and then linearly interpolated to the temporal resolution of the
CO2 record. CO2 after 1900 CE is the compiled observed and projected forcing used
in CMIP6 and the SSP scenarios (Meinshausen et al., 2017). GMST from direct ob-
servations is from HadCRUT5 (Morice et al., 2021) and simulated future GMST is
the ensemble mean of all CMIP6 simulations extending to 2300 CE for three scenar-
ios as in Fig. 1.1 (cf. Sec. 1.2.2, 1.2.1). Individual ensemble members from CMIP6
shown in lighter shading.
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Introduction

the relationship between changes in the mean state and accompanying changes in variability
and how variability depends on timescale and forcings (Franzke et al., 2020). Variability further
varies in space. For Greenland, for example, ice cores suggest a decrease in surface temperature
variability by a factor of 73 between LGM and Holocene, whereas it is only a factor of 1.6–2.8
in the tropics (Rehfeld et al., 2018). Thus, the changes in average climate throughout homo
sapiens’ history were also accompanied by substantial changes in variability.

In the near future, Earth is likely to leave the climate range of the past million years as humans
have emitted about 695±70GtC into the atmosphere between 1850 and 2022 Common Era (CE)
(Friedlingstein et al., 2023). This has lead to a rise in atmospheric CO2 from 286 ppm (Köhler
et al., 2017) in 1850 to 417 ppm in 2022 (Friedlingstein et al., 2023). Atmospheric CO2 levels of
this magnitude last occurred at least 2 Myr ago (Canadell et al., 2021) and emissions continue to
rise (Friedlingstein et al., 2023). As a greenhouse gas (GHG), CO2 absorbs longwave radiation
emitted from Earth’s surface. This radiation gets re-emitted as electrons in the CO2 molecules
return from their excited to their ground state. Since re-emission occurs in all directions with
equal probability, much of this radiation remains in the atmosphere. There it is again absorbed by
other GHGs or reflected back to the surface, reducing the amount of longwave radiation escaping
into space. As the concentrations of GHGs in the atmosphere increase, this effect becomes
stronger, further reducing the amount of outgoing radiation. The resulting change in Earth’s
energy balance has taken Earth to a GMST 1.45 ± 0.12 ◦C above the PI mean (WMO, 2024).
GMST was last at a similar level during the Last Interglacial (130–115 kyr ago, IPCC, 2021d).
It is set to rise further depending on future emissions and human activities, except in the most
ambitious mitigation and adaptation scenarios that employ negative emissions, which remove
CO2 from the atmosphere (IPCC, 2021c). Depending on the eventual emissions pathway, this
could lead to a similar degree of warming by the end of the century as occurred during the Last
Deglaciation (around 19–11 kyr ago), when GMST increased by about 4–7 ◦C (Annan et al.,
2022; Gulev et al., 2021; Osman et al., 2021; Tierney et al., 2020).

Altering the Earth’s energy balance and atmospheric composition affects all major components
of the climate system (Masson-Delmotte et al., 2021). Impacts include the warming of the sur-
face oceans, increasing ocean acidification and deoxygenation, changes in atmospheric circula-
tion and storm systems, as well as changes to various extreme events and the modes of variability
(IPCC, 2021c). The scope of these changes depends on warming levels and thus emission path-
ways (IPCC, 2021c). Variability, too, depends on mean warming and changes in variability have
cascading effects in the climate system. For instance, variability determines the occurrence and
frequency of extreme events (P2, Ionita et al., 2021; Katz and Brown, 1992; Schär et al., 2004;
Simolo and Corti, 2022). Many applications require a reliable representation of variability in
models such as simulated projections of future climate (Deser et al., 2012; Hawkins and Sutton,
2009), impact studies (Calel et al., 2020; Schwarzwald and Lenssen, 2022) and thus mitiga-
tion and adaptation efforts (Lempert et al., 2000). Attribution, too, relies on simulated internal
variability to determine the likelihood of an extreme event not occurring in a world without an-
thropogenic climate change (Harrington et al., 2021; Hegerl and Zwiers, 2011; Van Oldenborgh
et al., 2022). However, the representation of variability in climate models has been called into
question as models are generally found to be too stable (Valdes, 2011) and simulate for exam-
ple too little surface temperature variability in comparison to observations (P2). This holds in

4



1.1 Climate and climate variability

particular for variability on decadal and longer timescales, on which observed and simulated
variability disagree during the instrumental era (Laepple and Huybers, 2014a; Parsons et al.,
2017) and in past climates (Hébert et al., 2022; Laepple and Huybers, 2014b; Rehfeld et al.,
2018). Altogether, projections of future climate (Bethke et al., 2017; Deser et al., 2012) and
impacts (Calel et al., 2020) likely lack variability. As such and in the face of anthropogenic
warming, improving our understanding of variability and its representation in models has taken
on increased urgency.

This thesis therefore presents an investigation of variability with a focus on its representation
in climate models. We explore the dependence of variability on the mean climate state and
timescale, from annual up to multi-millennial (P2, P3, Sec. 3.1.1, 3.1.2). To this end, variability
in various climates is examined, from past climates like the Last Deglaciation (P2, P3) to po-
tential future climate under various emission scenarios (Sec. 3.3). Examining potential reasons
for discrepancies between modeled and observed temperature variability during the Holocene
indicates that models lack variability, as the mismatch cannot be explained by potential sources
of uncertainty in reconstructions and direct observations alone (P2). We expand the compari-
son of simulated and observed variability with the Deglacial ensemble (P3, Sec. 3.2). While
investigating possible reasons for the lack of simulated variability, we examine the impact of
forcings and forcing protocols and simulated variability (P1, P3, Sec. 1.1.2). As variability
differs considerably between models and long transient simulations with state-of-the-art models
require considerable computational resources, we explore variability in models of varying com-
plexity to identify a minimal complexity needed for the representation of variability (P1, P3,
Sec. 3.1.4). Lastly, we compare variability under past Deglacial warming to that under potential
future warming for low to high emission scenarios (Sec. 3.3).

Earth’s climate varies on all scales in space and time, from the hours necessary to form con-
vection cells to the hundreds of millennia over which plate tectonics rearranges Earth’s surface,
from the scale of molecules absorbing radiation to the whole planet. As such, variability can be
observed in all components of the climate system (Sec. 1.1.1). It arises both in response to exter-
nal forcings (Sec. 1.1.2) and internal dynamics (Sec. 1.1.1). While variability has changed and
will continue to change throughout the history of Earth’s climate, much less is known about its
evolution than that of the mean climate (Sec. 1.1.3). The analyses focus on climate model sim-
ulations (Sec. 1.2.1), but also draw on data from observations and reanalyses (Sec. 1.2.2). Here,
we investigate variability using power spectra (Sec. 1.3.2) and the moments of the distributions
(Sec. 1.3.1) of surface climate variables.

1.1 Climate and climate variability

The climate system is a complex dynamical system of interacting nonlinear and multi-scale pro-
cesses and components. Continuously driven by the incoming radiation from the Sun, which
depends on the strength of solar radiation and Earth’s position in the Sun’s orbit, tectonic pro-
cesses and internal dynamics, it is an open and dissipative system. Its state, the climate3 can

3Climate is often used more specifically to refer to aggregate weather, that is the long-term — commonly 30yr —
mean and variability of meteorological variables.
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1.1 Climate and climate variability

Figure 1.3: Compartments (black), forcings (orange) and processes (pink) in the climate system.
Figure adapted from Ellerhoff (2023), courtesy of Beatrice Ellerhoff.

be described by various observables like surface temperature or precipitation, which evolve in
time. The climate of a certain period and timescale is then the average state of the climate
system as characterized by the averages of climatic variables and their variability. Often mean
climate states refer to periods of relatively stable GMST. However, this purported stability can
hide considerable variations, for example regionally or in other variables and components of the
climate system not reflected in GMST changes.

1.1.1 Internal variability of the climate system

The climate system is generally described as consisting of five interacting, connected and over-
lapping compartments: atmosphere, hydrosphere, cryosphere, lithosphere and biosphere (Fig.
1.3). The atmosphere is the gaseous envelope of Earth kept in place by gravity. It is quick
to react to disturbances and provides the fastest connection between geographically distant re-
gions (Hartmann, 2016). Weather patterns, for example, develop on hourly to daily timescales
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(Baede et al., 2002). Its presence and composition maintain temperatures suitable for life and
the presence of liquid water (Hartmann, 2016). The composition of the atmosphere has changed
considerably throughout Earth’s history. Today, dry air contains mostly molecular nitrogen (N2

at 78% volume mixing ratio), oxygen (O2, 21%) and argon (Ar, 1%, Hartmann, 2016). These
barely interact with incoming solar radiation and not at all with outgoing longwave radiation
emitted from Earth’s surface. As such, they have a limited impact on Earth’s energy balance
(Baede et al., 2002). However, there are numerous trace gases, altogether making up less than
1% of the atmospheric composition. Among them, a number of so-called greenhouse gases
absorb and emit infrared, that is longwave, radiation, most notably water vapor (H2O), CO2,
methane (CH4), nitrous oxide (N2O) and ozone (O3), affecting the energy balance and raising
Earth’s surface temperature as a result (Hartmann, 2016). Some of them can also absorb incom-
ing solar shortwave radiation (Baede et al., 2002). Through this greenhouse effect, increasing
concentrations in GHGs lead to rising temperatures. Warmer temperatures further increase the
atmosphere’s water holding capacity (Hartmann, 2016). As water vapor is the most potent GHG,
this can lead to a positive feedback reinforcing initial warming (Hartmann, 2016). Trends in at-
mospheric temperature change with height, that is in the lowest layer, the troposphere, temper-
ature decreases with height, whereas in the stratosphere above it, the opposite is the case. The
different layers are affected differently by anthropogenic GHG emissions. Warming is generally
observed near the surface and in the troposphere, while the stratosphere has been found to cool
(IPCC, 2021d).

The atmosphere not only plays a critical role in the overall energy balance of Earth, but also in
the transport of heat and moisture. Circulation in the atmosphere works to reduce the meridional
temperature gradient resulting from the latitudinal and seasonal patterns of incoming solar radi-
ation, as well as the temperature gradients with altitude. This redistribution of energy happens
from scales as small as millimeters to tens of thousand of kilometers (Hartmann, 2016). Thun-
derstorms and other relatively small-scale phenomena tend to transport energy upward, while
large-scale phenomena like extra-tropical cyclones carries heat, momentum and energy from
the tropics towards the poles (Hartmann, 2016). Circulation patterns get affected by many fac-
tors like differences in surface properties, instabilities or Earth’s rotation. As dampening due to
friction is low, energy can get transferred across scales as instabilities get amplified non-linearly
(Hartmann, 2016). In particular in the mid-latitudes, atmospheric circulation patterns vary on
timescales of hours to seasons and dominate surface temperature and precipitation variability on
these timescales (Hartmann, 2016).

The hydrosphere comprises all surface and sub-surface liquid water. The oceans dominate
Earth as they contain about 97% of all water on Earth and cover about 71% of its surface (Hart-
mann, 2016). Through evaporation at their surfaces they act as a source of moisture in the
hydrological cycle. Most of the remaining water, at 2.2% is frozen and considered part of the
cryosphere, with a further 0.7% available as groundwater, 0.013% stored as soil moisture and
about the same amount found in rivers and lakes (Hartmann, 2016). Only about 0.0009% of
all water is in the atmosphere (Hartmann, 2016). The transport of heat and nutrients is deter-
mined by density differences due to temperature and salinity, that is the amount of dissolved
salts like chloride, sodium or calcium (Hartmann, 2016). At the top of the ocean, there is a
well-mixed surface layer of near constant temperature, the depth of which can change during
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the year (Hartmann, 2016). Below the mixed layer, temperature decreases with depth until close
to the freezing point of ocean water in the thermocline (Hartmann, 2016). The deep ocean be-
low the thermocline is characterized by roughly uniform temperatures (Hartmann, 2016). While
the mixed layer responds to disturbances on timescales from days to months, the thermocline
takes years to centuries and the deep ocean decades/centuries to multiple millennia (Marshall
and Plumb, 2008; Ruddiman, 2008). The mixed layer integrates small variations such that sea
surface temperature variability increases with timescale (Hasselmann, 1976). The oceans play
a crucial role as a reservoir of heat and carbon, buffering much of the anthropogenic carbon
emissions as they have taken up about 91% of the excess heat and carbon (IPCC, 2021d). This
has led to a warming of the surface ocean, increased stratification of the surface ocean, ocean
acidification and ocean deoxygenation, impacting ecosystems like coral reefs (IPCC, 2021c).

As for the atmosphere, circulation patterns in the ocean contribute to climate variability across
timescales. On sub-annual scales, eddy transport likely drives temperature variability (Klavans
et al., 2017). The North Atlantic and the North Pacific, on the other hand, are major drivers
of Northern Hemisphere temperature variability on multidecadal timescales (Steinman et al.,
2015). One of the largest sources of oceanic variability, mostly on centennial scales, is The
Atlantic Meridional Overturning Circulation (AMOC) (Bakker et al., 2022; Knight et al., 2005).
Driven by temperature and density differences, the upper ocean layers transport relatively fresh,
warm water poleward with a compensating southward flow of colder, saltier water in the deep
Atlantic ocean. The AMOC thus contributes to the thermohaline circulation in the ocean. Its re-
organization has been linked to abrupt millennial warming events during glacials, as the AMOC
cycled through periods of lessened and heightened activity (Sévellec and Fedorov, 2015).

The cryosphere covers all ice, that includes the ice sheets, ice shelves, sea ice, glaciers and
permafrost (Goosse et al., 2010a). Despite making up only 2% of all water available on Earth, it
is the largest freshwater reserve, as it contains 80% of all freshwater (Hartmann, 2016). Most of
it makes up the ice sheets covering Antarctica (89%) and Greenland (8.6%) (Hartmann, 2016).
Their growth during glacial periods and shrinking when the climate warms influences sea level
and salinity and thus ocean circulation. They further impact Earth’s radiative balance through
their high albedo, which results in ice covered areas reflecting more sunlight. Thus, the larger
the surface area that ice covers the more it alters the surface energy balance and contributes to
decreasing surface temperatures. Melting ice, on the other hand, creates a positive feedback
loop, as the darker land revealed by melting ice absorbs more energy (Goosse et al., 2018).
Converted into heat, the resulting warming further promotes ice melting (ice-albedo feedback)
(Goosse et al., 2018). Sea ice further insulates seawater from atmosphere above, restricting the
exchange of heat, mass, momentum and chemical components between ocean and atmosphere
(Divine and Dick, 2006; Hartmann, 2016). Within the cryosphere, sea ice responds fastest to
changes, on timescales of weeks to years (Bradley, 2015; Marshall and Plumb, 2008; Ruddiman,
2008). The characteristic timescales of mountain glaciers, on the other hand, range from decadal
to centennial and those of land ice stretch from centennial to tens or hundreds of thousands of
years (Bradley, 2015; Marshall and Plumb, 2008; Ruddiman, 2008). As a result of current
anthropogenic warming, glaciers are expected to melt for decades or even centuries to come
(IPCC, 2021d).

Changes in the cryosphere add substantial variability to the climate system. As sea ice cover
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decreases, so does daily to multi-decadal temperature variability (Collow et al., 2019; Dai and
Deng, 2021; Huntingford et al., 2013). This decrease implies a narrowing of the probability
distribution, which further results in a reduction in the frequency and amplitude of both cold and
warm extremes (Collow et al., 2019; Dai and Deng, 2021). (Olonscheck et al., 2021) paint a
more nuanced picture, their results showing an initial increase in interannual temperature vari-
ability in higher latitudes as seasonal variations in sea ice become more pronounced. Once sea
ice disappears throughout the year, though, they, too, find decreasing variability. In many ar-
eas, except the Arctic, simulations have further shown that the decrease in sea ice variability is
proportional to that of mean sea ice volume and area (Olonscheck and Notz, 2017). As the sea
ice disappears, the meridional temperature gradient weakens, which might explain the resulting
reduction in variability with warming (Collow et al., 2019; Ellerhoff et al., 2022; Huntingford
et al., 2013). This connection between sea ice and atmospheric temperature variability runs both
ways, as temperature variability is also the dominant driver of sea ice variability (Olonscheck
et al., 2019).

The lithosphere is the uttermost layer of rocks of Planet Earth. As such it comprises the oceanic
and continental crust as well as Earth’s upper mantle. The continental land surface covers 29%
of Earth’s surface, but its configuration and topography are crucial in determining climate on
Earth (Hartmann, 2016; Stocker, 2011). In its current configuration, 68% of the land mass is
in the northern hemisphere, influencing among others circulation patterns in atmosphere and
ocean (Hartmann, 2016). Incoming solar radiation gets partially reflected at the land surface,
depending on the local albedo of the surface and partially heats the surface. The land surface
itself then emits longwave radiation into the atmosphere. While changes spread within hours
to months on the land surface (Ruddiman, 2008), many processes of the lithosphere have far
longer characteristic timescales. For example, the weathering of rocks, a major player in the
carbon cycle, unfolds its influence on timescales of tens of thousands of years to multi-millennia
(Bradley, 2015; Marshall and Plumb, 2008).

All living organisms form the biosphere, including the vegetation and organisms on land and
in the oceans. Vegetation, in particular, modifies the albedo of the surface and plays a major
role in the hydrological and carbon cycles. Characteristic timescales of vegetation, as well as
the biosphere overall, cover a wide range, as vegetation can react to extreme conditions within
hours or days whereas the evolution of new species can take multiple millennia (Bradley, 2015;
Marshall and Plumb, 2008; Ruddiman, 2008).

All these compartments are complex in their own rights and interact with each other. For ex-
ample, atmosphere and ocean exchange gases, momentum and heat at the ocean’s surface, the
availability of soil moisture is crucial for vegetation, and the flow of freshwater into the oceans
as ice sheets melt modifies ocean circulation patterns. The interactions of the processes within
and between the compartments, often non-linear in nature, introduce substantial variability into
the climate system across all temporal and spatial scales (Ghil, 2002).

A notable expression of this so-called internal variability are the modes of variability. These
are recurring patterns of climate variability in space and time (IPCC, 2021a). Among them is for
example the El-Niño Southern Oscillation (ENSO) in the Pacific: it is a coupled oceanic (EN)
and atmospheric (SO) mode that dominates interannual variability. Its effects are strongest in the
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tropics, but it affects global climate. Two phases exist that it cycles through with semi-regularity
every 2–7 yrs. El-Niño is a phase of warm sea surface temperatures in the eastern equatorial
Pacific, which turn colder than usual during the La Niña phase. In the atmosphere, corresponding
patterns of surface pressure exist, which affects winds and rainfall. Further modes of variability
are for example the North Atlantic Oscillation (NAO) and the Northern and Southern Annular
Modes. The modes of variability show a clear co-varying structure in space, which varies in time
without an external driving force (Braconnot et al., 2012). For surface temperatures, increasing
internal variability has been linked to stronger covariance between temperatures across larger
regions as modes of variability, for example, have an intrinsic spatial structure (Bakker et al.,
2022; PAGES2k-PMIP3 group, 2015). On the other hand, an increase in local internal variability
might also disrupt such teleconnections. The modes additionally change with the mean state
(Brown et al., 2017; Rehfeld et al., 2020).

While variability can thus be generated internally in the climate system (internal variability), it
can also be driven externally (externally-forced variability).

1.1.2 Drivers of climate variability

The climate system is continuously driven by external forces. Among them is the pattern of
incoming insolation, which depends both on the strength of solar irradiation and Earth’s orbit
relative to the Sun. Additionally, processes within Earth’s core lead among others to volcanic
activity and the tectonic processes that rearrange Earth’s surface.

Volcanic activity directly affects climate as an eruption catapults various gases and ash into the
stratosphere (Timmreck, 2012). For the climatic response gases containing sulfur are particu-
larly relevant. Turned into sulfate aerosols they scatter short- and absorb longwave radiation,
leading to an overall decrease of solar radiation reaching the Earth’s surface (Hopcroft et al.,
2018; Timmreck, 2012). This leads to a cooling of surface temperatures that persists for several
years (Lovejoy and Varotsos, 2016; Schurer et al., 2014; Swingedouw et al., 2015; Timmreck,
2012). For repeated or particularly strong volcanic eruptions, this cooling can persist for decades
(Berdahl and Robock, 2013; Timmreck, 2012). Besides the strength of an eruption, its timing
and location determine its climatic impacts (Stevenson et al., 2017; Timmreck, 2012). Tropical
eruptions, for example, likely affect both hemispheres unlike those in mid- and high latitudes
(Timmreck, 2012) and their effects depend on the eruption season (Toohey et al., 2011).

Further impacts can be observed across the climate system, as volcanic eruptions disrupt the
hydrological cycle (Liu et al., 2016; Stevenson et al., 2017; Trenberth and Dai, 2007), generally
reducing precipitation (Gu and Adler, 2011; Iles and Hegerl, 2014, 2015), affect the cryosphere
(Berdahl and Robock, 2013; Zanchettin et al., 2013) and influence atmosphere (Robock and
Mao, 1992; Santer et al., 2015; Stevenson et al., 2017), as well as ocean dynamics and circula-
tion patterns (Ding et al., 2014; Swingedouw et al., 2015; Zanchettin et al., 2013). Through feed-
backs and internal dynamics, perturbations can remain beyond the residence time of the aerosols
in the atmosphere, as salinity anomalies or sea ice can build up leading to persistent cool sum-
mers and temperature anomalies in the deep ocean that can endure up to centennial timescales
(Berdahl and Robock, 2013; Ding et al., 2014; Miller et al., 2012; Swingedouw et al., 2015;
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Timmreck, 2012). However, there is a large spread in simulated responses to volcanic forcings
(Swingedouw et al., 2017; Zanchettin et al., 2016). Additionally, the effects of volcanic forcing
on decadal and longer timescales are uncertain due to a lack of longterm observational records
and large inter-model differences (Swingedouw et al., 2017; Timmreck, 2012; Zanchettin et al.,
2016).

Impacts of volcanic activity on variability can also be observed across timescales, from daily
(Wang et al., 2021) to annual (Bethke et al., 2017; Schurer et al., 2014) and interannual (Le et al.,
2016), up to decadal (Bethke et al., 2017; Hegerl and Zwiers, 2011; Hegerl et al., 2007; Schurer
et al., 2014) and multidecadal timescales (Otterå et al., 2010; Schurer et al., 2014). For daily
timescales these impacts include changes to surface temperature and precipitation extremes, as
eruptions generally lead to less hot or wet extremes and more cold extremes, but with regional
differences (Wang et al., 2021). Impacts on the longer timescales have been confirmed for both
strong (Timmreck, 2012) and weak (Ellerhoff et al., 2022) volcanic forcing as short-term effects
are integrated by non-linear feedbacks to longer timescales. During Glacials, volcanic forcing
has even been suggested as a driver of millennial variability (Baldini et al., 2015). Changes in
atmospheric (Lehner et al., 2016; Maher et al., 2015; Swingedouw et al., 2017; Zanchettin et al.,
2015) and oceanic modes (Swingedouw et al., 2015) further highlight volcanism’s significance
for climate variability.

There is some evidence that the climate’s response to volcanic eruption can depend on the mean
climate state at the time of eruption (Hopcroft et al., 2018; Muthers et al., 2015; Timmreck,
2012). This holds for the surface temperature response to volcanic forcing, which shows a de-
pendence on the initial state, especially that of the ocean, at the time of eruption (Zanchettin
et al., 2013). Fasullo et al. (2017) found the cooling response to the 1815 Tambora eruption
enhanced when applying that eruption in a simulation of a warmer future climate. Simula-
tions of the same eruption by Hopcroft et al. (2018) showed the opposite with reduced cool-
ing in a warmer future, confirming the uncertainties in simulated responses to volcanic forcing
(Zanchettin et al., 2016). For surface temperature variability, Ellerhoff et al. (2022) found no
state-dependency globally. Locally, they found only modest differences, mostly on interannual
scales and towards higher latitudes. A state-dependent response to volcanic forcing has further
been found for several components of the climate system, e.g., sea ice (Berdahl and Robock,
2013; Zanchettin et al., 2013), stratospheric ozone (Muthers et al., 2015), as well as atmosphere
(Muthers et al., 2015) and ocean dynamics (Swingedouw et al., 2015; Zanchettin et al., 2013).

The inclusion of volcanic forcing thus has widespread consequences across states. However,
it is often misrepresented, e.g., assumed to be constant, when simulating past or future cli-
mates, largely due to uncertainty in reconstructions (Ellerhoff et al., 2022; Kageyama et al.,
2018; O’Neill et al., 2016). However, along with the inclusion of time-varying solar irradiance,
volcanic forcing reduces model-reconstruction mismatches between LGM and PI simulations
(Ellerhoff et al., 2022). Additionally, volcanic forcing adds significant variability on interannual
to decadal scales in projections of future climate, suggesting that variability is underestimated
in projections without volcanic forcing (Bethke et al., 2017).

Simplified, variations in incoming solar radiation can be described as a solar constant with an
11yr-cycle and can be described as such in models. In fact, the intensity of incoming radiation
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has increased by about 30% throughout Earth’s history (Hartmann, 2016) such that the total so-
lar irradiance at the top of the atmosphere today is 1361 W/m2 (Wild et al., 2013). Both direct
observations and reconstructions show that the strength of irradiation varies across timescales,
from minutes to the order of 109 yr (Goosse et al., 2010a; IPCC, 2021b; Marshall and Plumb,
2008). On decadal timescales, a cycle in the Sun’s activity with an average length of 11 years
is associated with the increase and waning of the amount of sunspots4. As a result, the solar ir-
radiation varies by about 0.08% over one cycle (Bradley, 2015). Based on reconstructions from
fossils, this cycle is thought to have existed for at least the past 300 Myr (Luthardt and Rößler,
2017). Various longer additional cycles in solar activity have been proposed, but longer term
changes in solar irradiation remain poorly understood (Luthardt and Rößler, 2017; Marshall and
Plumb, 2008; Ruddiman, 2008). However, including realistic solar forcing in simulations in-
creases surface temperature variability from annual to multi-decadal timescales (Ellerhoff et al.,
2022).

The Earth’s orbital configuration can be described by its eccentricity, obliquity, and precession.
These determine the seasonal and meridional distribution of solar radiation and change over time
according to so-called Milankovitch cycles. Expanding the equations describing them yields the
dominant periodicities of these cycles (e.g., Berger, 1978; Laskar et al., 2004). Eccentricity
describes the elliptical shape of the orbit around the Sun, resulting from the gravitational force
of the other planets of the Solar System on Earth. The orbits elliptical shape causes the distance
between the Earth and Sun to vary throughout the year. This affects the intensity of the seasons
as Earth receives relatively more radiation when closer to the Sun (Bradley, 2015). As the orbit
is only slightly elliptical and the distance between Earth and Sun differs only by about 3% of
the mean throughout the year, the effect on the received radiation is small (Marshall and Plumb,
2008). For eccentricity, the dominant cycles are a quasi-periodic one of about 100 kyr, the
result of four cycles of similar strength with periodicities between 95 and 131 kyr, and another
with a periodicity of about 400 kyr (Marshall and Plumb, 2008; Ruddiman, 2008). As a result,
eccentricity varies between close to a circle to slightly elliptical. At present, it is at the lower
end of this range and further decreasing and thus becoming less elliptical (Ruddiman, 2008).

Additionally, the position of perihelion changes with a period of about 21.7 kyr as a result of
climatic precession (Bradley, 2015). Climatic precession describes the combined effect of the
precession of Earth’s axis and the precession of Earth’s orbit, which change the timing of the
perihelion relative to the equinoxes (Bradley, 2015). Earth’s axis precesses like a top. This
change in the orientation of the rotation axis relative to fixed stars causes the time between sol-
stices to be about 20 minutes less than a full orbit around the Sun (Britannica, 2024). After about
26 kyr this adds up to a full year, completing one cycle (North and Kim, 2017). Earth’s orbit,
too, precesses such that the major axis of the orbit rotates around the Sun, thus also changing
the position of the perihelion. At present, Earth is closest to the Sun in early January, such that
radiation is enhanced during the Northern Hemisphere winter and Southern Hemisphere sum-
mer, leading to an enhanced (subdued) seasonal contrast in the Southern (Northern) Hemisphere

4The sun spots are a result of changes in the magnetic field of the Sun, which actually exhibit a cycle of about
22 yr length (Babcock, 1961; Leighton, 1969). This is because the poles of the magnetic field switch about every
11 yr. For those 11 yr, the difference in rotation speed between the Sun’s equator and poles deforms the magnetic
field and creates more and more sunspots. With the switch of the poles, the sunspots become more regular again.
Thus, there is an effective 11 yr cycle in radiation received on Earth.
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(Ruddiman, 2008). Eccentricity modulates precession such that differences due to precession
are larger when eccentricity is large (Bradley, 2015).

Lastly, Earth’s rotation axis is tilted with respect to an axis perpendicular to the orbital plane.
This so-called obliquity can range between 22.1–24.5◦ with a 41 kyr periodicity (North and Kim,
2017). Currently, the tilt is 23.5◦ and decreasing (Ruddiman, 2008). Due to the tilt, seasons
exist and daytime length varies throughout the year. Obliquity has a symmetric effect in both
hemispheres that grows towards higher latitudes: for a larger tilt seasonality increases as the
summer (winter) hemisphere is turned more (less) directly towards the Sun. Overall, changes
in orbit affect the relative seasonal distributions of insolation rather than annual mean insolation
(Bradley, 2015). The influence of the orbital parameters on temperature variability depends on
latitude with obliquity dominant in high, precession in mid- and eccentricity in low latitudes
(Laepple and Lohmann, 2009; Westerhold et al., 2020). The background state further alters how
temperature variability responds to changes in orbit as for example the presence of ice sheets
can amplify the response (Westerhold et al., 2020).

Plate tectonics act on even longer timescales of millions of years and longer (Bradley, 2015).
They change the position of the continents, the closing or opening of ocean straits and up-
lift mountain ranges. Humans have become another driving force, their effects summarized as
anthropogenic forcings. These include, but are not limited to, burning of fossil fuels and the
resulting emission of greenhouse gases and aerosols as well as widespread land use changes.

All other changes in the climate system happen in response to the described forcings and the
non-linear dynamics of the climate system itself. However, due to the complexity of the system,
not all of the natural processes can be included in climate models with their full complexity or
are even understood well enough to reproduce past developments of climate. For example, the
inclusion of a carbon cycle that reproduces reconstructed past changes in atmospheric carbon
has proved challenging (Willeit et al., 2023). Similarly, the dynamic simulation of ice sheets
and their interactions with the climate is complicated (Mikolajewicz et al., 2025; Muntjewerf
et al., 2020). As such, climate models might use further inputs as forcings, like the development
of atmospheric greenhouse gases or ice sheet extent and height over time as further described
in Sec. 1.2.1. Together, the, often non-linear interactions between forcings and the internal
dynamics of the climate system give rise to the mean climate state and its variability and drove
its evolution throughout Earth’s history.

1.1.3 Past to future climate variability

Throughout its 4.55 Gyr history (Brent Dalrymple, 2001; Manhes et al., 1980), Earth and its
climate have undergone massive transformations. Molten and hot at the time of its formation,
Earth subsequently cooled down, developed a magnetic field, and the formation of the Moon
stabilized its axis of rotation (Laskar et al., 1993; Nichols et al., 2024). Earth formed a solid
crust with high volcanic activity, a primordial atmosphere and first reservoirs of liquid water that
eventually would become oceans (Ge et al., 2023; Johnson et al., 2022; Smithies et al., 2021;
Wilde et al., 2001). The evolution of Earth’s surface, atmosphere and oceans eventually allowed
the first forms of life to appear between 4.3 and 3.8 Myr ago (Bell et al., 2015; Dodd et al.,
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2017). Since then, life evolved into more complex forms, species appeared and disappeared,
influenced by Earth’s changing climate and influencing it in turn.

In many respects, conditions on Earth have been drastically different to those during humanity’s
existence for most of Earth’s history (Fig. 1.1, 1.2). The primordial atmosphere was for example
almost devoid of oxygen, something which only changed about 2.4–2.3 Gyr ago with the Great
Oxidation Event, which increased atmospheric oxygen levels such that they were permanently
above 0.001% of today’s level (Gumsley et al., 2017; Ligrone, 2019; Poulton et al., 2021). In a
second oxidation event, atmospheric oxygen levels rose to about 3% 850–540 Myr ago, although
the evolution of atmospheric oxygen levels in between the events remains debated (Ligrone,
2019; Liu et al., 2021; Lyons et al., 2014). Similarly, the current continental configuration has
only been present since about 14 Myr ago (Hartmann, 2016). While some changes, like the slow
movement of the tectonic plates that rearranges and creates continents, happen smoothly, Earth’s
history has also been marked by times of drastic upheaval and abrupt climatic changes.

For most of Earth’s history, its climate was warm enough for Earth to be free of major ice
sheets. Without ice sheets and in a warmer climate, sea level was as much as 170 m higher than
at present (Müller et al., 2008). Atmospheric concentrations of greenhouse gases were elevated,
but do not alone explain reconstructed GMST (Bowen et al., 2015; Marshall and Plumb, 2008;
Poulsen et al., 2015; Wade et al., 2019; Zeebe et al., 2016). Other forcings, feedbacks and
differences in the Earth System contributed to these warm climates, such as continental drift,
silicate rock weathering or a lower atmospheric mass modifying Earth’s energy balance (Chen
et al., 2021; Poulsen et al., 2015; Wade et al., 2019). Among these warmer climates, two states
can be differentiated: warmhouse climates with a GMST about 5◦C warmer than today5 and
hothouse climates, during which GMST was about 10◦C warmer (Westerhold et al., 2020).
Westerhold et al. (2020) found that surface temperature variability was larger during hothouse
than warmhouse climate, largely due to the occurrence of hyperthermals, transient warming
events during which carbon is rapidly released into the atmosphere.

While warm climates dominate Earth’s history, glaciations have repeatedly occurred (Hartmann,
2016; Hoffman et al., 2017; Hofmann and Bindeman, 2023; Young et al., 1998). In particular,
the presence of ice sheets on Earth define the more recent climate history as Earth gradually
cooled since about 50 Myr ago and transitioned into a coolhouse climate, characterized by the
existence of some ice cover mostly around Antarctica (Westerhold et al., 2020). Until about
34 Myr ago ice was still rare, at which point ice sheets started rapidly forming and expanding
in East Antarctica (Lear and Lunt, 2016; Past Interglacials Working Group of PAGES, 2016).
There was significant variability superimposed on the general cooling trend, e.g., due to the
state-dependent response to changes in orbital forcing (Westerhold et al., 2020). As the cooling
persisted, ice sheets eventually appeared also in the Northern Hemisphere about 2.58 Myr ago,
marking the beginning of the ongoing Quaternary period (Fig. 1.1, Westerhold et al., 2020).
The Quaternary is an icehouse climate, characterized by the presence of ice sheets in both hemi-
spheres 6.

5Here, Westerhold et al. (2020) refer to the mean temperature of the current interglacial, the Holocene, which they
calculate to be 14.15◦C, as today’s temperature.

6Depending on the authors, ’greenhouse climates’ is sometimes used to describe any state other than icehouse
climates (e.g., Marshall and Plumb, 2008) or as a summary term for warmhouse and coolhouse climates (Barral
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In an icehouse climate, Earth cycles through glacial and interglacial conditions, which corre-
spond to waxing and waning ice sheets, respectively. During glacials, sea level has been as much
as 120 m lower than today, with ice sheets extending into mid-latitudes (Miller et al., 2020),
whereas sea level during interglacials is similar to today’s (IPCC, 2021b; Past Interglacials
Working Group of PAGES, 2016). At the beginning of the Quaternary, the glacial-interglacial
cycles had a period of about 41 kyr, the same as obliquity (Westerhold et al., 2020). At the mid-
Pleistocene transition between 1.25 and 0.7 Myr ago, a time when ice sheets expanded from one
cycle to the next, this quasi-periodicity transitioned to cycles of roughly 100 kyr length accom-
panied by a higher amplitude in GMST change (Clark et al., 2006; Shackleton and Opdyke,
1973; Westerhold et al., 2020). These match the periodicity of eccentricity. However, while or-
bital changes in insolation pace the cycles (Hays et al., 1976), no change in insolation caused the
transition itself and eccentricity especially is, without amplifying feedbacks, not strong enough
to force the 100 kyr temperature variability (Clark et al., 2006). Besides being stronger in ampli-
tude as a result of more severe glaciations, the 100 kyr cycles are also asymmetric with surface
temperature exhibiting a sawtooth pattern of about 10 kyr of rapid warming followed by gradual
cooling (Brook and Buizert, 2018; Crucifix, 2012; Shackleton and Opdyke, 1973). Glacial con-
ditions were then the most pronounced just before the glacial termination. Temperature were
the coldest temperatures, ice sheet extent the largest ice sheet and CO2 levels at their lowest
(Marshall and Plumb, 2008).

The glacial-interglacial cycles exhibit significant millennial- and sub-millennial-scale variabil-
ity (Crucifix, 2012; Dansgaard et al., 1993; McManus et al., 1999). Prominent among them
are Dansgaard-Oeschger events, which show abrupt warming of 8–15◦C within decades in the
Northern Hemisphere, most prominently Greenland, followed by multiple centuries of slow
cooling (Dansgaard et al., 1993; Grootes et al., 1993; Huber et al., 2006). While many causal
mechanisms have been proposed, a definite explanation remains elusive in the absence of a clear
driving force (Baldini et al., 2015).

From Last Glacial Maximum to the Holocene: the Last Deglaciation

Between 23 and 19 kyr BP, glacial condition of the Last Glacial Period last reached a maxi-
mum (IPCC, 2021b). This time of quasi-equilibrium conditions referred to as the Last Glacial

Maximum (LGM), ice sheet cover was at its largest extent (Clark et al., 2009; Gowan et al.,
2021) and, conversely, global mean sea level at its lowest (IPCC, 2021b; Lambeck et al., 2014;
Yokoyama et al., 2018). At 21 kyr BP global mean sea level was about 130 m lower than at
present (Lambeck et al., 2014). Locally, the timing can differ such that the largest ice sheet
extents and heights in different places occurred between 29 and 16 kyr BP (IPCC, 2021b). Ac-
cording to reconstructions of past surface climate, GMST during the LGM was about 4.5–7.0◦C
lower than at present (Annan et al., 2022; Osman et al., 2021; Shakun and Carlson, 2010; Tier-
ney et al., 2020). Models further suggest drier climate conditions during the LGM in comparison
to today across much of the globe (P3). Such cold and dry glacial conditions were favored by a
decrease in Northern Hemisphere summer insolation due to changes in the orbital configuration.

et al., 2017; Kidder and Worsley, 2010).
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Changes in northern summer insolation, amplified by feedback processes, then triggered the
termination of the LGM and triggered a deglaciation (Clark et al., 2009; Hays et al., 1976).

The Last Deglaciation is the most recent episode of significant global warming and marks the
transition from the Last Glacial to the current interglacial (Annan and Hargreaves, 2013; Gulev
et al., 2021; Osman et al., 2021; Shakun et al., 2012; Tierney et al., 2020). It lasted roughly
from 19 to 10.65 kyr BP. Over the course of the Deglaciation the Laurentide ice sheet over
North America and the Fennoscandian ice sheet over northwestern Eurasia retreated and global
sea levels rose. Atmospheric greenhouse gas concentration increased, with CO2 rising from
about 193 to 271 ppm and methane doubling (Gulev et al., 2021; Köhler et al., 2017). The Last
Deglaciation started in the Northern Hemisphere, where ice sheets began melting around 19 kyr
BP, causing an initial sharp rise in sea levels, followed by near constantly rising sea levels until
the onset of the Deglaciation in the Southern Hemisphere (Clark et al., 2009; Lambeck et al.,
2014). Melting in the Southern Hemisphere, mostly of parts of the West Antarctic ice sheet,
began around 15–14 kyr BP, leading to a period of fast sea level rise by as much as 40 mm

yr during
what is called meltwater pulse 1A (MWP-1A) (Lambeck et al., 2014). Rates of sea level and
warming differed throughout the Deglaciation and were disrupted by abrupt millennial scale
events, especially in the Northern Hemisphere (Lambeck et al., 2014). Such events were the
Bølling-Allerød (14.7 – 12.9 kyr BP) with abrupt warming in the Northern and cooling in the
Southern Hemisphere and the following Younger Dryas (12.9–11.4 kyr BP) a period of marked
cooling in the Northern Hemisphere to almost glacial conditions (Marshall and Plumb, 2008).

There is large uncertainty regarding the evolution of the ice sheets and consequently in meltwater
and sea level (Abe-Ouchi et al., 2015; Lambeck et al., 2014; Stokes et al., 2015). For example,
estimates of the contribution of the melting of the Antarctic ice sheet to global sea level rise vary
between 10 and 3 m (Lambeck et al., 2014; Nakada et al., 2000; Philippon et al., 2006; Pollard
and DeConto, 2009; Whitehouse et al., 2012). This uncertainty carries over to climate model
simulations of the Deglaciation as timing and volume of meltwater releases crucially affect the
evolution of simulated climate (Snoll et al., 2024).

Around 11.7 kyr BP, proxies worldwide indicate a shift from dry, cold glacial conditions to a
warm and wet climate (Walker et al., 2009). As such, this is defined as the beginning of the
Holocene, the current quasi-equilibrium interglacial (Walker et al., 2009). However, significant
ice sheet retreat and sea level rise occurred until about 8.2 kyr BP and continued at smaller rate
until about 2.5 kyr BP (Lambeck et al., 2014). After that, sea level remained approximately con-
stant until 150–100 yr ago (Lambeck et al., 2014). While GMST during the Holocene was com-
paratively stable in comparison to the Deglaciation, this perceived stability masks considerable
regional climate variations like the regional cooling of the Little Ice Age in the North Atlantic
region during the 16th to 19th century or the Saharan Greening, the most recent African Humid
period during the mid-Holocene.

Holocene multi-centennial surface temperature variance is generally smaller than LGM vari-
ance, globally by about a factor of 4, although with large zonal variations (Rehfeld et al., 2018).
In particular, Greenlandic ice cores suggest a decrease in variance by a factor of 73, in contrast
to the tropics, where proxies find a particularly small difference of about 1.6–2.8 (Rehfeld et al.,
2018). Overall, the state-dependency in variability is larger in the Northern than the Southern
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Hemisphere (Rehfeld et al., 2018). Shao and Ditlevsen (2016) similarly find the Holocene to
be more stable than the LGM. LGM temperature variability is also larger than Holocene vari-
ability in equilibrium simulations on interannual scales, but to a lesser extent than suggested by
reconstructions (Rehfeld et al., 2018; Shi et al., 2022). This difference in variability between
the colder LGM and warmer Holocene is not related to external forcings (Prange et al., 2023),
but likely due to a difference in the meridional temperature gradient. This gradient was larger
during the LGM and decreases with warming due to polar amplification and is found to corre-
late with temperature variability (Rehfeld et al., 2018; Shi et al., 2022). Changes in variability
with warming further show a land-ocean contrast as variability generally increases over land,
but decreases over the oceans as mean temperatures rise (Rehfeld et al., 2020).

Present-day climate and future projections

Present-day climate shows a clear, ongoing warming trend, which is projected to continue and
driven by anthropogenic greenhouse gas emissions, in particular of CO2 (IPCC, 2021c). The in-
crease in atmospheric greenhouse gas concentrations and the subsequent increase in GMST and
warming of the troposphere has widespread consequences across all compartments of the cli-
mate system: Sea level is rising, global precipitation increasing, atmospheric circulation patterns
change and the mid-latitude storm tracks for example shift poleward, sea ice and glaciers are re-
treating and vegetation zones are moving (Divine and Dick, 2006; IPCC, 2021c). Additionally,
extreme conditions are changing (Seneviratne et al., 2021). Notably, hot extremes continue to
become more frequent and intense over most land areas, while cold extremes become less fre-
quent and severe (Seneviratne et al., 2021). Across most land areas, the frequency and intensity
of high precipitation events is increasing, while agricultural and ecological droughts are becom-
ing more common in some regions as evapotranspiration increases with warming (Seneviratne
et al., 2021).

Many of these trends are projected to continue in the future. As the increase in atmospheric
greenhouse concentrations is faster than in the reconstructed records of past CO2 variations
(IPCC, 2021c), the resulting warming and many concurrent changes to the climate system occur
faster than in the past climate record. As such, the response of slower components of the climate
system like the deep ocean is lagging behind (IPCC, 2021c). While the response of the climate
system depends on anthropogenic greenhouse gas emissions as well as other anthropogenic
forcings, some changes will continue even if emissions halt and would lead to a halt in GMST
rise (IPCC, 2021d). Especially changes of the oceans and sea ice as well as sea level rise will
continue for centuries to millennia (IPCC, 2021d).

The future evolution of the climate system depends on the eventual emissions pathway. Cli-
mate model simulations therefore assume these future emissions pathways based on possible
socio-economic developments. These scenarios consider not only GHG emissions, but all an-
thropogenic drivers of climate change like land use changes or the emission of aerosols and
chemically reactive gases. To this end, the Shared Socioeconomic Pathways (SSPs) were imple-
mented in CMIP6 and range from low emission pathways compatible with sustainable develop-
ment to the continued emissions of GHG as countries continue to rely on fossil fuels to drive
their economies.
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Current and projected future warming affects variability, the effect of which varies by region
and depends on timescale. Globally, temperature variance is projected to decrease under future
warming from intra-seasonal (Rehfeld et al., 2020) to annual (Rehfeld et al., 2020; Shi et al.,
2024) and decadal timescales (Brown et al., 2017; Rehfeld et al., 2020). However, there is a
land-sea contrast, as variance has been found to increase over land and decrease over the oceans
(Rehfeld et al., 2020). In particular, variance increases with warming over tropical and sub-
tropical land on monthly (Bathiany et al., 2018; Holmes et al., 2016; Shi et al., 2024), annual
(Holmes et al., 2016; Olonscheck et al., 2021; Rehfeld et al., 2020; Shi et al., 2024) and decadal
timescales (Brown et al., 2017; Rehfeld et al., 2020). This has been linked to changes in vegeta-
tion cover and drying soil (Bathiany et al., 2018; Shi et al., 2024), as well as shifts in circulation
pattern (Bathiany et al., 2018) and increased cloud cover (Shi et al., 2024). In the mid- and
high latitudes, on the other hand, temperature variability is projected to decrease under future
warming on monthly (Bathiany et al., 2018), annual (Boer, 2009; Olonscheck et al., 2021; Re-
hfeld et al., 2020) and up to decadal timescales (Rehfeld et al., 2020). Sea ice loss (Bathiany
et al., 2018; Olonscheck et al., 2021) and the reduced meridional temperature gradient (Bathiany
et al., 2018; Holmes et al., 2016) have been suggested as the mechanisms responsible for this
decreasing temperature variability.

For precipitation variability, there is mostly an increase with warming from daily (Pendergrass
et al., 2017) and monthly (Pendergrass et al., 2017; Wetherald, 2009) to annual (Boer, 2009;
Pendergrass et al., 2017; Rehfeld et al., 2020; Wetherald, 2009) and decadal timescales (Boer,
2009; Pendergrass et al., 2017; Rehfeld et al., 2020). This increase is stronger over land areas
(Pendergrass et al., 2017) and happens especially in areas, where mean precipitation increases
as well (Räisänen, 2002; Wetherald, 2009).

For many climatic variables, such as temperature, precipitation, specific humidity or wind fields,
distributions are not normal, as they can be skewed or have heavy or light tails (Perron and Sura,
2013; Ruff and Neelin, 2012; Skelton et al., 2020; Tamarin-Brodsky et al., 2022; Volodin and
Yurova, 2013). The shapes of the tails of distributions especially affect the likelihood of extremes
(McKinnon et al., 2016; Ruff and Neelin, 2012; Simolo and Corti, 2022). Under current and
future warming, changes in the tails of the distributions have been reported in observations
and simulations, e.g., an increasingly strong warm tail under warming in Northern Hemisphere
winter temperatures (Tamarin-Brodsky et al., 2020), but evidence remains mixed (McKinnon
et al., 2016; Skelton et al., 2020; Tamarin-Brodsky et al., 2020).

1.2 Evidence on climate variability

1.2.1 Climate Modeling

Climate models describe the state of the climate system and its evolution in time with equations
following laws of physics and geobiochemistry (Stocker, 2011). However, the large range of
scales, processes and interactions constituting the climate system cannot possibly be resolved or
known in their entirety. As such, models need to make simplifications and approximate the state
of the system numerically at discrete grid points and points in time (Goosse et al., 2010a). Any
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phenomena below the scale of the grid are included using parameterizations. These parameteri-
zations have to be tuned, often such that they produce a realistic present-day 30 yr-climatology,
usually for 1960–1989 CE, with respect to important climate variables (Hourdin et al., 2017).
Different choices about the processes and components included, as well as about sub-grid-scale
parameterizations result in a large variety of models. These can range from 0-dimensional point
models approximating Earth’s global energy balance to Earth System Models (ESMs) that can
resolve 3-dimensional space at high resolutions.

Simple models do not attempt to model the whole climate system and instead focus on simplified
representations of key processes to compute a limited set of variables. Among these are energy
balance and radiative transport models. Energy balance models (EBMs) compute temperature
based on the fluxes of incoming and outgoing radiation. Depending on the spatial dimensions
modeled, they further simulate heat transport to derive the temperature field in space.

Different compartments of the climate system are often modeled separately and the resulting
models then coupled together or run on their own using boundary conditions for input from the
other compartments. Atmosphere and ocean models solve equations of motion in a fluid based
on the conservation of momentum, mass and energy as well as thermodynamic equations for the
evolution of climatic variables. Models use simplified versions of the full equations of motions
called primitive equations. Further equations describe processes such as changes in salinity in
the ocean, while turbulence and clouds are parameterized. To improve the representation of
the climate system, atmosphere models can further include aerosols or atmospheric chemistry,
while ocean models might simulate biogeochemical processes. Land surface models require- at
minimum equations describing the surface moisture, heat balance and snow cover. The spatial
resolution limits the topographic features that can be resolved, resulting in a smoothed land
surface, which is particularly noticeable in mountainous regions.

Coupled together such that they exchange heat, momentum and moisture at certain intervals,
these models form Atmosphere-Ocean General Circulation Models (AOGCMs or often just
GCMs). Usually, an AOGCM also contains an interactive sea ice component, describing the
thermodynamic growth and melting of sea ice cover. State-of-the-art sea ice components further
contain a dynamical component modeling sea ice transport and deformation. Dynamic vegeta-
tion models group vegetation into so-called plant functional types and model their response to
and influence on climate. General circulation models with dynamical vegetation can be referred
to as Atmosphere-Ocean-Vegetation GCMs (AOVGCMs). An ESM can further couple a dy-
namic carbon cycle. While many climate models include ice sheets as a boundary condition, ice
sheet models have been coupled to ESMs and other climate models (e.g., Mikolajewicz et al.,
2025). Many other processes have been investigated and included in climate models besides this
brief overview, such as a dynamic methane cycle (e.g., Kleinen et al., 2020).

While modern climate models can share a common ancestor such that different atmospheric
models share for example the code of their dynamical cores, the implementation of components
and their coupling varies from model to model. As such multi-model ensembles can capture
some of the uncertainty around current knowledge of the climate system. Depending on the rep-
resentation of the compartments, some processes internal to the climate system will be modeled
as boundary conditions. For example, many paleoclimate simulations provide reconstructed
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changes in greenhouse gases, as well as changes in ice sheets, sea level and the land-sea mask
as external forcings to reduce the computational resources required. Another option, for more
resource efficient simulations are models of intermediate complexity (EMICs). These sim-
plify or exclude some of the compartments and can thus allow for longer integrations or large
ensembles sampling the range of internal variability.

Here, we consider simulations from various climate models, which we categorize based on the
complexity of the individual model components due to their relevance for simulated variability.
For atmosphere and ocean models, we evaluate the complexity of the model equations, that is
whether the model uses primitive equations or simplified representations such as a 0D point
model or slab ocean. The complexity of the radiation schemes can vary as well, as models use
a number of bands that cover a range of wavelengths instead of modeling individual absorption
lines in the spectrum of radiation (Hartmann, 2016). As such, the number of bands both for the
shortwave and longwave radiation differs, which we use as an indication of the complexity of
the radiation scheme.

While a thermodynamic component of sea ice evolution is common to all but the most simple
models, dynamic sea ice can be missing, for example in EMICs. And coupled ice-sheet-climate
models remain rare as they significantly increase the computational costs of running a model
(Mikolajewicz et al., 2025). For simulating effects of vegetation prescribed surface types remain
in use, although many models now include a terrestrial carbon cycle, dynamic vegetation or
even a nitrogen cycle. Modeling of individual plant types remains the prerogative of specialized
vegetation models, though. Land surface models differ in particular to how land hydrology is
handled, ranging from single layer bucket models to complex river routing schemes. Lastly,
significant strides have been made regarding the inclusion of natural aerosols and processes of
atmospheric chemistry.

Additionally, the spatial resolution contributes to model complexity and in particular to the
resources required for running a model. This includes the latitudinal and longitudinal extent of
grid boxes, as well as the amount of layers in the atmosphere and ocean. Spatial resolution can
differ a lot, including between different components of a coupled model or regionally within one
compartment. For paleoclimate simulations, spatial resolution tends to be coarse, commonly
varying between T21 and T427 (cf. Table 1.1) at most. In contrast, high resolution global
models can simulate changes even at a scale of kilometers, allowing small scale processes like
convection to be resolved instead of parameterized (Ding et al., 2022; Guichard and Couvreux,
2017; Kendon et al., 2021).

Many studies suggest that various climatic features improve with an increasing horizontal and
vertical resolution. However, degree and regions of improvements vary widely between models.
At times, findings can also be contradictory, as Klavans et al. (2017) and Hack et al. (2006)
find a marginal change or very small decrease in GMST with increasing horizontal resolution,
while Otto-Bliesner et al. (2006) and Kirtman et al. (2012) demonstrate an increase in GMST.
While a broad decrease in sea ice accompanies such an increased GMST (Kirtman et al., 2012),

7In the naming conventions of model resolutions, T stands for triangular and refers to the grid truncation for a
spectral model.
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Table 1.1: Common model resolutions types and their grid definitions (National Center for At-
mospheric Research Staff (Eds), 2017). The side length of the grid boxes are given at
the equator.

Resolution latitude points longitude points grid box side length
[km]

grid box side length
[◦]

T21 32 64 625 5.61
T31 48 96
T42 64 128 310 2.79
T63 96 192 210 1.88
T85 128 256 155 1.39
T106 160 320 125 1.12
T255 256 512 60 0.54

an increasing horizontal resolution has also been found to reduce Arctic sea ice biases in ei-
ther direction as Arctic circulation patterns improve in comparison to observations (Gent et al.,
2010; Hack et al., 2006). Slight to substantial improvements in atmospheric circulation patterns
with increasing resolution have been repeatedly reported (e.g., Collier and Zhang, 2007; Gent
et al., 2010; Hack et al., 2006; Marti et al., 2010; Roeckner et al., 2006). Synoptic-scale phe-
nomena like tropical cyclones improve especially at very high resolutions like T213 (Kobayashi
and Sugi, 2004), but only if vertical resolution is high enough as well (Roeckner et al., 2006).
Similarly, eddy-resolving models show substantial reductions of biases in ocean models (Del-
worth et al., 2012). Linked to improved circulation patterns are improvements in the modes of
variability to various degrees, for example for ENSO (Delworth et al., 2012; Deser et al., 2006;
Guilyardi et al., 2004; Marti et al., 2010) and NAO (Marti et al., 2010).

For daily to decadal timescales, Klavans et al. (2017) find increased temperature variability in
tropical regions, but decreased variability in mid- and high latitudes with increasing horizontal
resolution (T31, T42 and T85) in CCSM3. This results in a decrease in global temperature vari-
ability, except on daily timescales. Decadal sea ice variability has been reported to better match
observations at higher resolutions (Gent et al., 2010). Improvements are by no means universal
(Collier and Zhang, 2007; Hack et al., 2006) and often development of the higher resolution
model versions were accompanied by improvements in various parts and parameterizations of
the model. As such, the degree to which improvements can be linked to changes in resolu-
tion alone and the role of resolution in removing model biases remain uncertain if resolutions
are not high enough to allow previously parameterized sub-grid-scale processes to be resolved.
For long-term transient simulations of paleoclimate, especially, models have to be run at rela-
tively low resolution — usually no more than T42 —, such that most of these improvements
are unlikely to be observed. Overall, we classify models by the complexity of the individual
compartments to analyze how complexity affects simulated variability.

When accounting for mismatches between simulated and actualized anthropogenic forcings, cli-
mate models have in hindsight been very successful in projecting changes in GMST (Hausfather
et al., 2020). Simulated global variability, too, agrees well with observations and reconstruc-
tions from annual to millennial timescales (Askjær et al., 2022; Ellerhoff and Rehfeld, 2021;
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Laepple and Huybers, 2014a; Neukom et al., 2019; Zhu et al., 2019). Regionally, however, sim-
ulated variability is lower than that in reconstructions on decadal and longer timescales (e.g.,
P2, Bühler et al. (2021); Ellerhoff and Rehfeld (2021); Franke et al. (2013); Fredriksen and
Rypdal (2016); Hébert et al. (2022); Ljungqvist et al. (2019)). Models further simulate smaller
changes in variance between LGM and Holocene than found in proxy reconstructions (Rehfeld
et al., 2018). This potential lack of variability in models is compounded by the fact that known
sources of external variability like volcanism are omitted in many simulations of past and future
climate. As a result, it remains unclear to what degree models lack variability and for which
reasons.

To evaluate simulated variability, we use ensembles of the Deglaciation (P3) as well as of the
historical period and potential future pathways (Sec. 3.3. The Deglacial ensemble is described
in detail in P3 and consists of fifteen transient simulations from eight models. All of the sim-
ulations cover at least the Deglaciation and most cover the LGM and run to present-day. The
ensemble includes a simulation from an EBM to investigate the linear response of the climate
system to the employed forcings as well as sensitivity experiments that vary by meltwater pro-
tocol, ice sheet reconstruction and the inclusion of volcanic forcing.

We complement the investigation of variability since the LGM with an analysis of variability
in three future scenarios. These scenarios are from the framework of shared socioeconomic
pathways (SSPs) (O’Neill et al., 2017, 2016) employed in CMIP6 (Eyring et al., 2016) and
the Intergovernmental Panel on Climate Change’s sixth assessment report (IPCC, 2021c). The
framework differentiates five categories of SSPs that vary by mitigation and adaptation require-
ments such that they encompass a variety of pathways such as sustainable development (SSP1)
or fossil-fueled development (SSP5). Within the boundaries established by these categories sev-
eral scenarios of socioeconomic development were created. Based on the scenarios, integrated
assessment models simulated possible future emission and land use changes that would hit cer-
tain targets. Such scenario targets are for example certain longterm forcing levels or the policy
targets of at most 2◦C or preferably 1.5◦C warming by the end of the century set by international
community in the Paris Agreement (O’Neill et al., 2016).

To cover the range of possible future scenarios, we chose three scenarios: SSP5-8.5 exemplifies
the upper end of emission scenarios with a radiative forcing of 8.5 W m−2 by the end of the
century. SSP 2-4.5 is an intermediate forcing scenario that extrapolates historical developments.
Lastly, SSP 1-1.9 represents the lower end of emissions scenarios and would likely be compat-
ible with the 1.5◦C warming limit of the Paris Agreement. As we are interested in changes of
variability, in particular in the long term, we consider only those CMIP6 simulations that run un-
til 2300 CE. This limits the amount of available simulations, especially for SSP 1.1-9 and 2-4.5,
for which only simulations from three configurations of the NASA-GISS model (E2.1-G, E2.2-
G and E2.1-H) are available. These versions differ by the coupled ocean model – GISS Ocean
(G) or Hycom (H) – and by atmospheric resolution – higher in the 2.2 version –, as well as some
related differences in tuning and parameterizations (Kelley et al., 2020; Orbe et al., 2020). For
SSP 5-8.5, runs from six more models are available: CanESM5 (Swart et al., 2019), CESM2-
WACCM (Danabasoglu et al., 2020), IPSL-CM6A-LR (Boucher et al., 2020), MIROC-ES2L
(Hajima et al., 2020), UK ESM 1.0 LL (Sellar et al., 2019, 2020) and MRI-ESM2.0 (Yukimoto
et al., 2019). In addition to the CMIP6 simulations, we analyze variability in the continuations
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according to the three SSP scenarios of the Deglacial MPI-ESM ch4 simulation used in P3

(Kleinen et al., 2021, 2023, 2020).

1.2.2 Observational products

For all but the most recent centuries, knowledge about past climate is reconstructed by proxy as
even the longest record of direct instrumental measurements of surface temperature, the Hadley
Centre Central England Temperature (HadCET) record, only starts in 1659 CE (Parker et al.,
1992). Additionally, global coverage by satellite observations has only started to be available
at times since 1979 (Hartmann, 2016). As such, direct instrumental measurements of Earth’s
climate span only a small fraction of Earth’s history (Bradley, 2015). Instead, tracing Earth’s
climatic history relies on reconstructions of past climate based on various climate archives, like
ice cores, tree rings, lake sediments or speleothems. Climate archives were exposed to past
climatic conditions, which affected their properties. They reflect climate conditions in the form
of measurable proxy properties and can thus be used to reconstruct climatic variables of inter-
est (Bradley, 2015; Evans et al., 2013). Methods for measuring and dating proxies, as well as
converting a proxy property, such as oxygen isotopic composition into a variable like surface
temperature, introduce significant uncertainty in the reconstruction (P2, Anchukaitis and Smer-
don, 2022; Christiansen and Ljungqvist, 2017; Esper et al., 2004). Furthermore, records become
more and more sparse in space and time further back in Earth’s history and archives have limi-
tations with respect to the temporal resolution they can yield (Bradley, 2015; Westerhold et al.,
2020).

For comparison to observation-based products, we use both datasets from the instrumental pe-
riod as well as reconstructions of climate since the LGM. In particular, we use retrospective
analysis (reanalysis) products, which assimilate observations of atmosphere and ocean using
state-of-the art forecasting models. Reanalyses can be differentiated according to the time pe-
riod they cover and thus, the observational data available for assimilation. Slivinski et al. (2019)
distinguish modern from historical reanalysis. Modern reanalysis usually begin at earliest in
1950 CE and make use of upper air and satellite observations available since then. Historical
reanalyses, on the other hand, tend to be at least a century long, using near-surface observations
that cover the whole period. Here, we further use a paleo reanalysis, which assimilated proxy
reconstructions. In all cases, issues can arise due to gaps in coverage and biases in different
observational records.

Our work relies on the following datasets: the LGM reanalysis LGMR by Osman et al. (2021),
which covers the past 24, 000 years, the ERA5 (Hersbach et al., 2023, 2020) and NOAA 20th
century reanalysis v3 (NOAA 20 CR v3), as well as the observational dataset HadCRUT5
(Morice et al., 2021) for comparison to present-day and historical variability. The ERA5 re-
analysis by the ECMWF (Hersbach et al., 2023, 2020) describes the global evolution of the
atmosphere, land surface and ocean waves from 1950–2023 CE at high resolution in space and
time. The reanalysis uses a numerical weather prediction model for medium-range forecasts, IFS
(Integrated Forecast System) model cycle CY41r2, to assimilate various observational datasets,
e.g., ground-based and satellite measurements. This procedure is executed for one control and
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nine perturbed ensemble members. As a historical reanalysis, NOAA 20 CR v3 (Compo et al.,
2011; Slivinski et al., 2019) covers the period 1806–2015 CE. The data assimilation uses only
surface-based observations to constrain simulations with the US National Centers for Environ-
mental Prediction Global Forecast System (NCEP GFS). Here, we use surface temperature and
precipitation of ERA5 and NOAA 20 CR v3 to put the model simulations in the context of
modern climate. Lastly, HadCRUT5 is a dataset that consists of sea surface temperatures mea-
sured from ships and by buoys, as well as near and surface air temperature measurements from
weather stations and covers 1850–2022 CE (Morice et al., 2021). However, there are increasing
gaps in coverage further back in time, especially over and around Antarctica.

1.3 Statistical understanding of climate variability

A description of the climate system in its entirety, that is of its state at a given point in time with
all its processes determining its evolution in time, is impossible. Instead climate science makes
use of statistical methods to describe the state and its evolution in the phase space. Measure-
ments or model experiments sample this phase space of the (simulated) climate system. Any
variable describing the state of the climate system and its evolution, such as surface tempera-
ture or precipitation, can be seen as the result of a random process and itself a random variable
(Chatfield, 2016; Hasselmann, 1976; von Storch and Zwiers, 1999). The sampling of a random
variable yields a probability distribution, describing the probability for the variable to take on
a certain value during the sample period. Conversely, climate data is ordered in time and thus
forms a timeseries.

1.3.1 Statistical description of the shapes of probability distributions

The shape of a climate variable’s probability distribution provides information about the variable
in question and the processes influencing it. Fundamental properties to consider in the analysis
of a probability distribution’s shape are

1. the location, that is the central tendency of the data, measured for example by the mean

µ, the median or the mode,

2. the spread of the distribution, commonly estimated using the variance and its square root
standard deviation σ,

3. the (a)symmetry of the distribution described by its skewness s,

4. the weight of the tails, that is its so-called kurtosis k
′.

Mean, variance, skewness and kurtosis are the first four moments of a distribution (Fig. 1.4)
and described in greater detail in P3. In general, the moments of a distribution describe how
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1.3 Statistical understanding of climate variability

Figure 1.4: Exemplary distributions and accompanying changes in moments: (a) mean, (b) stan-
dard deviation, (c) skewness and (d) kurtosis. Differences in moments for higher
(green) and lower (pink) values relative to each other. Vertical lines indicate changes
in 95% confidence intervals for a two-tailed test. Figure adapted from P3.
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probability mass is distributed. The generalized nth moment µn of a distribution with sample
size N about point A is defined via the expected value of random variable X as:

µ′n = E[(X − A)n] =
1

N

N∑
i=1

(Xi − A)n, (1.1)

where Xi are independent realizations of X.

Variations on that definition exist, by giving a specific point for A, e.g., the origin 0 or the mean.
Table 1.2 summarizes the various definitions and highlights the ones used within this work.

Mean and standard deviation provide a full description for a normal distribution, a special case
of an unimodal, symmetric distribution. Many statistical methods require the data to be normal.
However, various climate variables are locally and regionally non-normal (Franzke et al., 2020;
Perron and Sura, 2013). If normality is violated, higher order moments are necessary to provide
additional information about the shape, in particular about the tails of the distribution. Skewness
is then positive (negative), if the weight of the distribution is shifted towards higher (lower)
values in comparison to a normal distribution, with a long low (high) valued tail (Fig. 1.4c).
As standardized kurtosis is k

′ = 3 for a normal distribution, it is often replaced by the excess

kurtosis k = k
′ − 3 (cf. Filliben and Heckert, 2024), which we will refer to as kurtosis for

simplicity. For a positive (negative) excess kurtosis, the tails of the distribution are heavier
(thinner) than those of a normal distribution (Fig. 1.4d). As many studies rely only on mean
and standard deviation, we will sometimes use higher order moments as a summary term for
skewness and kurtosis in this work.

1.3.2 Frequency components of a timeseries: spectral analysis

A timeseries is the realization of a stochastic process, which can be described as a sequence
of random variables X(t) at points in time (Chatfield, 2016; von Storch and Zwiers, 1999). A
timeseries can consist of fluctuations that reoccur at various frequencies. These can be analyzed
using autocovariance function γ in the time domain or its Fourier transform, the power spectral
density S (PSD) in the frequency domain (cf. P3). The autocovariance provides a measure of
the dependency between different points in time t1 and t2 of a timeseries as

γ(t1, t2) = E[(X(t1) − µ(t1))(X(t2) − µ(t2))]. (1.2)

Many statistical methods require the underlying stochastic process to be stationary or at least
weakly stationary. A stochastic process X(t) is stationary if all its stochastic properties are inde-
pendent of time. It is weakly stationary if its mean is independent of time and its autocovariance
function depends only on the lag τ = t2 − t1 between two points in time t1 and t2, such that

γ(τ) = E[(X(t1) − µ)(X(t1 + τ) − µ)]. (1.3)

For t1 = t2 and thus lag τ = 0, this yields the variance, implying that the variance of a weakly
stationary process is time-independent (Chatfield, 2016).
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1.4 Tackling gaps in the understanding of surface climate variability

Fourier transforming the autocovariance function decomposes the timeseries into its frequency
components:

S (ω) = F (γ(τ))(ω) (1.4)

=

∫
∞

−∞

γ(τ) exp−iωτ
dτ. (1.5)

In this work, we assume that the sampled stochastic process is weakly stationary and ergodic.
Processes are weakly stationary if their mean and autocovariance are time-independent and if
they have a finite second moment for all times (von Storch and Zwiers, 1999). They are said
to be ergodic if the sampling in time of one realization of the process is equivalent to sampling
random independent realizations (von Storch and Zwiers, 1999).

The PSD describes how fluctuations at the various frequencies ω contribute to the overall vari-
ance. Peaks represent (quasi-)oscillatory components in the timeseries and are broadened due to
dampening (von Storch and Zwiers, 1999). For many climate variables, the background of the
spectrum, on the other hand, is continuous and scales according to a power law (e.g., Ellerhoff
and Rehfeld, 2021; Franzke et al., 2020; Huybers and Curry, 2006; Nilsen et al., 2016) such
that

S (τ) ∝ τ−β (1.6)

with scaling coefficient β (Ellerhoff and Rehfeld, 2021; Franzke et al., 2020). The larger the
scaling coefficient in a system, the larger is the persistence or memory of it as statistical prop-
erties are maintained across scales (Ellerhoff and Rehfeld, 2021; Franzke et al., 2020). It has
been suggested that for temperature as well as many other atmospheric variables of the climate
system, several scaling regimes with distinct power law exponents exist (Huybers and Curry,
2006; Lovejoy and Varotsos, 2016). However, at least for the Holocene, the possibility of only
one scaling regime cannot be rejected (Nilsen et al., 2016).

1.4 Tackling gaps in the understanding of surface climate

variability

Most studies that investigate climate variability focus on surface or near-surface temperature
variability during the observational period (cf. Sec. 1.1.3). As such, they cover short-term
variability, mostly from daily to interannual timescales. Beyond the observational period, proxy-
based reconstructions allow the analysis of variability on decadal and longer timescales. Due to
computational constraints, studies of simulated variability still often rely on equilibrium or short
transient simulations, such that long timescales remain inaccessible to study. For paleoclimates,
research tends to concentrate on recent periods for which observations are more abundant and
quasi-equilibrium climate states. As a result most studies of long-term variability focus on the
past millennium (cf. P2). Explorations of variability since the LGM or whole Holocene remain
few and transitionary periods like the Last Deglaciation in particular remain largely unexplored
(cf. Sec. 1.1.3).
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1.4 Tackling gaps in the understanding of surface climate variability

The reliable simulation of variability is crucial to cover the full range of potential future climate
and thus, for example, of extremes (Blanusa et al., 2023; Ionita et al., 2021; Katz and Brown,
1992; Schär and Jendritzky, 2004). An accurate representation of variability in models also
provides the basis for attribution studies (Harrington et al., 2021; Hegerl and Zwiers, 2011) and
the quantification of impacts of climate change (Calel et al., 2020; Schwarzwald and Lenssen,
2022). While studies of future variability under various emission scenarios exist (cf. Sec. 1.1.3),
these are limited in their scope by the short lengths of the simulations. Further, comparisons of
simulated with observed variability suggest that models regionally underestimate variability on
decadal and longer timescales (P2). In this context, projections are unlikely to represent the
full range of variability and thus possible future climate conditions. As such, considering past
climate can extend our understanding of climate variability on longer timescales, under various
mean states as well as during climatic transitions.

This work tackles the question of how variability evolves in a changing climate, in particular as
it is simulated by climate models. To this end, we consider an ensemble of Deglacial simulations
from models of various complexities (P1, P3). Relying on the moments as well as the spectra
of surface temperature and precipitation, we analyze how variability depends on timescale (P3,
Sec. 3.1.1), background state (P3, Sec. 3.1.2), forcings (P3, Sec. 3.1.3) and model complexity
(P3, Sec. 3.1.4). We then explore the regional model-observation mismatch on decadal and
longer timescales and possible causes (P2, P3, Sec. 3.2.1), as well as compare simulated vari-
ability since the pre-industrial period with observations and reanalyses (Sec. 3.2.2). Lastly,
we contrast how variability changed with warming during the Deglaciation with results from
ensembles of future scenarios (Sec. 3.3).
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2 Research objectives

Surface climate variability, expressed in the statistical properties of the distributions of surface
temperature and precipitation, depends on temporal and spatial scale, mean state and forcing.
In three publications (P1–P3) and additional analyses in chapter 3 (AA), we investigate the
representation of this variability in models on annual to millennial timescales in models and
how it compares to observations with the following research objectives (O):

O1: To determine the dependence of climate variability on temporal and spatial scale

Approach: Analyze moments of simulated distributions and spectra of surface temperature and
precipitation on annual to millennial, local to global scales.
Results: We confirm that model simulations and reconstructions of surface temperature vari-
ability from the Holocene to present-day agree globally, but find local disagreement as simula-
tions generally show lower levels of variability than models, especially on decadal and longer
timescales (P2). Surface temperature shows a stronger dependence on timescale than precipi-
tation (P3). While models agree regarding variance changes in space and time, there are large
inter-model differences when it comes to skewness and kurtosis (P3, AA).

O2: To analyze the dependence of variability on the mean climate state.

Approach: Compare simulated variability in the quasi-equilibrium states of the LGM and
Holocene to the transitionary Deglaciation.
Results: We find variability to be larger during the LGM for temperature and during the Holocene
for precipitation, a difference that increases with timescale (P3). The Deglaciation and future
warming stand out as a periods of high variability in comparison to the LGM and Holocene and
larger changes in variability are associated with stronger and faster warming (P3, AA).

O3: To isolate the effects of forcings and boundary conditions on simulated variability.

Approach: Analyze simulated variability in sensitivity experiments employing different ice
sheet reconstructions, methods of meltwater distribution and with or without volcanic forcing.
Results: We show that meltwater forcing, ice sheet changes and volcanism significantly affect
simulated climate and its variability (P1, P3, AA). Their effects on variability are larger for
surface temperature than precipitation (P3). Effects exist not only on the forcings’ characteristic
timescales, but across the investigated timescales, from annual to millennial (P3).

O4: To identify the sufficient and necessary complexity of climate models for the represen-

tation of variability.

Approach: Establish a model hierarchy and compare simulated variability with respect to the
models’ ranking in that hierarchy.
Results: We establish a hierarchy of climate models and sort them into four categories, ESMs,
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Research objectives

AOVGCMs, EMICs and EBMs, using eight different axes (P1, P3). Low and intermediate com-
plexity models lack state-dependency and have spatial patterns that are either too homogeneous
or too extreme (P3). With the minimal necessary level of complexity of GCMs, however, dif-
ferences in simulated variability start depending more on forcing and model setup than model
complexity (P3).

O5: To evaluate how simulated variability differs between warming in the past and in

future projections

Approach: Analyze moments of surface temperature and precipitation in low to high emission
future scenarios until 2300 CE and compare with results in simulations of the past 25 kyr
Results: We find that past and future warming show strong resemblances in mean and standard
deviation, but that inter-model differences are large with respect to the tails of distributions
(AA). However, in high emission scenarios, similarities to Deglacial warming can break down
and abrupt changes in variability happen more often (AA).
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3 Results and Discussion

Analyzing distributions and spectra of surface temperature and precipitation in an ensemble of
simulations since the LGM, we show how simulated variability depends on timescale, location
and spatial scale (Sec. 3.1.1). Simulated variability further depends on the background state, as
a comparison of variability between the LGM and Holocene demonstrates (Sec. 3.1.2). Turning
to the Last Deglaciation, we further investigate the expression of variability in a transitionary
climate in contrast to that in such quasi-equilibrium states (Sec. 3.1.2). We highlight common-
alities, but also find notable differences, which can relate to differences in forcings and boundary
conditions (Sec. 3.1.3), as well as model complexity (Sec. 3.1.4).

In Sec. 3.2, we contrast our analysis of simulated variability with results from observations. For
long-term variability from the LGM to Holocene, we turn to the LGMR as well as results from
the literature to explore mismatches between models and observations and possible reasons (Sec.
3.2.1). Reanalyses and records from the observational period serve as a point of comparison for
present-day annual variability (Sec. 3.2.2). Altogether, the results provide a perspective on
challenges in comparisons of models with observations and we discuss potential options for
resolving these issues (Sec. 3.2.3).

Lastly, we extend our analysis of simulated surface variability to future projections (Sec. 3.3).
In ensembles of three future scenarios, we investigate how simulated future variability differs
under past and future warming.

3.1 Simulated variability of surface temperature and

precipitation on annual to millennial timescales

To evaluate simulated variability of surface temperature and precipitation, we use an ensem-
ble of simulations of the Last Deglaciation (Sec. 1.2.1). All of the simulations encompass the
Last Deglaciation and most cover the LGM to present-day. As such, they are long enough to
allow the study of variability on annual to millennial timescales. In P3, we analyze the ensem-
ble by separating the detrended timeseries of surface temperature and precipitation into LGM,
Deglaciation and Holocene. We then compute the annual, decadal and centennial moments of
the distributions, as well as global and regional power spectra for each period. Further details on
the methodology can be found in P3 and the results will be summarized and discussed below.
Here, we add to the analysis of P3 by first considering the evolution of the annual moments over
time (Fig. 3.1, 3.2 in Sec. 3.1.1). To this end, we compute the annual moments over 100 yr slid-
ing windows from the LGM to present-day. Additionally, we compare the centennial moments
in three of the simulations of ¸P3 in further detail (Fig. 3.3, 3.4 in Sec. 3.1.4).
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3.1 Simulated variability of surface temperature and precipitation on annual to millennial
timescales

In addition to the analysis of the dependence of simulated variability on timescale and back-
ground state, we investigate the influence of forcings and model complexity. To this end, the
ensemble contains simulations that vary only by ice sheet reconstruction, meltwater protocol
and the in- or exclusion of volcanic forcing. The ensemble further includes simulations from
models of varying complexity enabling us to analyze the relationship between model complexity
and simulated variability.

3.1.1 Dependency of simulated surface climate variability on scales in time

and space

Examining the shape of the distributions of surface temperature and precipitation, we find that
the moments change from annual to centennial timescales (P3). For surface temperature, the
standard deviation decreases towards longer timescales, while absolute skewness and kurto-
sis tend to increase (P3, Fig. S1 and S2). These changes are particularly strong during the
Deglaciation. As such, temperature distributions become less normal for the longer timescales
investigated here.

Simulated temperature variability tends to be larger towards higher latitudes and small in the
tropics (P3). This can be seen most clearly for standard deviation and in the spectra, while
skewness and kurtosis show this trend only to a lesser degree. An exception is the MPI-ESM
simulation that includes volcanic forcing (r7), which simulates considerable non-normality and
increased variability in the tropics1. Some further differences exist between land and ocean
areas as standard deviation tends to be higher over land than over ocean, while the higher order
moments can be particularly large over the ocean.

Over time and with warming, standard deviation of surface temperature decreases from the LGM
to the Holocene, especially in high latitudes (Fig. 3.1). While the decrease in standard devia-
tion happens relatively smoothly, skewness and kurtosis show that abrupt shifts in temperature
distributions do happen within decades or centuries and affect the tails (e.g., Fig. 3.1 l, n, o).
Such shifts mostly occur during the Deglaciation (Fig. S6), but can happen during LGM and
Holocene as well, in particular with the inclusion of volcanic forcing (cf. Fig. S5 l and S7 l).

The temperature spectra show increasing power towards longer timescales, often with a scale
break around multi-decadal to centennial scales globally and in some regions (P3). If a scale
break is present, the spectra tend to flatten on longer, centennial to millennial, timescales. The
spectra also confirm that surface temperature variability tends to be larger at high latitudes.

Distributions of precipitation, similar to those of surface temperature, narrow towards longer
timescales as standard deviation decreases (P3). The largest standard deviation can be found
in the tropics in relation to the intertropical convergence zone, a band of strong convection,
heavy precipitation and low pressure near the equator. With increasing latitude, standard devia-
tion decreases. On annual scales, precipitation distributions are mostly positively skewed. This

1During the Holocene, MPI-ESM r1–r6 additionally exhibit high tropical variability in contrast to the rest of the
results. This reflects a peculiarity of the model, in particular in its representation of ENSO (Ellerhoff and Rehfeld,
2021), rather than any physical processes in the climate system. As such, we consider this simulated tropical
Holocene variability an unphysical outlier and exclude it in the discussion of our results going forward.
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3.1 Simulated variability of surface temperature and precipitation on annual to millennial
timescales

Figure 3.1: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of surface temperature across latitudes since the LGM. Moments are
computed over 100 yr long rolling windows. Time is given as the middle of that
rolling window.
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timescales

skew then decreases towards longer timescales. The degree of this decrease is state-dependent
as the quasi-equilibrium LGM and Holocene behave differently to the transitory Deglaciation.
For the Deglaciation, skewness turns negative in the Northern Hemisphere and parts of the
tropics on decadal and centennial scales. For the LGM and Holocene, on the other hand, pre-
cipitation distributions skewness tends to be close to zero almost everywhere on decadal and
centennial scales. Kurtosis is mostly positive on annual scales, especially in the tropics and
Antarctica. During the Deglaciation, such heavy tails prevail on long timescales, whereas LGM
and Holocene tend to show little kurtosis. As a result LGM and Holocene precipitation distribu-
tions are normal on long timescales. In general, precipitation variability is largest in the tropics
across moments and in the regional spectra.

Changes in standard deviation of precipitation over time show a meridional and state-dependency
as it decreases in the tropics, but slightly increases in the mid- and high latitudes during the
Deglaciation (Sec. 3.2). During the LGM and Holocene, standard deviation remains compara-
tively stable. Some models show changes in the tropics, but without any common trends. The
higher order moments can change abruptly, especially during the beginning of the Deglaciation
and Holocene (Fig. S9, S10). During the Holocene, skewness tends to increase in the sub-
tropics in the Northern hemisphere, while it decreases or remains the same elsewhere. Kurtosis
similarly changes mostly in the subtropics. During the LGM and Deglaciation, it decreases in
the subtropics of the Southern Hemisphere, while it increases in the subtropics of the Northern
Hemisphere during the Holocene .

The decrease in standard deviation of surface temperature throughout the Deglaciation coin-
cides with the reduction of sea ice cover (P3). Our results confirm the crucial role of sea ice in
creating local variability on decadal and longer timescales in line with previous studies Collow
et al. (2019); Dai and Deng (2021); Ellerhoff et al. (2022); Huntingford et al. (2013). Along the
decrease in standard deviation, our results show that the higher order moments increase towards
longer timescales, as surface temperature distributions become less normal. This is in contrast
to expectation based on the Central Limit Theorem, which would suggest that fluctuations tend
toward normality on longer timescales. While this is the case for stationary systems such as
equilibrium climate model simulations, changes in boundary conditions and abrupt shifts occur
in transient simulations. As such, even after removing the multi-millennial trend, the simula-
tion data can only be assumed to be weakly stationary as fluctuations on shorter than millen-
nial timescales remain. Therefore, distributions can be more normal on annual than centennial
timescales, as we find especially during the Deglaciation.

With warming, the higher order moments shift, at times, abruptly. As skewness can be an
early warning signal for abrupt changes (Guttal and Jayaprakash, 2008; He et al., 2013; Skelton
et al., 2020), these shifts in skewness in the Deglacial ensemble would merit investigation in
the future, but was out of scope for this work. In particular, establishing the timing between
changes in skewness and changes in the mean state could clarify whether the shifts signal abrupt
events.
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3.1 Simulated variability of surface temperature and precipitation on annual to millennial
timescales

Figure 3.2: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of precipitation across latitude since the LGM. Moments are com-
puted over 100 yr long rolling windows and time is given as the middle of that rolling
window.
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timescales

3.1.2 State-dependency of simulated surface climate variability

Simulated variability depends on the background state (P3). This state-dependency manifests
in different ways depending on the aspect of variability under consideration. Standard devia-
tion and power spectra of surface temperature show that variability is usually largest during the
Deglaciation and the smallest during the Holocene. In particular, almost all simulations show
that LGM variability is larger than Holocene variability, although to varying degrees regionally.
This state-dependency is relatively small on annual timescales, but increases with timescale such
that on decadal and longer timescales the Deglaciation stands out as a period of high temper-
ature variability in comparison to the LGM and Holocene. State-dependency of temperature
further tends to increase towards higher latitudes, especially in the Northern Hemisphere and
areas close to the sea ice edge. For skewness and kurtosis, no such clear patterns emerge as
state-dependency varies between models and forcing protocols (P3). Generally, absolute mo-
ments of temperature tend to be larger during the Deglaciation, excluding an erroneous Holocene
tropical signal in some of the MPI-ESM simulations (Ellerhoff and Rehfeld, 2021). During the
Deglaciation the more complex models, GCMs and ESMs, show a bipolar skewness pattern be-
tween the hemispheres. However, which hemisphere shows predominantly positive and which
negative skewness depends on meltwater forcing and employed ice sheets.

Similarly, precipitation variance and power spectra also demonstrate that the Deglaciation is
a high variability period in comparison to LGM and Holocene (P3). Comparing LGM and
Holocene, the LGM with its comparatively dry mean state has the smaller precipitation vari-
ance with few exceptions. The polar regions in particular are an area of decreased precipitation
variance in comparison to the Holocene. State-dependency of precipitation remains similar from
annual to centennial timescales (Fig. S14, P3). Beyond centennial timescales, it increases, espe-
cially for the Deglaciation (P3). As for temperature, skewness and kurtosis of precipitation show
heterogeneous patterns, with the absolute values largest during the Deglaciation. The Deglacia-
tion also has more areas of significant skewness and kurtosis. For Deglacial precipitation, the
bipolar pattern between the hemispheres exist, but to a lesser extent than for temperature, as it
is mostly confined to the tropics.

Overall, the Deglaciation stands out as a period of high variability in comparison to the LGM and
Holocene. As Deglacial variability has rarely been studied and no other study investigated the
tails of distributions of surface temperature and precipitation, further work is needed to clarify
potential patterns in tail behavior under warming. An investigation of distributions using a large
collection of reconstructions from multiple proxy types could illuminate these points, but was
outside the scope of this work. Section 3.2 will, however, provide a comparison of simulated
variability to various observation-based products such as a reanalysis of the last 25 kyr.

Our findings of generally larger temperature variance during the LGM in comparison to the
Holocene are in line with results from Rehfeld et al. (2020, 2018) Shao and Ditlevsen (2016)
and Shi et al. (2022). The global LGM-to-Holocene temperature variance ratio in the ensem-
ble is generally equal to or larger than that found for PMIP3 equilibrium simulations across
timescales (P3). We find that the state dependency increases with timescale and is larger at high
latitudes. Rehfeld et al. (2020) similarly found larger differences between LGM and present.day
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at high latitudes. Unlike Rehfeld et al. (2020), we find no clear land-sea contrast where vari-
ability increases over land with warming, but decreases over the ocean. An in-depth comparison
of surface climate variability changes over land and the ocean with warming considering the
changing land-sea masks of the ensemble members could further clarify this. The pattern of
smaller precipitation variance during the LGM agree with results for PMIP3 simulations (Re-
hfeld et al., 2020), including the strong decrease in precipitation variance over Northern North
America during the LGM in comparison to the Holocene (P3) and present-day (Rehfeld et al.,
2020).

3.1.3 Forcing dependency of simulated surface climate variability

Forced variability is a crucial component of simulated variability. In particular, since models
have to rely on forcings to represent internal climate processes that are not implemented in the
model and for example apply reconstruction of ice sheets instead of directly simulating their
evolution. To investigate the dependency of simulated variability on ice sheet reconstruction,
meltwater protocol and volcanic forcing, we analyze a set of sensitivity experiments (cf. P3,
Sec. 1.2.1).

Regarding the influence of ice sheet reconstruction, we consider four simulations from two
setups of MPI-ESM. For both model setups, one simulation employs GLAC1-D (Briggs et al.,
2014; Tarasov et al., 2012), the other ICE6G (Peltier et al., 2015). The reconstructions differ
with respect to height, extent and spatio-temporal evolution of the ice sheets with glacial ice
sheet extent larger and height lower in GLAC1-D. Further, ICE6G has an original temporal
resolution of 500 yr, while that of GLAC1-D is 100 yr. The reconstructed evolution of the ice
sheets entails releases of meltwater. The PMIP3 Deglacial protocol offers three options for
dealing with the meltwater in the simulations: 1) the melt-routed scenario, in which river-routing
schemes distribute the meltwater, 2) the melt-uniform scenario, in which the same meltwater
flux gets applied everywhere globally, and 3) the no-melt scenario, in which no meltwater is
introduced despite the ice sheets melting (Ivanovic et al., 2016). For MPI-ESM, the ensemble
contains one simulation using ICE6G for each of these scenarios. For HadCM3B, there is a melt-
routed and a melt-uniform simulation. Lastly, the ensemble includes two MPI-ESM simulations
that differ only in the inclusion of volcanic forcing in one of them.

Differences between ice sheet reconstructions used as boundary conditions influence simulated
variability on timescales from annual to millennial, not only on their characteristic timescale,
on which their impacts are strongest (P3). Instead, their impacts on the climate system through
their influence on e.g., circulation patterns, affect processes acting on shorter timescales. Over-
all, changes in the ice sheets have a far stronger influence on the moments of surface temperature
compared to those of precipitation. For the Deglacial ensemble of P3, the GLAC1-D reconstruc-
tion is often associated with higher variability than ICE6G, especially on longer than annual
timescales, with some, regionally confined, exceptions. During the Deglaciation there is a no-
table bipolar pattern on centennial scales: Surface temperature distributions are skewed towards
locally lower temperatures in the Northern Hemisphere and towards higher temperatures in the
Southern Hemisphere, where the Antarctic ice sheet melts less by comparison to the shrinking
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ice sheets in the North. In particular, the locations of meltwater pulses in the melt-routed sce-
narios are associated with regions of negative temperature skewness and positive skewness in
the other hemisphere.

The differences in time step between the GLAC1-D and ICE6G reconstructions might contribute
to the observed differences in variability. However, the spectra of both surface temperature and
precipitation show larger variability in the Northern Hemisphere mid- and high latitudes for
the GLAC1-D simulations from centennial to millennial timescales, including at the underlying
timescales. As such, the different time steps cannot alone explain the differences in simulated
variability, which instead likely stem from the properties of the reconstructed ice sheets.

The ice sheet reconstructions have considerable associated uncertainty, especially regarding ice
sheet elevation and extent (Abe-Ouchi et al., 2015; Ivanovic et al., 2016; Stokes et al., 2015),
but also their evolution over time, and both provide plausible boundary conditions. Due to
their slow response and depending on future emissions, melting of ice sheets could continue to
increase and continue for centuries to come, resulting in a corresponding rise in sea levels, with
widespread consequences, among them potentially, changes in variability (Fox-Kemper et al.,
2021). As shown in P3, the choice between them affects not only the mean climate, but also
its variability and the simulation of extremes. As such reducing the uncertainty of ice sheet
reconstructions remains vital for paleoclimate simulations during Glacial periods. However,
using ice sheet reconstructions as a boundary conditions means that the simulated climate lacks
interactions between ice sheets and climate, as the ice sheets cannot develop freely in interaction
with the climate system as a whole. Coupled ice-sheet-climate models, on the other hand, allow
for the interaction and co-evolution of climate and ice sheets. Their usage could thus provide
insights into the relationship between ice sheets and variability.

Meltwater forcing is a source of considerable variability in a warming climate, as seen in the
comparison of simulations with and without meltwater forcing (P3). Simulations with meltwater
forcing show increased variability on annual to millennial timescales in all their moments and
power spectra. Scenarios with routed meltwater further generate more variability than those with
a globally homogeneous distribution of meltwater. Places of meltwater injection, like the North
Atlantic during the Deglaciation, exhibit with increased standard deviation, negative skewness
and positive kurtosis. The impact of meltwater forcing increases with timescale and is stronger
for surface temperature than precipitation. Differences in associated meltwater forcing likely
contribute significantly to the observed differences between ice sheet reconstructions. To sep-
arate the effects of meltwater forcing from changes in ice sheet extent and elevation, another
no-melt simulation would be needed using GLAC1-D.

Volcanism strongly affects the variability of surface temperature, but not so much precipita-
tion (P3). Its impact is largest on annual timescales (P3, Fig. 3.1), with a decrease towards
longer timescales. From annual to centennial timescales, the inclusion of volcanic forcing leads
to increased temperature variability, in agreement with findings from Ellerhoff et al. (2022).
These impacts of volcanic forcing are particularly strong in the tropics and the northern mid-
latitudes. In the tropics, the EBM simulation, as the only other run with volcanic forcing besides
MPI-ESM r7, comes closest to that MPI-ESM run when considering the power in the regional
spectra. Tropical variability will thus be particularly impacted by a lack of volcanic forcing in
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simulations. Comparisons of simulated with reconstructed variability show that the mismatch is
particularly large in the tropics (Laepple and Huybers, 2014a,b), as models underestimate vari-
ability. Our work suggests that the inclusion of volcanic forcing is a step towards closing that
gap, although it is not necessarily sufficient. Instead, models seem to have weaknesses in sim-
ulating tropical dynamics on decadal and longer timescales. Cloud feedbacks are particularly
relevant to tropical dynamics, but are still poorly understood and a large source of uncertainty
(Bretherton, 2015; Heinze et al., 2019; Ingram and Bushell, 2021; Klein et al., 2017). The in-
clusion of volcanic forcing is however clearly necessary as focusing on tropical dynamics alone
carries a risk of overtuning.

While volcanic forcings acts most upon short, annual, timescales, differences between sim-
ulations that only differ in the inclusion of volcanic forcing, persist at least until millennial
timescales. This imprint of volcanic forcing on long timescales highlights how forcings with
short characteristic timescales interact with components with longer characteristic timescales.
With some regional exceptions, volcanic forcing changes the shapes of the distribution such that
they are wider, with long and heavy low temperature tails (more negative skew and higher kurto-
sis). This suggests an increase in the likelihood of locally extreme low temperature conditions.
For future projections, Bethke et al. (2017) found a similar change in temperature distributions
with the inclusion of volcanic forcing, although their change in standard deviation is substan-
tially larger. This underlines the importance of a realistic forcing in past and future simulations,
especially when investigating extremes. For future projections, however, CMIP6 protocols for
volcanic forcing have been found lacking as they do not sample from the full range of possible
eruptions, instead employing constant volcanic forcing after 2024 CE (cf., Bethke et al., 2017;
O’Neill et al., 2016).

The inclusion of volcanic forcing leads to a different response depending on the mean state from
local to global, annual to millennial scales (P3). Many studies have found such state-dependent
differences in the response to volcanic forcing for time periods from the past millennium to fu-
ture simulations (e.g., Muthers et al., 2015; Zanchettin et al., 2013). However, they suggest at
times opposite directions of change, from a stronger (Fasullo et al., 2017) to a weaker response
in a warmer climate state (Hopcroft et al., 2018). Ellerhoff et al. (2022), on the other hand,
found no state-dependency when comparing global temperature variability in response to vol-
canic forcing during LGM and PI and only small local differences, mostly on interannual scales.
Their sensitivity experiments consisted of 1000 yr long HadCM3 simulations using LGM or PI
boundary conditions with transient solar and volcanic forcing, in contrast to our fully transient
simulations. This suggests that transient solar and volcanic forcing alone do not suffice to cap-
ture the full response of the climate system to time-varying volcanic forcing and that transient
simulations should be used whenever possible. However, the Deglacial ensemble contains only
two simulations that incorporate volcanic eruptions, one of them the EBM that can only capture
the linear climate response to external forcing. As such, more experiments are needed to con-
firm these results, for example by comparing a transient simulation to one where only volcanic
forcing varies and including with other climate models.
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3.1.4 Dependency of simulated surface climate variability on model

complexity

As outlined in Sec. 1.2.1, we classify the complexity of a model based on the the complexity of
the individual compartments. For the Deglacial ensemble (P3) models then fall into one of four
categories: EBM, EMIC, GCM, ESM. The ensemble contains eight simulations from an ESM,
four from a GCM, two from an EMIC and one from an EBM.

Evaluating simulated variability according to the complexity of the model, we find that there
is a minimal complexity required for a model to be able to represent patterns of variability
adequately. This minimal complexity is that of the GCM category. Only GCMs and ESMs are
able to simulate the variability of surface climate with some degree of accuracy. Among GCMs
and ESMs, on the other hand, the differences of the individual models and simulation protocols
matter more than the complexity of the models.

The EBM can capture global mean climate and, in broad strokes, regional climate on annual and
longer timescales (P1). On monthly timescales, however, limitations of the simulated seasonal
cycle and a lack of seasonality in sea ice forcing come to the fore and limit the EBM’s abilities.
For variability, the EBM struggles even at the global scale (P3). Its simulated standard deviation
becomes more similar to the other models towards longer timescales, while regional and local
differences remain (P3, Fig. 3.3). The spectra similarly show similarities globally and in the
tropics, where the EBM is within the spread of the other models (P3). However, while variability
in the other models increases from the tropics towards the polar region, it remains relatively
constant for the EBM. As a result, the polar EBM spectra show lower variability than the more
complex simulations. Analyzing skewness and kurtosis reveals that the EBM fails to simulate
the full distribution of surface temperatures especially with regards to the tails and can thus not
be used in the study of extremes.

Better agreement of the EBM with more complex models on the global scale reflects the fact
that while global variability is largely a response to external forcing (Crowley, 2000). How-
ever, internal variability arising due to non-linear interactions becomes increasingly relevant at
regional and local scale (Goosse et al., 2005), which the EBM lacks (P1). Additionally, the
increasing similarity in standard deviation towards longer timescales might actually be due to
underestimated variability in the more complex models rather than an improvement of the EBM
on those timescales.

Overall, the EBM can only capture the linear climate response and has limited the role of many
compartments to their average heat capacity, horizontal heat transport and albedo (P1). Sim-
ulated variability would likely improve if sea ice had an annual cycle or was modeled rather
than provided as an annually constant boundary condition. Yet, without considering non-linear
interactions and more complex compartments and processes, simulated variability will remain
unrealistic. Targeted representations of global variability in an EBM are possible, e.g., by focus-
ing on the scaling with timescale (cf. Lovejoy, 2021; Lovejoy et al., 2021). Instead of aiming for
such a realistic representation, a model such as TransEBM can provide insights into the linear
response to forcings and give rough estimates as to their relative importance (cf. Sec. 3.1.3,
Crowley, 2000).
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Figure 3.3: Centennial standard deviation (a)–(i), skewness (j)–(r) and kurtosis (s)–(aa) of sur-
face temperature in three simulations: HadCM3B r2, FAMOUS and TransEBM (cf.
P3). Moments are shown for the LGM (left column), Deglaciation (middle column)
and the Holocene (right column). For skewness and kurtosis, the percentages of grid
boxes with significant positive and negative deviations from a Gaussian distribution
are given. Areas of non-significant changes are hatched.
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The EMICs included in the Deglacial ensemble display a clear difference in their abilities of
simulating variability of surface temperature versus precipitation (P3). Comparisons to more
complex models and reanalyses (P3, Sec. 3.2.2) show that precipitation variability is severely
underestimated. Patterns of surface temperature variability, on the other hand, are largely repro-
duced by the EMIC simulations. Especially in high latitudes, temperature variability is captured
well, less so in low latitudes. Still, their simulated temperature variability remains on the lower
end of the ensemble and is too small in many places and regions. Discrepancies are larger for
skewness and kurtosis, suggesting that the EMICs in the ensemble are not suited for studies
of extremes. The EMICs further perform worse in lower latitudes, which affects precipitation
in particular. This weakness might be due to a model design focused on the ocean rather than
atmospheric circulation and the hydrological cycle in the atmosphere (Goosse et al., 2010b). In
this regard, looking at oceanic variability in the EMIC simulations could prove insightful, as
could using an EMIC with a more complex atmosphere that improves for example on moisture
transport or cloud parameterizations.

Within our ensemble the complexity of the GCMs seems sufficient to capture surface climate
variability, at least in comparison to the reconstructions, reanalyses and direct observations avail-
able for comparison (P3, Sec. 3.2). Those comparison to observations suggest that there is no
model in the ensemble that is across the board the best in simulating variability, as the models
instead have individual strengths and weaknesses. A lot of the inter-model differences are due to
varying forcing protocols further complicating any ranking efforts, as differences between forc-
ing protocols with the same model can be as large as differences between models (cf. Sec. 3.1.3,
P3). Nevertheless, improved comparisons of the models with observations, especially on multi-
decadal and longer timescales and for climate variables outside of temperature, are needed and
could inform future model development. Such efforts rely on improved proxy reconstruction
and are hindered by a lack of available records, uncertainties for that data relating for example
to reconstructions methods, age models or calibrations and the methods for comparing simula-
tions with observations themselves (cf. Sec. 3.2.3). Tackling these uncertainties to provide a
comprehensive evaluation of simulated variability was outside the scope of this work. Future
work could undertake such a comparison to hone in on model weaknesses regarding variability
and thus potentially identify the source of the underestimated regional variability on decadal and
longer timescales.

As discussed above, a reliable simulation of variability requires at least the complexity of GCMs
(P3). However, long-term transient simulations with GCMs and ESMs are restricted by the com-
putational resources they require. Resolution has a major impact on the run-time of a simulation.
Within the range of resolutions in our ensemble, we find no impact of model resolution on sim-
ulated variability. Confirmation that the effects of increased resolution on variability are at most
minor would require an investigation with an ensemble from the individual models at different
resolutions. Models included in such an ensemble would need to have parameterizations and im-
plementations of model physics that change as little as possible with resolution. As things stand,
resolution does not seem to have a large impact on simulated variability. In high-resolution mod-
els, ongoing model development efforts focus on including previously parameterized sub-grid
processes, such as convection (e.g., Jucker et al., 2020; Kendon et al., 2021; Liu et al., 2022;
Takayabu et al., 2022) or eddies (e.g., Bian et al., 2023; Bryan et al., 2010; Ding et al., 2022).
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The physical modeling instead of parameterizations of such processes affects simulated variabil-
ity (e.g., Ding et al., 2022; Judt and Rios-Berrios, 2021), but their high computational demand
currently limits their usage for long simulations.

Another way to reduce computational demand besides limiting spatial resolution, is to employ
accelerated forcing. In the Deglaciation ensemble used in our analysis, the FAMOUS simulation
uses an acceleration factor of 10 such that forcing changes that would take 100 yrs only take 10
simulation years, shortening the run-time of the simulation. Simulated mean climate changes in
FAMOUS are reasonable, but rather small from LGM to Holocene (P3). FAMOUS is the only
model whose simulated LGM-to-Holocene GMST difference lies outside the range suggested
by proxy reconstructions (P3, Sec. 3.2.1). Our analysis further shows that variability in FA-
MOUS matches neither the implicit nor the explicit timescale of the forcing. In fact, simulated
variability in FAMOUS stands out as it lacks state-dependency in contrast to other GCM and
ESM simulations (P3, Fig. 3.4). FAMOUS also produces much higher standard deviation and
lacks skewness and kurtosis, suggesting that the simulation of extreme conditions is lacking as
well. In fact, with respect to the higher order moments, the FAMOUS simulation is more sim-
ilar to the EMICs (P3). As current changes in GHG conditions are much faster than they were
in the past, this difference in variability in response to faster changes in forcing could hint to
limitations in using the Deglacial warming to learn about current and future warming. However,
variability in CMIP6 simulations is more similar to the other GCM and ESM simulations rather
than FAMOUS (cf. Sec. 3.3). Nevertheless, determining the effects of accelerated forcing with
certainty would require a comparison of accelerated and non-accelerated runs from the same
model.

3.2 Comparison of variability in simulations, paleoclimate

reconstructions, reanalyses and instrumental observations

So far, we have provided an inter-model comparison of variability. As models provide only one
perspective on surface climate variability, we here supplement the analysis with observations.
For long timescales, this implies using paleoclimate reconstructions based on proxies. We com-
pare variability in models to that in reanalyses, reconstructions and observations of the climate
from the LGM to present-day. In Sec. 3.2.1, we draw on results from P2 and P3 before expand-
ing the analysis from P3 in the end of the section (Fig. 3.5–3.8). Sec. 3.2.2 then adds a new
perspective by comparing the simulations from P3 to present-day observations and reanalysis.
Finally, Sec. 3.2.3 puts the results of P2, P3, Sec. 3.2.1 and 3.2.2 in a broader context and
discusses their implications for future comparisons of simulations with observations.

3.2.1 Reconstructed and simulated perspectives on surface temperature

since the Last Glacial Maximum

Both proxy-based reconstructions and simulations of past climates carry significant uncertainty.
This pertains to mean climate as well as variability. With respect to mean changes, the sug-
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Figure 3.4: Centennial standard deviation (a)–(f), skewness (g)–(l) and kurtosis (m)–(r) of pre-
cipitation in two simulations: HadCM3B r2 and FAMOUS (cf. P3). Moments are
shown for the LGM (left column), Deglaciation (middle column) and the Holocene
(right column). For skewness and kurtosis, the percentages of grid boxes with signif-
icant positive and negative deviations from a Gaussian distribution are given. Areas
of non-significant changes are hatched.
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gested LGM-to-Holocene temperature difference varies between studies and simulations: data
assimilation approaches produce a range of 4.5 to 7.0◦C warming (Annan et al., 2022; Osman
et al., 2021; Shakun and Carlson, 2010; Tierney et al., 2020), while models simulate a warming
between 3.1 and 6.6◦C (P3). All but one of the simulations in the ensemble used in P3 (FA-
MOUS) fall within the range suggested by reconstructions. Patterns of cooling show similarities
in simulated and assimilated field reconstructions, with strong LGM cooling in the polar regions
of the Northern Hemisphere, particularly northern North America, and western Antarctica (cf.
P2 and Annan et al., 2022; Osman et al., 2021; Tierney et al., 2020).

Annan et al. (2022) demonstrate the impact of the model prior on the overall degree of warming
as they created an ensemble based on priors from different LGM simulations from PMIP2 to
PMIP4. In the resulting ensemble, the member based on CESM1.2 shows larger LGM cooling
than the other members, while a CESM2.1 member was removed as an outlier due to its large
equilibrium climate sensitivity, that is to say, due to its large warming in response to increasing
levels of atmospheric CO2 (Zhu et al., 2021). Tierney et al. (2020) and Osman et al. (2021) both
use iCESM simulations as a prior, a model version based on CESM1.2, which might explain
their relatively large inferred LGM-to-Holocene temperature differences of 6.1◦C (5.7, 6.5) and
7.0◦C (6.0, 8.0), respectively. Annan et al. (2022) argue that both these and a smaller LGM
cooling are plausible.

The temporal evolution of surface temperature reveals notable differences between simulations
and LGMR (Osman et al., 2021), particularly during the Deglaciation and abrupt events like the
Northern Hemisphere warming at the onset of the Bølling-Allerød (P3). Most simulations show
an onset of the Deglaciation around 19 kyr BP, with some simulating slight warming before then.
The LGMR, on the other hand, cools until almost 17 kyr BP and suggests faster and stronger
warming than the models for most of the Deglaciation afterwards. This seems to be driven by
the northern polar and mid-latitude regions, a region comparatively well constrained by proxies
especially in the North Atlantic. In those regions, the LGMR shows stronger warming than all
simulations, resulting in a large decrease in the equator-to-pole temperature gradient.

When it comes to variability, agreement with reconstructions depends on the temporal and
spatial scale considered (P2). Comparing studies of the Holocene that draw on a variety of
proxy-based reconstructions, instrumental records and simulations demonstrates that simulated
global variability agrees with observed and reconstructed variability on interannual to millen-
nial timescales (P2). On regional scales, however, when several proxy records or grid boxes are
aggregated on scales smaller than a hemisphere, results of comparisons of models and observa-
tional records vary. While studies are split between reporting agreement or disagreement, de-
pending on region (Ljungqvist et al., 2019; PAGES2k-PMIP3 group, 2015; Zorita et al., 2010),
proxy variable and archive (Parsons et al., 2017) or timescale (Cheung et al., 2017; Fredrik-
sen and Rypdal, 2016). Studies that find timescale-dependent differences report agreement on
shorter, interannual to decadal, and disagreement on multi-decadal and longer timescales.

Locally, at the level of individual proxy records, instrumental observations or grid boxes in
models, this change from agreement to disagreement with timescale exists across studies (P2).
Usually, the transition happens on multi-decadal timescales, although some studies report a
change already on decadal (Ellerhoff and Rehfeld, 2021) and others only on centennial scales
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(Bühler et al., 2021; Hébert et al., 2022). Few studies cover periods further back in time than the
Holocene, and in fact even the majority of studies considered in P2 cover at most the last 2000
years. Considering periods beyond the Holocene, Zhu et al. (2019) confirm global agreement
of reconstructions with transient simulations starting at 21 kyr BP. Rehfeld et al. (2018), on the
other hand, established that the global LGM-to-Holocene variance ratio is significantly larger
in proxy records than in simulations and that the same holds at most latitudes. We find that the
inclusion of transient volcanic forcing narrows this gap, but fails to close it (P3).

These disagreements between simulations and observations have been found for different types
of observational records, from reanalysis and instrumental records to proxy records from a va-
riety of climate archives like speleothems, corals, ice cores, sediments, pollen or tree rings (P2

and references therein). This breadth of archives and recorders strengthens the confidence in
the disagreement. Nevertheless, instrumental records only provide limited insights into longer
timescales and comparisons to climate variables based on statistical transformations of proxy
measurements are uncertain and potentially biased. Locally, lake and marine sediments as well
as ice cores often dominate multi-proxy compilations for periods before the Common Era. For
these records and comparisons at a local scale, proxy noise from non-climatic processes is the
most likely source of bias for variability. For evaluations on larger spatial scales, averaging a
collection of records dampens the impact of proxy noise and other sources of uncertainty be-
come more relevant. There are many processes leading to proxy noise, some of which can lead
to an underestimation, others to an overestimation of variability in reconstructions. However,
even when applying statistical methods or using proxy-system models to remove such errors,
model-observation differences persist across reconstructions from different proxy types, which
agree with instrumental records for overlapping timescales. Thus, after consideration of various
error sources, we conclude that reconstruction uncertainties explain at most part but not the full
extent of differences. As observed local variability on decadal and longer timescales tends to be
significantly larger than simulated variability, this means that simulations likely lack variabil-
ity and are too stable, as has been suggested elsewhere (e.g., Valdes, 2011). This could imply
that the local and regional variations that exist on annual timescales should persist on longer
timescales (P2). On annual scales, we find spatial patterns that are less homogeneous with a
small spatial extent of temperature anomalies in comparison to decadal and longer timescales.
On decadal and longer timescales, spatial correlation of temperature increase and the difference
between simulated local and global variability decreases, in contrast to observed variability.

Adding to these comparisons of simulated and observed variability, we compare variability in
the Deglacial ensemble and LGMR. Here, we extend the comparison in P3, which used the
LGMR ensemble mean field by taking the LGMR ensemble members into account. As the only
field reconstruction available that covers the period from the LGM to today, the LGMR provides
a perspective on the spatial and temporal development of surface temperature during that time,
which is informed by proxies. However, the mean reconstruction investigated in P3 provides a
smoothed representation of surface temperature and as such only limited insights into variability.
Mean latitudinal profiles and fields are generally similar across ensemble members (Fig. 3.5a
and S25). Variability, however, differs considerably across the ensemble and from that found
in the ensemble mean field. While the general pattern of enhanced standard deviation towards
higher latitudes persists, all investigated ensemble members exhibit larger standard deviation,

48



3.2 Comparison of variability in simulations, paleoclimate reconstructions, reanalyses and
instrumental observations

Figure 3.5: Moments across latitudes of the 50 ensemble members (dashed) of the LGMR by
Osman et al. (2021), as well as the ensemble mean (solid). Ensemble mean as in
P3 but without regridding. Shown are (a) mean, (b) standard deviation, (c) skewness
and (d) kurtosis for LGM (dark blue), Deglaciation (light blue) and Holocene (pink).
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Figure 3.6: Standard deviation of surface temperature with respect to the past 2000 years of the
LGMR for the LGM (left column), Deglaciation (middle column) and the Holocene
(right column). Shown are in panels (a)–(c) the standard deviation of the ensemble
mean (as in P3 but without regridding) and in panels (d)–(r) that of five randomly
selected ensemble members. The latter show considerably larger standard deviation,
especially at higher latitudes.
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especially at high latitudes, than the ensemble mean and all simulations (Fig. 3.5b and 3.6). In
the Northern Hemisphere, standard deviation in the ensemble members keeps increasing with
latitude, unlike in models (P3 Fig. 5) and unlike in the Southern Hemisphere, where it peaks
around 60◦S. As another notable difference to the ensemble mean and the simulations, the en-
semble members mostly show larger (Northern Hemisphere) or similar (Southern Hemisphere)
standard deviation during the LGM than the Deglaciation. While the overall amplitudes vary
between ensemble members, spatial patterns are generally robust with the largest standard de-
viation found over northern North America and Northern Europe across periods. That standard
deviation during the LGM is higher than during the Deglaciation is likely the result of a lack of
proxy constraints during the LGM, especially for the polar regions where records are sparse.

The higher order moments, on the other hand, show no consistent patterns across ensemble
members as found for the mean and standard deviation (Fig. 3.5c,d, 3.7 and 3.8). In fact, even
the overall direction of change varies between ensemble members across most regions. This
might be, because extremes, and thus also the higher moments, are affected by the smoothing
and spatial interpolation inherent in field reconstructions (Director and Bornn, 2015; Haylock
et al., 2008). In the meridional patterns, there is a tendency towards larger absolute skewness at
higher latitudes and kurtosis seems to develop a robust positive peak along 60S in the Southern
Pacific during the Holocene (Fig. 3.5c,d). The moments of the ensemble mean also seem to be a
poor representation of the ensemble members. Overall, the amplitudes of higher order moments
are still smaller than in most simulations and indicate no deviation from normal distributions
in most places. This might be a reflection of the ensemble Kalman filter used in the data as-
similation process, which assumes that state vectors are normal (Evensen, 1994; Evensen et al.,
2022). Despite the assumption of normality, ensemble Kalman filters have been shown to work
for many weakly, though not strongly, non-linear systems, but this will depend on the applica-
tion (Evensen, 1994; Evensen et al., 2022). Due to the sparsity of available proxy records, they
provide little constraints on spatial variability patterns, such that the model prior might have a
larger influence. As the ensemble members vary within the range of the prior, a lack of variabil-
ity and spatial variations in the prior could translate to the ensemble members. As variability in
the LGMR has not been evaluated previously, it remains unclear whether proxies, model prior
or the assimilation algorithm dominate the reconstructed variability at specific timescales and in
specific regions.

3.2.2 Variability in models, reanalyses and observations since 1850 CE

For present-day, we compare how the annual moments change over time in two reanalyses
(ERA5 and NOAA 20CR v3) and one station product (HadCRUT5) to those Deglacial simu-
lations that extend at least until 1950 CE to ensure sufficient overlap. The reanalyses and Had-
CRUT5 suggest a similar structure for standard deviation of surface temperature, matched by
most simulations except the EBM (Fig. 3.9): Annual standard deviation grows towards higher
latitudes and peaks in the polar regions of both hemispheres with a similar amplitude. NOAA
20CR and HadCRUT5 show growing standard deviation in time, although they disagree with
respect to the amplitude of that change. Standard deviation in NOAA 20CR grows considerably
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Figure 3.7: Skewness of surface temperature with respect to the past 2000 years of the LGMR
for the LGM (left column), Deglaciation (middle column) and the Holocene (right
column). Shown are in panels (a)–(c) the skewness of the ensemble mean (as in P3

but without regridding) and in panels (d)–(r) that of five randomly selected ensemble
members. Like the ensemble mean, the individual members rarely show significant
deviation from a normal distribution, but patterns between members vary consider-
ably.
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Figure 3.8: Kurtosis of surface temperature with respect to the past 2000 years of the LGMR
for the LGM (left column), Deglaciation (middle column) and the Holocene (right
column). Shown are in panels (a)–(c) the kurtosis of the ensemble mean (as in P3

but without regridding) and in panels (d)–(r) that of five randomly selected ensemble
members. Like the ensemble mean, the individual members rarely show significant
deviation from a normal distribution, but patterns between members vary consider-
ably.
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Figure 3.9: Comparison of annual moments of surface temperature in time and over latitude in
simulations, reanalyses and an observational compilation. Standard deviation (left
column), skewness (middle column) and kurtosis (right column) are computed for
50 yr sliding windows along longitude for the period 1850–2023. Note the different
y-axis for the TransEBM run (panels p–r).
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with time in the polar regions, likely due to larger sea ice variability as also found by Olon-
scheck et al. (2021), a trend that the models do not reproduce. ERA5 covers only the end of
the period from 1950 onward, when it shows similar amplitudes of standard deviation as NOAA
20CR, whereas standard deviation in HadCRUT5 is smaller. Results for HadCRUT5 are, how-
ever, affected by the lack of coverage in the polar regions, especially in the 19th century. As
standard deviation tends to be higher in this region (Sec. 3.1.1), HadCRUT5 results have to be
interpreted with caution. Furthermore, we use the gridded ensemble mean of HadCRUT5 and
do not investigate individual ensemble members. As we have seen for the LGMR (Sec. 3.2.1),
variability can be subdued in an ensemble mean in comparison to the ensemble members. Some
of the models (HadCM3B, ECBilt-CLIO) simulate larger standard deviation or a slightly differ-
ent structure, as standard deviation in HadCM3B keeps increasing with latitude in the Southern
Hemisphere. With the exception of the EBM, the latitudinal patterns of standard deviation in
the models resembles those in the observational products in agreement with expectations from
P2 for annual, regional variability.

For the higher order moments of surface temperature, there are again some differences in the
higher latitudes between simulations and observational products (Fig. 3.9). In lower and middle
latitudes, on the other hand, skewness and kurtosis remain close to zero, suggesting that distri-
butions are normal there. The EBM remains an exception for the higher order moments as well.
This agrees with our findings for the Deglaciation (P3). As such, the remainder of the discus-
sion will focus on the other simulations. The observational products suggest larger amplitudes
in skewness and kurtosis in the northern high latitudes and larger kurtosis also in the southern
high latitudes, none of which is matched by the models. HadCRUT5, in particular, also shows
large changes over time in the Northern Hemisphere with skewness switching from negative to
positive and kurtosis increasing between the late 19th and late 20th century. While the changes
and moments in the Northern Hemisphere also differ between the reanalyses and HadCRUT5,
they all agree that there is a peak in kurtosis in the southern polar regions that the models do not
simulate. As a consequence, the models might lack in their representation of extreme conditions
in the polar regions.

Differences in precipitation distributions over the instrumental era between simulations and re-
analyses suggest possible weaknesses in the models in the tropical and polar regions (Fig. 3.10).
Among the simulations, only HadCM3B matches the overall amplitude of standard deviation of
precipitation in the tropics that the reanalyses consistently show throughout the period. How-
ever, instead of a single tropical peak near the equator, the latitudinal pattern in HadCM3B
contains a double peak north and south of the equator. The EMIC ECBilt-CLIO misses the
peak altogether confirming its weakness in simulating precipitation variability concluded for the
Deglaciation (P3). For skewness and kurtosis, the reanalyses display two positive peaks north
and south of the equator, the amplitudes and position of which vary slightly between them. How-
ever, the differences to and between the simulations are considerably larger. The EMIC lacks
these regions of increased skewness and kurtosis completely. The GCM and ESM simulations
produce other patterns than the reanalyses in at least one of the moments, with the MPI-ESM
simulations notably only simulating a Northern Hemisphere peak in both skewness and kurtosis.
The changes over time that the NOAA 20CR reanalysis suggests for skewness and kurtosis in
the polar regions do not exist in the simulations. In the reanalysis, both skewness and kurtosis
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Figure 3.10: Comparison of annual moments of precipitation in time and over latitude in simu-
lations to reanalyses. Standard deviation (left column), skewness (middle column)
and kurtosis (right column) are computed for 50 yr sliding windows along longitude
for the period 1850–2023.
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decrease over time, getting closer to zero, indicating that distributions become more normal.
The simulations, on the other hand, only show increased positive skewness, but not kurtosis, in
the southern polar regions, but little change over time. Inter-model differences, too, are large, as
no two models produce similar latitudinal patterns in either skewness or kurtosis.

Overall, the results for the instrumental era show the large variations among ESMs and GCMs
that are also present for the Deglaciation (P3). While there are some differences between the
reanalyses and HadCRUT5, disagreement with and between the simulations is larger. The sim-
ulations tend to compare better for standard deviation than for skewness and kurtosis, indicating
potential weaknesses in simulating extremes of surface climate on an annual timescale. These
weaknesses appear regionally and are especially strong in the polar regions.

3.2.3 Combining simulated and observed evidence to understand Earth

System dynamics

For long-term transient simulations, comparisons of models and observations are challenging,
especially with respect to variability. For example, simulations cannot be expected to match
the timing of abrupt events in the observational record as internal variability affects their timing
(PAGES Hydro2k Consortium, 2017). However, with the increasing amount of transient sim-
ulations included in paleoclimate modeling intercomparison projects, tackling the challenges
in comparisons of models and observations is crucial. This requires approaches that consider
uncertainties on the side of models and observations, which might need to be tailored to the
specific applications and circumstances at hand.

As of now, most comparisons of paleoclimate simulations with observations rely on equilibrium
simulations (e.g., Braconnot et al., 2012; Kageyama et al., 2021; Rehfeld et al., 2018). When
studies consider transient simulations, they mostly focus on comparisons at individual proxy
locations (e.g., He et al., 2021; Menviel et al., 2011; PAGES Hydro2k Consortium, 2017; Snoll
et al., 2024) or with large-scale mean reconstructions (e.g., Dallmeyer et al., 2022; Mikolajewicz
et al., 2025). These studies often consider only mean changes or investigate the most recent past,
in particular the common era (P2). However, some studies now expand the toolkit for comparing
model simulations with observations from various sources with data assimilation approaches or
evaluation metrics customized for variability (e.g., Bühler et al., 2021; Choblet et al., 2024;
Dolman et al., 2021; Kunz and Laepple, 2021; Weitzel et al., 2024).

Here, we use a gridded field reconstruction for the past 25 kyr created using data assimilation
(Osman et al., 2021) as well as historical and modern reanalyses and observations for compari-
son. The comparison of the simulations to observations suggest some weaknesses in the models
which merit further investigation, especially with respect to the representation of extreme con-
ditions and the changes of distributions over time. To this end, a more in-depth comparison
to reanalyses and observational records, including potentially individual station records, might
prove fruitful to investigate the representation of variability on short timescales. However, these
comparisons will remain limited by the short time-span covered by instrumental records. On
longer timescales, the comparison to the LGMR highlighted weaknesses in current data assimi-
lation approaches, which do not reflect the variability in the assimilated proxy records. As such,
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either improvements in data assimilation methods or comparisons to proxy-based reconstruc-
tions will be necessary to evaluate variability in simulations on longer timescales further.

On the model-side, such comparisons are affected by uncertainties in boundary conditions and
forcings, as well as in model parameterizations. Computational constraints for long-term tran-
sient simulations will further limit the possible resolution. Thus topographic effects and fine-
scale processes are parameterized or missing, whereas proxies will record such local effects
(PAGES Hydro2k Consortium, 2017). The limitation in resolution can be especially relevant
for precipitation, which can be highly localized as is then reflected in observations from stations
and proxies, something model grid boxes cannot adequately capture (Osborn and Hulme, 1997;
PAGES Hydro2k Consortium, 2017). Focusing on large-scale dynamics or using regional mod-
els and downscaling methods can help avoid such issues (PAGES Hydro2k Consortium, 2017).
However, downscaling with a regional climate model is not necessarily able to compensate bi-
ases in the circulation of the driving global model, meaning that biases in simulated variability
can remain (Gómez-Navarro et al., 2015).

Simulations of past climate can further be biased as models are tuned to modern climate (Hour-
din et al., 2017; Schmidt et al., 2017). For paleoclimate modeling, this adherence to tuning based
solely on modern observations has been called in question (e.g., Gregoire et al., 2011; Hopcroft
and Valdes, 2021; Hopcroft et al., 2021). Tuning, at least partially, to metrics of past climate
has been suggested as an alternative. Using such an approach, Hopcroft and Valdes (2021) have
shown that this can introduce abrupt behavior into a model that is absent if tuning is limited to
present-day observations. Due to the limited amount of observational records available for past
periods, the paleoclimate metrics and records to include in tuning have to be chosen with care.
As long as the evaluation of the resulting model setup includes out-of-sample periods to avoid
overtuning, expanding tuning metrics to include paleoclimate reconstructions can compensate
for the short record of direct observations.

On the proxy-side, limited spatial and temporal coverage of proxies are a concern. Proxy lo-
cations are further biased by availability and accessibility of archives, marine sediments, for
example, are biased towards coastal areas (e.g., Jonkers et al., 2020; Paul et al., 2021). These
spatial biases will affect the reconstructed spatial structure of variability. Uncertainties regard-
ing individual proxy records or proxy types can be reduced by using data from various proxy
types and locations. Non-climatic noise can further affect all stages from the recording of the
climate signal in an archive to the signal retrieval, for instance, measurement errors, as well as
the calibration and dating will introduce uncertainties into the reconstruction. The effect of noise
can further differ by timescale. For example, proxy variables in sedimentary archives integrate
variability from short to longer timescales (PAGES Hydro2k Consortium, 2017). As a result,
their spectra have more power at longer timescales and less at shorter ones in comparison to
the hydroclimatic variables they capture in a so-called reddening of the spectra (Huybers et al.,
2016; PAGES Hydro2k Consortium, 2017).

Improving our understanding of variability requires using simulations and observations as com-
plementary resources by tackling these uncertainties. Simulation ensembles using multiple mod-
els or multiple forcing protocols can help address issues of uncertain parameterizations and
boundary conditions. Here, we have shown, though, that not all models are made equally in
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their representation of variability. Taking ensemble means, on the other hand, can be inadequate
for analyzing variability, as ensemble members can, for example, have opposing trends (cf. Sec.
3.2.1, P3). Additionally, running large ensembles for multiple millennia can be computationally
prohibitive. One approach to circumvent this issue is to build statistical models, so-called em-
ulators, that emulate a climate model, but are computationally much more efficient. They have
been shown to be successful in reproducing mean changes of surface temperature and precipita-
tion globally (e.g., Castruccio et al., 2014) and regionally (e.g., Barboza et al., 2023). Schillinger
et al. (2022) have further demonstrated that a Bayesian approach allows for emulating GMST
variability, demonstrating that emulators can capture variability.

Furthermore, machine learning approaches have been implemented in weather forecasting, which
are trained to reproduce weather patterns based on reanalysis or observational data and demon-
strate skill comparable to traditional weather forecasting models (e.g., Bi et al., 2023; Lam et al.,
2023; Rasp et al., 2024). Kochkov et al. (2024) have recently shown that a machine learning
approach can also reproduce many features of climate for multiple decades, including tropical
cyclones. While variability has not been evaluated, the abilities of such methods look promising,
at least on short timescales, and they could offer a computationally efficient alternative to GCMs
and ESMs. However, they rely on sufficient training data. For the historical period, these exist
in the form of observational datasets, reanalysis and even large collections of climate model
simulations and ensembles. Further back in time, data becomes increasingly sparse. For mean
changes, ensembles from low and intermediate complexity models can provide a training set,
but as we have shown such models are insufficient in their representations of variability (P3,
Sec. 3.1.4). An evaluation of variability of the climates generated by machine learning models,
especially on decadal and longer timescales, could provide clarity on their potential for paleocli-
mate modeling. If such approaches prove inadequate, machine learning methods might instead
be used to improve boundary conditions or parameterizations (O’Gorman and Dwyer, 2018) and
then apply those in a GCM or ESM paleoclimate simulation.

Synthesizing individual proxy records can improve comparisons of simulations with reconstruc-
tions, for example through data assimilation methods. As data assimilation produces gridded
field reconstructions using a climate model constrained by proxy reconstructions, such as the
LGMR (Osman et al., 2021), it simplifies the comparison to simulations. However, the com-
putational demand for data assimilation is high. Paleoclimate research thus often uses offline
methods or intermediate complexity models (PAGES Hydro2k Consortium, 2017). As shown
here (P3, Sec. 3.2.1) and in Choblet et al. (2024), spatial smoothing can be an issue for vari-
ability in the assimilated product. Non-linear methods that do not require normality of the state
vectors could remedy this and are a current focus in data assimilation research (Evensen et al.,
2022). For paleoclimate research, Choblet et al. (2024) have demonstrated that data assimila-
tion can be adapted to account for the differing time resolutions of various proxy records and
be used on the measured water isotopes directly. Generally, comparing the measured proxy
variables directly instead of relying on reconstructed variables like temperature or precipita-
tion can eliminate error sources. Water isotopes, in particular, are measured across many major
archives (PAGES Hydro2k Consortium, 2017) and have been integrated in several climate mod-
els (e.g., Hoffmann et al., 1998; Risi et al., 2010; Roche, 2013; Tindall et al., 2009; Werner et al.,
2011). While running isotope-enabled simulations increases computational demand, removing
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the transfer step from measured to climate variable benefits model-observation comparisons,
including of variability (Bühler et al., 2022, 2021).

Any comparison of simulations and reconstructions needs to account for sources of non-climatic
noise as well as uncertainties in resolution and dating affecting proxy records. To this end,
proxy-system models (PSMs) provide a mathematical translation between the measured proxy
quantity and the climate variable of interest that mimics the biological, chemical and physical
processes affecting the proxy (Evans et al., 2013; PAGES Hydro2k Consortium, 2017; Weitzel
et al., 2024). A PSM can be run forward to create pseudo-proxies from simulated climate vari-
ables by applying the effects of how the climate variable imprints on a climate archive. It can
also be used as an inverse model to remove non-climatic effects and deduce the likely original
signal. PSMs are crucial when analyzing variability as noise can alter the signal differently
across timescales (Bühler et al., 2021; PAGES Hydro2k Consortium, 2017). They also allow for
a better synthesis of records, for example to compute spatial and temporal patterns of variability
(Laepple and Huybers, 2014b).

3.3 Surface climate variability under low to high future emission

scenarios

The Last Deglaciation is the most recent period of substantial global warming with an increase
in GMST by about 4–7◦C (Annan et al., 2022; Gulev et al., 2021; Osman et al., 2021; Tierney
et al., 2020). Depending on the eventual emissions pathway, expected future warming has the
potential to be of a similar magnitude to the warming of the Deglaciation. Considering the
colder initial state and the differences in warming speed, how similar changes in the climate
system during the Deglaciation are to future projected changes is unclear. To investigate this,
we present an analysis of variability changes in future projections not included in P1–P3.

The analysis focuses on simulations that are extensions of the transient Deglaciation simulation
MPI-ESM ch4 under three SSP scenarios — SSP 1-1.9, 2-4.5 and 5-8.5. Additionally, we
analyze all CMIP6 simulations of those three SSP scenarios that run at least until 2300 CE
combined with their historical counterparts. The analysis period is thus 1850 – 2300 CE. The
required simulation length limits the number of available simulations, as so far most CMIP6
scenario simulations have been run only until 2100 CE. Only MPI-ESM ch4 and GISS E2-1G
have a simulation available for each scenario, which is why we concentrate on them here and
present results for the other CMIP6 simulations in the appendix (Sec. A2). As in P3, we detrend
the annual timeseries of surface temperature and precipitation to assure weak stationarity, using a
kernel length of 100 yr for the Gaussian filter. We then compute the moments of the distributions
over 100 yr sliding windows.

The standard deviation of surface temperature decreases with warming, especially towards higher
latitudes, a finding that is consistent for the Deglaciation (P3) and the SSPs (Fig. 3.11, S17–
S19). This agrees with findings in the literature that report such a decrease with warming from
monthly to multi-decadal timescales (e.g., Bathiany et al., 2018; Boer, 2009; Olonscheck et al.,
2021; Rehfeld et al., 2020). It has been linked to the reduction of sea ice (Collow et al., 2019;
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Figure 3.11: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of surface temperature across latitude for combined historical and
SSP runs. Shown are the results for (a)–(i) GISS E2-1G r1 from the CMIP6 ensem-
ble and (j)–(r) MPI-ESM ch4. Results for the other simulations from the CMIP6
ensemble can be found in the appendix (Fig. S17–S19). Moments are computed
over 100 yr long rolling windows from 1850 – 2300 CE. Time is given as the middle
of that rolling window.

61



3.3 Surface climate variability under low to high future emission scenarios

Figure 3.12: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of precipitation across latitude for combined historical and SSP runs.
Shown are the results for (a)–(i) GISS E2-1G r1 from the CMIP6 ensemble and (j)–
(r) MPI-ESM ch4. Results for the other simulations from the CMIP6 ensemble can
be found in the appendix (Fig. S20–S22). Moments are computed over 100 yr long
rolling windows from 1850 – 2300 CE. Time is given as the middle of that rolling
window.
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Dai and Deng, 2021; Huntingford et al., 2013). As in Olonscheck et al. (2021), some simula-
tions show a small initial increase in standard deviation while the sea ice border moves and then
a decrease after sea ice has disappeared. For SSP 5-8.5 the decrease is particularly large and can
exceed expectations based extrapolation from the lower emission scenarios or the Deglaciation
(Fig. 3.13, S23). This is particularly apparent for MPI-ESM ch4, as the relationship between
mean and moments in SSP 5-8.5 often contains breaks (Fig. 3.13, 3.14). At these points, the
relationship between mean and the other moments suddenly changes and becomes categorically
different. For example, while the standard deviation of temperature in MPI-ESM ch4 in the
Antarctic regions initially decreases with warming under the SSP scenarios, for large warm-
ing it flattens and does not further decrease. In this case, this change is likely related to the
disappearance of sea ice at those latitudes.

For precipitation, the Deglaciation and future simulations show opposing trends in standard
deviation in the tropics, where overall standard deviation is largest: In the Deglacial simulations,
standard deviation of precipitation decreases with warming (Fig. 3.2), whereas it increases in
the SSP runs (Fig. 3.12). For some CMIP6 simulations, it starts decreasing towards the end
of the SSP 5-8.5 simulations (Fig. S22), but not MPI-ESM ch4 (Fig. 3.2). In the extratropics,
on the other hand, there is a trend towards increased standard deviation for both Deglacial and
future simulations.

For skewness and kurtosis, we find large inter-model differences (Fig. 3.13, 3.14, S17–S22).
For surface temperature, for example, there are large changes in the tropics, which grow larger
for higher emission scenarios. However, models disagree on the direction of change, as well
as the degree and temporal progression of it, both in the Deglacial and future simulations. For
precipitation, SSP 5-8.5 again stands out in comparison to the lower emission scenarios and the
Deglaciation. Only some changes in kurtosis in the tropics during the early Deglaciation are
similarly large to those in SSP 5-8.5. Otherwise, Deglacial changes in the higher moments of
precipitation tend to be more similar to those of SSP 2-4.5.

At times, we find large excursions in skewness and kurtosis with significant non-normality while
the radiative forcing is still changing until about 2100 CE (cf. Fig.1.1) and a couple of decades
after it stabilizes (Fig. 3.13 and S17–S22). Such disruptions can be found for instance for
temperature skewness in the polar regions of the Northern Hemisphere (e.g., Fig. 3.13e) and
for kurtosis around 70◦S (e.g., Fig. 3.13o, r). For MPI-ESM ch4, we additionally find distinct
states in the higher order moments and rather abrupt transitions between them, especially for
SSP 5-8.5 (e.g., Fig. 3.13q & r). As the emissions increase and the climate warms, simulated
sea ice cover shrinks and more and more areas become ice free, potentially year-round. This
will lead to abrupt changes in the local climate of these regions that affect the distributions of
surface temperature and precipitation.

The disturbances in the higher order moments appear while emissions are increasing and thus
seem to occur through the response of fast-acting components and feedbacks of the climate
system. Once the emissions stop, the moments tend to stabilize. This indicates that even in the
high emission scenario, stopping the emissions shows effect quickly, lessening the impacts on
the tails of the distributions. This potentially implies that magnitude and frequency of extreme
events also stabilizes, something that an analysis of extremes could clarify. Additional analysis
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Figure 3.13: Moments (y-axis) of surface temperature across each latitude against the mean
anomaly with respect to 1850 − 1899 CE (x-axis) for MPI-ESM ch4. Shown are
the Deglaciation, SSP 1-1.9, SSP 2-4.5 and SSP 5-8.5. For the Deglaciation lighter
shades of gray are further north within the range of each panel.
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Figure 3.14: Moments (y-axis) of precipitation across each latitude against the mean anomaly
with respect to 1850−1899 CE (x-axis) for MPI-ESM ch4. Shown are the Deglacia-
tion, SSP 1-1.9, SSP 2-4.5 and SSP 5-8.5. For the Deglaciation lighter shades of
gray are further north within the range of each panel.
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should hone in on differences before and after forcing stabilizes, for example by considering
idealized forcing scenarios. Such idealized simulations could switch several times between an
increasing and constant GHG forcing, while also varying the strength of forcing, the length
of its application and the down time in-between. This would allow to investigate whether the
excursions in higher order moments are indeed a property of a climate system in short-term or
long-term disequilibrium. It could further demonstrate how soon after the onset of increase in
emissions, the excursions appear and how soon they disappear once the emissions stop. The
relation to the strength of the forcing and the speed of its increase could further be examined.

Our results already show that the speed of forcing matters for the amplitude and frequency of
response of the climate system. While there are commonalities between the three scenarios, the
moments are also often different at the same warming level (e.g., Fig. 3.13, S23). Sensitivity
experiments, which reach the same warming levels but at different speeds, could clarify this link
between warming speed and variability. Such experiments could also be used to investigate the
relative role of speed and overall magnitude of warming. In our analysis, the low and middle
emission scenario mostly show similar trends to the Deglacial simulations. SSP 5-8.5, on the
other hand, seemingly exhibits changes in variability without equivalent in the Deglaciation or
lower emission scenarios. This suggests that parts of the climate system might enter a different
territory at such high emissions, but how much this is driven by the speed versus the magnitude
of forcing is, at this point, unclear.

When comparing how moments of the Deglacial and SSP simulations change with the mean, the
larger spread in moments at any warming level during the Deglaciation is apparent (Fig. S23,
S24). Due to the lower speed of changes, the influence of internal variability is larger during
the Deglaciation, as the slower components of the climate system can adapt to the changes. In
contrast, the slower components of the climate system lag behind in the future projections and
much of their response can be expected to unfold over the centuries and millennia to come, as
global mean sea level for example will continue to rise even under SSP 1-1.9 (IPCC, 2021c).
Based on the results for the Deglaciation, the moments can likely be expected to display a spread
in the future projections once the forcing stabilizes.

We find large inter-model differences for skewness and kurtosis in the SSP scenarios, which war-
rant further investigation. In particular, larger ensembles for SSP 1-1.9 and SSP 2-4.5 or adding
other scenarios could strengthen confidence in these results. Additionally, the continuation of
more or new members of the Deglacial ensemble into the future would enable the analysis of the
connection between past and future warming. Due to the large inter-model spread, differences
between MPI-ESM ch4 and the SSP scenarios cannot, with confidence, be attributed to long-
term memory effects present in MPI-ESM ch4, something which additional ensemble members
or comparison to MPI-ESM SSP runs not initialized from the Deglacial simulation could remedy
in the future.

This analysis provides first insights into future climate variability based on past evidence. How-
ever, it is limited by the small number of simulations available across scenarios, both as exten-
sions of the Deglacial ensemble and running until 2300 CE in CMIP6. Specifically, an inves-
tigation of memory effects in slow components of the climate system and the influence of the
initial state would be of interest. This could be achieved by comparing projections extended

66



3.3 Surface climate variability under low to high future emission scenarios

from the transient Deglacial ensemble members to historical and scenario simulations from the
same models initialized at 1850 CE. For the historical period, these simulations could then be
evaluated against observations to investigate whether there are systematic improvements in sim-
ulated variability depending on the initial conditions. Considering high-resolution data, could
provide further confidence in these comparisons. This would provide an evaluation of models’
skills in simulating variability and could inform future model development. Both are vital to
better constrain future climate variability and its changes with magnitude and speed of warming
across timescales.
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4 Conclusion

Climate variability directly impacts people’s everyday lives: It affects the frequency and severity
of extremes (P2, Ionita et al., 2021; Katz and Brown, 1992; Schär et al., 2004; Simolo and Corti,
2022) and amplifies impacts on societies (Anderson et al., 2019; Hsiang et al., 2013; O’Loughlin
et al., 2014) and ecosystems (Seddon et al., 2016; Stenseth et al., 2002). Furthermore, projec-
tions (Deser et al., 2012; Hawkins and Sutton, 2009), as well as attribution (Harrington et al.,
2021; Hegerl and Zwiers, 2011; Van Oldenborgh et al., 2022) and impact studies (Calel et al.,
2020; Schwarzwald and Lenssen, 2022) require the reliable simulation of variability. As such,
reported uncertainties in variability in studies of past, present and future climate are concerning
(P3, Alexander and Perkins, 2013).

Various studies suggest that surface climate variability depends on timescale as well as the back-
ground climate state (e.g., Brown et al., 2017; Rehfeld et al., 2018; Shao and Ditlevsen, 2016).
However, variability has mainly been investigated in quasi-equilibrium climate states, mostly
during the Holocene (P2), but rarely during periods of warming on longer than interannual
timescales. Here, we addressed these gaps in three publications (P1–P3) and additional anal-
yses (AA) by investigating how spatio-temporal patterns of surface climate variability depend
on and change with the mean climate from the LGM to possible future emission scenarios. To
this end, we examined the changes of surface climate variability in ensembles of climate model
simulations and compared them to observational records. Following our research objectives
(O1–O5), we analyzed how surface climate variability depends on temporal and spatial scales
(O1) and the background climate state (O2) in models and observations. In the simulations, we
analyzed the effects of forcings and boundary conditions (O3), as well as the complexity of cli-
mate models on variability (O4). Lastly, we evaluated how surface climate variability changes
with past and future warming (O5).

The results show

1. Spatio-temporal patterns of surface climate variability

Indicators of surface climate variability depend on the temporal and spatial scale in ques-
tion (P2, P3, AA). The standard deviation decreases between annual and centennial time-
scales for both surface temperature and precipitation (P3). For temperature, it is the
largest at high latitudes and for precipitation in the tropics. For temperature, the skewness
and tails of the distribution become more pronounced from annual to centennial scales.
For precipitation, on the other hand, both skewness and kurtosis decrease towards longer
timescales, but the resulting shape of the distribution depends on the background state.
Observations and simulations of surface temperature variability agree globally and region-
ally on annual to interannual timescales (P2, P3). On decadal and longer timescales, how-
ever, regional variability diverges as observed variability is higher than simulated variabi-
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lity. Since uncertainties in reconstructions cannot on their own explain these differences,
models likely lack regional variability on these timescales (P2). Regional climate fluctu-
ations on annual to interannual scales likely persist on longer timescales, which models
currently fail to capture.

2. State-dependency of surface climate variability

Surface climate variability depends on the background state and changes with it (P3, AA).
This state-dependency increases from annual to millennial scales for surface temperature
and from centennial scales for precipitation. LGM temperature variability is larger than
Holocene variability, while the opposite holds for precipitation. However, the simulated
temperature variance ratio between LGM and Holocene is smaller than that in reconstruc-
tions (P3), in agreement with results from equilibrium simulations (Rehfeld et al., 2018;
Shi et al., 2022). In contrast to these quasi-equilibrium states, variability tends to be even
larger throughout transitionary periods like the Last Deglaciation (P3). These patterns
depend on the period and timescale. For example, annual temperature standard deviation
generally decreases with warming from one century to the next.
There are large inter-model differences for the higher order moments in all mean states
(P3, AA). As these moments describe the tails of the distributions, disagreement between
models casts doubt on their ability to simulate extreme behavior. At times, skewness and
kurtosis change abruptly, especially during the early Deglaciation and early Holocene. As
such, variability does not change linearly with the background state. Instead, abrupt shifts
and changes in scaling are possible as the climate seems to enter new regimes.

3. Effects of forcings and boundary conditions on simulated surface climate variability

The impact of ice sheet reconstructions, meltwater protocol and volcanism is usually
stronger on the simulated variability of surface temperature than precipitation (P3). On
the forcings’ characteristic timescales their impact is the largest. However, they also in-
fluence indicators of variability on all other timescales investigated here, from annual
to millennial. As such, these forcings impact variability on timescales both shorter and
longer than their characteristic timescales as they alter slower and faster components of
the climate system.
Among the ice sheet reconstructions, we mostly find higher variability the higher and
larger in extent the ice cover is (P3). Testing different meltwater protocols demonstrates
that river-routing is associated with higher and more realistic patterns of variability than
the globally homogeneous distribution of meltwater. The exclusion of meltwater results
in a notable lack of variability. The inclusion of volcanic forcing generally increases
variability and narrows the gap between simulated and observed regional variability on
decadal and longer timescales.

4. Influence of model complexity on simulated surface climate variability

The complexity of GCMs is at least necessary for an adequate representation of variabil-
ity in models (P3). Beyond that, inter-model differences surpass differences in complexity
in our Deglacial simulation ensemble. Within the computational limitations imposed on
transient simulations that are several ten thousand years long, model resolution also plays
no significant role in the simulation of surface climate variability. As such, forcings and
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boundary conditions are likely to play a larger role for variability in state-of-the-art mod-
els.

5. Surface climate variability under past and future warming

Standard deviation changes are similar in the past and future, although the dependence on
the mean can change for high emission scenarios (AA). For the higher order moments, on
the other hand, there is a large spread between simulations, which thus likely translates
into a spread in simulated extremes. As the connection between the moments and ex-
tremes is intricate, this merits an explicit investigation comparing changes in temperature
and precipitation extremes under past and future warming.
Our results suggest that variability depends not only on the magnitude but also the speed
of warming (P3, AA). Both contribute to the increased variability we observe during
warming episodes in contrast to quasi-equilibrium states, which can appear in abrupt ex-
cursions. Once the forcing and the resulting warming stabilize, variability decreases.

This extensive study of surface climate variability extends the understanding of variability to
consider the whole distributions of climatic variables. We demonstrate how variability changes
from past to present and potential future climate states on annual to millennial timescales. The
results highlight the importance of transient, long-term simulations with river-routed meltwater
and volcanic forcing for an adequate representation of surface climate variability in models.
The impact of meltwater protocol and ice sheet reconstruction further suggests that ice sheet
models coupled to AOVGCMs might improve simulated variability and narrow the identified
gaps between observed and simulated variability.

Nevertheless, a more in-depth comparison of simulated and observed variability including higher
order moments is necessary to further hone in on model weaknesses and improve models. In par-
ticular, variables besides surface temperature need more attention to determine whether weak-
nesses in simulated temperature variability are the exception or the rule. However, the spatial
and temporal coverage of proxy records is limited and the calibration of measured proxy pro-
perties to climatic variables can be challenging. In this respect, isotope-enabled modeling could
prove particularly useful as it allows the simulation of the properties measured in proxies and
thus a direct comparison, especially when used in conjunction with proxy system models. For
paleoclimate, common data assimilation methods fail to preserve the variability found in the
underlying proxy-based reconstructions, possibly due to their sparse coverage and assumptions
of normality. Current developments towards non-linear data assimilation approaches could help
retain reconstructed variability in assimilated products. Such improved comparisons of simu-
lated and observed variability would help evaluating the relative skill of GCMs and ESMs, for
which we found large inter-model differences.

A comprehensive evaluation of simulated variability could then further substantiate the analysis
of projected variability presented here, as it would allow identifying models skilled at simulating
variability. Currently, an extension to future scenarios is available for only one of the simulations
in the Deglacial ensemble, such that our findings could be model specific. As such further
simulations are needed to corroborate our results, such as extensions of Deglacial ensemble
members into the future and sensitivity experiments that focus on the speed and magnitude of
the forcing. Using our extensive analysis of past variability, it would then be possible to verify
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to which extent past parallels future variability and to constrain the conditions under which
variability enters new territory.
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A1 Comparison of surface climate variability on annual versus

centennial timescales

To investigate the differences with respect to timescale in the moments discussed in Sec. 3.1.1
and whether distributions become more or less normal with increasing timescale, we compute
the differences in absolute skewness and kurtosis. For both surface temperature (Fig. S1 & S2)
and precipitation (Fig. S3 & S4), the figures show the differences per time period — LGM,
Deglaciation and Holocene — for a subset of the Deglacial ensemble. The differences between
the annual and centennial moments are often small. With the exception of the erroneous tropical
Holocene signal in MPI-ESM (c.f. 3.1.2), large differences mostly occur during the Deglacia-
tion, when the centennial skewness and kurtosis tend to be larger for both surface temperature
and precipitation. For surface temperature, the inclusion of volcanic forcing in MPI-ESM r7
leads to larger annual moments, especially in the tropics and for LGM and Holocene (Fig. S1 &
S2, panels j & l).

A2 Changes in annual moments of surface climate with time

from the Last Glacial Maximum to future scenarios

Temporal changes in moments in the Deglacial ensemble

As part of the analysis of how the moments depend on different timescales in Sec. 3.1.1 and
in addition to the analysis from P3, we analyze the change in the annual moments over 100 yr
rolling windows from the LGM to present-day. Here, we present the results from the main text
for surface temperature (Fig. 3.1) and precipitation (Fig. 3.2) split into LGM (Fig. S5 & S8),
Deglaciation (Fig. S6 & S9) and Holocene (Fig. S7 & S10) so as to highlight the differences
between the periods. As discussed in Sec. 3.1.1, these show that abrupt shifts and large changes
in moments mostly happen during the Deglaciation, while changes are more gradual during the
LGM and Holocene.

Additionally, we examine state-dependency of the moments by calculating the LGM-to-Holocene
ratios of the moments for annual, decadal and centennial timescales (c.f. Sec. 3.1.2). Standard
deviation of surface temperature tends to be larger during the LGM across timescales, although
there are exceptions for some simulation setups like MPI-ESM r5 and TraCE-21ka (Fig. S11).
For precipitation, standard deviation is larger during the Holocene almost everywhere, with sim-
ilar patterns across simulations (Fig. S14). For both temperature and precipitation, the skewness
and kurtosis ratios exhibit seemingly random distributions with almost no clear patterns (Fig.
S12, S13, S15 & S16).

Temporal changes of moments in low to high emission future scenarios

In Sec. 3.3, we analyze variability in future projections under three SSP scenarios, 1-1.9, 2-
4.5 and 5-8.5. There, we present results for MPI-ESM ch4 and GISS E2.1-G r1. MPI-ESM
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ch4 represents an extended member of the Deglacial ensemble, whereas the GISS simulation
is a CMIP6 ensemble member, for which all three scenarios are available. Here, we add the
other CMIP6 ensemble members. If several runs are available for a scenario for one model
configuration, such as the ten SSP 2-4.5 runs available for GISS E2.1-G, we show results for run
1 only. Figures S17, S18 and S19 show the annual moments over 100 yr sliding windows for SSP
1-1.9, 2-4.5 and 5-8.5, respectively, with changes becoming larger and more erratic the higher
the emission scenario. Figures S20, S21 and Fig. S22 display the same but for precipitation.

For the comparison between past and future warming, we compare the changes in standard devi-
ation, skewness and kurtosis of surface temperature (Fig. S23) and precipitation (Fig. S24) with
their mean in the Deglacial ensemble with the CMIP6 ensemble. Note that for the Deglaciation
individual ensemble members are shown, whereas for the CMIP6 ensemble, it is the ensem-
ble mean. However, taking the ensemble mean of the CMIP6 simulations is not responsible
for the relative smoothness of the moment to mean relationship exhibited in comparison to the
Deglacial simulations. Instead, it is a result of the stronger and faster forcing that suppresses
much of the internal variability. For the Deglacial simulations, on the other hand, the mean state
changes more slowly. As a result, the simulations sample more of the internal variability of the
climate system resulting in a larger range of the moments in comparison to the mean. Figures
3.13 and 3.14 in Sec. 3.3 show the relation between moments and mean but only for MPI-ESM
ch4 and similarly exhibit a larger spread in moments during the Deglaciation.

A3 Mean fields of surface temperature in the LGM Reanalysis

Complementing the discussion of the LGMR ensemble in Sec. 3.2.1, Fig. S25 presents the
mean fields of the randomly chosen ensemble members. It shows that the mean fields are very
similar across ensemble members with only slight differences in the warming patterns.
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Figure S1: Difference of absolute centennial to annual surface temperature skewness for LGM,
Deglaciation and Holocene. Red tones indicate that centennial skewness is larger,
blue ones the opposite.
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Figure S2: Difference of absolute centennial to annual surface temperature kurtosis for LGM,
Deglaciation and Holocene. Red tones indicate that centennial skewness is larger,
blue ones the opposite.
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Figure S3: Difference of absolute centennial to annual precipitation skewness for LGM,
Deglaciation and Holocene. Red tones indicate that centennial skewness is larger,
blue ones the opposite.
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Figure S4: Difference of absolute centennial to annual precipitation kurtosis for LGM, Deglacia-
tion and Holocene. Red tones indicate that centennial skewness is larger, blue ones
the opposite.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S5: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of surface temperature across latitudes during the LGM. Moments
are computed over 100 yr long rolling windows. Time is given as the middle of that
rolling window.
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Figure S6: As Fig. S5 but for the Deglaciation.
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Figure S7: As Fig. S5 but for the Holocene.
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Figure S8: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of precipitation across latitudes during the LGM. Moments are com-
puted over 100 yr long rolling windows. Time is given as the middle of that rolling
window.
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Figure S9: As Fig. S8 but for the Deglaciation.
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Figure S10: As Fig. S8 but for the Holocene.
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Figure S11: Ratio of standard deviation of surface temperature of the LGM with respect to the
Holocene for annual (left column), decadal (middle column) and centennial (right
column) timescales.
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Figure S12: Ratio of skewness of surface temperature of the LGM with respect to the Holocene
for annual (left column), decadal (middle column) and centennial (right column)
timescales.
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Figure S13: Ratio of kurtosis of surface temperature of the LGM with respect to the Holocene
for annual (left column), decadal (middle column) and centennial (right column)
timescales.
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Figure S14: Ratio of standard deviation of precipitation of the LGM with respect to the Holocene
for annual (left column), decadal (middle column) and centennial (right column)
timescales.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S15: Ratio of skewness of precipitation of the LGM with respect to the Holocene
for annual (left column), decadal (middle column) and centennial (right column)
timescales.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S16: Ratio of kurtosis of precipitation of the LGM with respect to the Holocene for
annual (left column), decadal (middle column) and centennial (right column)
timescales.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S17: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of surface temperature across latitude for combined historical and
SSP 1-1.9 runs from the CMIP6 multi-model ensemble and MPI-ESM ch4. Mo-
ments are computed over 100 yr long rolling windows from 1850 – 2300 CE. Time
is given as the middle of that rolling window.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S18: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of surface temperature across latitude for combined historical and
SSP 2-4.5 runs from the CMIP6 multi-model ensemble and MPI-ESM ch4. Mo-
ments are computed over 100 yr long rolling windows from 1850 – 2300 CE. Time
is given as the middle of that rolling window.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S19: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of surface temperature across latitude for combined historical and
SSP 5-8.5 runs from the CMIP6 multi-model ensemble and MPI-ESM ch4. Mo-
ments are computed over 100 yr long rolling windows from 1850 – 2300 CE. Time
is given as the middle of that rolling window.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S20: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of precipitation across latitude for combined historical and SSP 1-
1.9 runs from the CMIP6 multi-model ensemble and MPI-ESM ch4. Moments are
computed over 100 yr long rolling windows from 1850 – 2300 CE. Time is given as
the middle of that rolling window.
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Figure S21: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of precipitation across latitude for combined historical and SSP 2-
4.5 runs from the CMIP6 multi-model ensemble and MPI-ESM ch4. Moments are
computed over 100 yr long rolling windows from 1850 – 2300 CE. Time is given as
the middle of that rolling window.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S22: Annual standard deviation (left column), skewness (middle column) and kurtosis
(right column) of precipitation across latitude for combined historical and SSP 5-
8.5 runs from the CMIP6 multi-model ensemble and MPI-ESM ch4. Moments are
computed over 100 yr long rolling windows from 1850 – 2300 CE. Time is given as
the middle of that rolling window.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S23: Moments (y-axis) of surface temperature across each latitude against the mean
anomaly with respect to 1850 − 1899 CE (x-axis) for four Deglacial simulations
as well as the CMIP6 ensemble mean for SSP 1-1.9, SSP 2-4.5 and SSP 5-8.5.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S24: Moments (y-axis) of precipitation across each latitude against the mean anomaly
with respect to 1850 − 1899 CE (x-axis) for four Deglacial simulations as well as
the CMIP6 ensemble mean for SSP 1-1.9, SSP 2-4.5 and SSP 5-8.5.
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A3 Mean fields of surface temperature in the LGM Reanalysis

Figure S25: Mean temperature anomaly with respect to the past 2000 years of the LGMR for
the LGM (left column), Deglaciation (middle column) and the Holocene (right col-
umn). Shown are in panels (a)–(c) the ensemble mean (as in P3 but without regrid-
ding) and in panels (d)–(r) five randomly selected ensemble members. For the mean
fields variation between the ensemble members is small.

102



A4 Publication 1: TransEBM v. 1.0: Description, tuning, and validation of a transient model of
the Earth’s energy balance in two dimensions

A4 Publication 1: TransEBM v. 1.0: Description, tuning, and

validation of a transient model of the Earth’s energy balance

in two dimensions

Publication 1 (P1): E. Ziegler & K. Rehfeld (2020): TransEBM v. 1.0: Description, tuning, and
validation of a transient model of the Earth’s energy balance in two dimensions, Geoscientific
Model Development, 14. doi:10.5194/gmd-14-2843-2021

103



Geosci. Model Dev., 14, 2843–2866, 2021

https://doi.org/10.5194/gmd-14-2843-2021

© Author(s) 2021. This work is distributed under

the Creative Commons Attribution 4.0 License.

TransEBM v. 1.0: description, tuning, and validation of a transient

model of the Earth’s energy balance in two dimensions

Elisa Ziegler and Kira Rehfeld

Institute of Environmental Physics, Heidelberg University, Heidelberg, Germany

Correspondence: Elisa Ziegler (eziegler@iup.uni-heidelberg.de) and Kira Rehfeld (krehfeld@iup.uni-heidelberg.de)

Received: 14 July 2020 – Discussion started: 9 October 2020

Revised: 23 February 2021 – Accepted: 3 March 2021 – Published: 20 May 2021

Abstract. Modeling the long-term transient evolution of cli-

mate remains a technical and scientific challenge. However,

understanding and improving modeling of the long-term be-

havior of the climate system increases confidence in pro-

jected changes in the mid- to long-term future. Energy bal-

ance models (EBMs) provide simplified and computationally

efficient descriptions of long timescales and allow large en-

semble runs by parameterizing energy fluxes. In this way,

they can be used to pinpoint periods and phenomena of in-

terest. Here, we present TransEBM, an extended version of

the two-dimensional energy balance model by Zhuang et al.

(2017a). Transient CO2, solar insolation, orbital configura-

tion, fixed ice coverage, and land–sea distribution are imple-

mented as effective radiative forcings at the land surface. We

show that the model is most sensitive to changes in CO2 and

ice distribution, but the obliquity and land–sea mask have

significant influence on modeled temperatures as well. We

tune TransEBM to reproduce the 1960–1989 CE global mean

temperature and the Equator-to-pole and seasonal temper-

ature gradients of ERA-20CM reanalysis (Hersbach et al.,

2015). The resulting latitudinal and seasonal temperature dis-

tributions agree well with reanalysis and the general circu-

lation model (GCM) HadCM3 for a simulation of the past

millennium (Bühler et al., 2020). TransEBM does not repre-

sent the internal variability of the ocean–atmosphere system,

but non-deterministic elements and nonlinearity can be in-

troduced through model restarts and randomized forcing. As

the model facilitates long transient simulations, we envisage

its use in exploratory studies of stochastic forcing and per-

turbed parameterizations, thus complementing studies with

comprehensive GCMs.

1 Introduction

Observational records of climate and proxies are limited in

both time and space (Schmidt et al., 2014; Hersbach et al.,

2015). As such, climate models are vital for climate research

since they can fill in gaps left by observational records. Such

gaps exist both during the instrumental era and in paleocli-

mate, e.g., with respect to transitions and hysteresis in cli-

mate (e.g., Rahmstorf et al., 2005; Abe-Ouchi et al., 2013;

Ghil, 2015; Fraedrich et al., 2016; Stap et al., 2017) or vari-

ability in the climate system (Huybers and Curry, 2006;

Laepple and Huybers, 2014; Rehfeld et al., 2020). They al-

low for the study of questions about past changes in climate

like the Holocene temperature conundrum (Liu et al., 2014)

or the response to changes in boundary conditions, thus im-

proving the understanding of the past, present, and future

states of the climate system (Braconnot et al., 2012; Schmidt

et al., 2014). To provide confidence regarding their results,

large ensembles are necessary (Collins et al., 2013; Schmidt

et al., 2014). However, due to constraints in computational

resources, to date state-of-the-art Earth system or general cir-

culation models (GCMs) can only offer transient simulations

for limited timescales (Smith and Gregory, 2012; Liu et al.,

2009; Stap et al., 2017; Otto-Bliesner et al., 2017) unless

they restrict the complexity of the models (e.g., Goosse et al.,

2010; Smith and Gregory, 2012; Andres and Tarasov, 2019;

Stap et al., 2018). Long timescales in particular have been

simulated by taking snapshots of equilibrium states instead

(e.g., Singarayer and Valdes, 2010). In this context, low-

complexity models such as energy balance models (EBMs)

are viable alternatives since their computational efficiency al-

lows the running of fast and repeated simulations.

EBMs compute the temperature field based on the differ-

ence between incoming solar and outgoing terrestrial radia-

Published by Copernicus Publications on behalf of the European Geosciences Union.
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tion. Unlike GCMs, EBMs do not contain parameterizations

of the whole climate system and instead focus on the Earth’s

energy balance and parameterization of energy fluxes. They

were among the first climate models developed and helped

build the current understanding of the climate system (North

and Kim, 2017). However, many of the early studies cannot

be reproduced today, since the models were not preserved

(Zhuang et al., 2017a). This motivated Zhuang et al. (2017a)

to publish their model code for a two-dimensional EBM,

which serves as the basis of this study.

Arrhenius (1896) was the first to estimate the Earth’s en-

ergy balance in order to calculate its global mean tempera-

ture response to the influence of greenhouse gases. In the late

1960s, Budyko (1968) and Sellers (1969) introduced EBMs

as one-dimensional models with latitudinal energy transport

and investigated their response to changes in solar radiation.

Sellers (1969) contributed an early study on the effect of hu-

man greenhouse gas emissions. North and Coakley (1979)

added a seasonal cycle and later introduced a longitudinal di-

mension (North et al., 1980, 1983) so that their EBM could

simulate a two-dimensional representation of global temper-

atures.

North et al. (1983) incorporated seasonality in the two-

dimensional EBM and investigated the lag of the annual cy-

cle with respect to solar forcing and how seasonality inter-

acts with changes in orbital parameters. They showed how

configurations of orbital parameters can lead to colder sea-

sons in the Northern Hemisphere that favor glaciation. Oth-

ers studied seasonality under varying continental configura-

tions throughout Earth’s history (Crowley et al., 1986; Men-

gel et al., 1988; Crowley et al., 1989; Hyde et al., 1989; Short

et al., 1991). For example, examining the effect of changing

land–sea distributions on the seasonal cycle, Crowley et al.

(1986) and Crowley et al. (1989) found considerable differ-

ences in summer temperatures throughout the ages depend-

ing on land–sea distribution. Huang and Bowman (1992)

conducted a similar study, focusing on the seasonal snow-

line instability and the response of the ice albedo feedback to

variations in land–sea distribution and seasonality.

Many of these studies examined seasonality in conjunc-

tion with not just the snowline instability but the whole

cryosphere, whose influence on Earth’s climate has long been

of interest. Sellers (1969) had already examined the idea of

an ice-free Arctic in response to continued and increasing

greenhouse gas emissions, and numerous studies followed

that investigated the small ice cap instability and its relation

to the formation of the Antarctic ice sheet (North et al., 1983;

North, 1984; Mengel et al., 1988; Crowley and North, 1990;

Huang and Bowman, 1992). To examine the small ice cap

instability, they simulated whether snow and ice accumulates

or melts based on midsummer temperatures. The albedo field

was then changed in accordance with the simulated snowline.

In this way, these studies were able to simulate the response

of the ice cover to changes in solar insolation or greenhouse

gas concentration.

Crowley and North (1990) additionally analyzed transi-

tions into glacial states. In fact, several of the studies found

abrupt transitions and hysteresis in the creation and disap-

pearance of ice sheets (North et al., 1983; Mengel et al.,

1988; Crowley and North, 1990; Zhuang et al., 2014), as

well as the possibility of multiple stable states with and with-

out ice co-existing (North et al., 1983; North, 1984; Mengel

et al., 1988). These studies built on both Budyko (1968) and

Sellers (1969), who already demonstrated that EBMs can be

used to study hysteresis in the climate system. They found

that changes in solar radiation might lead to transitions be-

tween stable states and discussed under which conditions an

ice-covered Earth could be possible. All of these studies sug-

gest that there are multiple stable states in the climate system

that climate can transition between.

Crowley and North (1988) and Crowley and Hyde (2008)

relate such transitions to increasing variability in the climate

system. They argue that an increase in variability indicates a

predisposition of Earth’s climate towards tipping into a dif-

ferent state in response to small changes in boundary condi-

tions. Ghil (2015) investigated climate variability and sen-

sitivity from a system dynamics standpoint to understand

variability on all timescales. For this, the study used zero-

to two-dimensional EBMs as part of a model hierarchy to

show how multiple equilibria arise and how internal variabil-

ity interacts with forcings. Dortmans et al. (2019) also found

evidence for bifurcations and possible transitions between

stable states in relation to glaciation. They connected these

transitions to particular points in the geological past using

a zero-dimensional EBM. At these points, they investigated

possible mechanisms that explain sudden glaciations or un-

usually warm periods, focusing mainly on CO2, water vapor,

and oceanic and atmospheric heat transport. Overall, EBMs

are able to simulate hysteresis and tipping points, whereas

CMIP5 GCMs struggle to simulate such strong transitions,

as shown for Arctic sea ice (Wagner and Eisenman, 2015;

Bathiany et al., 2016), as well as the Atlantic meridional

overturning circulation and other proposed tipping points

(Bathiany et al., 2016).

Further studies of Earth’s climatic history include the sim-

ulation of a possible climate on the supercontinent Pangaea

during the early Late Permian (Crowley et al., 1989) and on

Gondwana (Crowley et al., 1986, 1987). Hyde et al. (1989)

simulated the past 18 000 years with snapshots taken ev-

ery 3000 years, and Short et al. (1991) modeled the past

800 000 years in selected regions using snapshot simulations

in response to orbital forcing. For such long-term studies

in particular, transient simulations provide insights into the

build-up of forcings, feedbacks, and their interactions in the

climate system. With respect to transient simulations, Harvey

and Schneider (1985) presented a pioneering study, which

used a hemispherically averaged box-type EBM to examine

effects of solar, CO2, and volcanic forcing. More recently,

Stap et al. (2017) created transient simulations of the past

38 million years to study the impact of ice sheets on the rela-
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tionship between temperature and CO2 by coupling an one-

dimensional EBM to an one-dimensional ice sheet model.

Moreover, EBMs have been applied to study scaling of the

power spectrum of temperature, for example Rypdal et al.

(2015) generalized a two-dimensional stochastic–diffusive

EBM to analyze scaling features. The temperature response

to stochastic forcing has also been examined (e.g., Kim and

North, 1991; Rypdal et al., 2015), while Fraedrich et al.

(2016) and Meyer et al. (2018) used EBMs to analyze mem-

ory effects in the climate system. Dommenget et al. (2019)

built a large database of more than 1300 experiments with

a two-dimensional EBM. They explored how different feed-

backs and components in the climate system, such as the ice–

albedo feedback, clouds, or the hydrological cycle respond to

changes in forcing. They also produced projections of future

climate, as did Hébert et al. (2020).

Many of these studies provide robust results only when

using large ensembles of runs that represent many possible

realizations of climate or explore the parameter space of the

models.

We present TransEBM v. 1.0, a transient extension of the

model by Zhuang et al. (2017a), a two-dimensional EBM that

simulates the surface temperature field based on the Earth’s

energy balance. Briefly, the model works as follows: local

albedo determines how much of the incoming radiation is

reflected back into space by both atmosphere and surface.

The atmosphere is averaged with no local differences, and

only the surface temperature is computed. The surface tem-

perature changes according to the absorbed energy and the

surface’s heat capacity. The energy that enters the system is

transported so as to balance the temperature gradients caused

by latitudinal differences in incoming radiation and the inho-

mogeneous distribution of land and ice masses. The Earth

then emits long-wave radiation depending on the local sur-

face temperature.

The model is presented in detail in Sect. 2, which cov-

ers the model description (Sect. 2.1), the parameterization

and forcings (Sect. 2.2), the code structure and benchmark-

ing (Sect. 2.3), and the parameter tuning (Sect. 2.4). Section 3

validates the model by starting with the evaluation of the tun-

ing using reanalysis data (Sect. 3.1). Furthermore, it presents

a sensitivity test with respect to the forcings (Sect. 3.2) and

the results of a past millennium simulation, which is com-

pared to GCM simulations and a multi-proxy reconstruction

(Sect. 3.3). We present a short tutorial in Sect. 4, followed

by a discussion of the model’s strengths and weaknesses, as

well as potential applications and extensions, in Sect. 5.

2 TransEBM

2.1 Model description

TransEBM computes a surface temperature field T (r̂, t) that

depends on time t and two spatial dimensions in latitude and

Figure 1. Land, sea, and ice configuration with T42 resolution for

1950 CE as used in modern model runs and given by Zhuang et al.

(2017a). Four surface types are differentiated: ocean, land surface,

sea ice, and land-based ice or snow.

longitude r̂ = (θ,φ) according to

C(r̂)
∂T

∂t
+ A + B · T = ∇ · (D(θ)∇T )

+ S0 · SF(r̂, t) (1 − a(r̂)), (1)

with heat capacity C(r̂), outgoing long-wave radiation pa-

rameters A and B, heat transport coefficient D(r̂), solar con-

stant S0, insolation forcing SF(r̂, t), and albedo a(r̂). As de-

tailed in Zhuang et al. (2017a), this elliptic, partial differen-

tial equation is solved for 48 time steps per year using the

full multigrid method, which dampens both high- and low-

frequency errors (Briggs et al., 2000). As such, four time

steps are computed per month for a model year starting in

January. Changing the resolution in time is possible but re-

quires adapting the model in several places, such as the sea-

sonal insolation cycle, as well as pre- and post-processing.

The model is solved on a T42 Gaussian grid with 128

points in longitude and 64 in latitude. In principle, other reso-

lutions are possible, but since the resolution is defined at dif-

ferent points in the code, any change to the resolution needs

to be carefully implemented. Each grid point is categorized

as one of four surface types – ocean, land surface, sea-ice,

or land-based ice or snow – as shown in Fig. 1 for a mod-

ern land–sea configuration. The geography does not contain

information about altitude and remains constant throughout

a model run. Transient runs with changing land, sea, and es-

pecially ice configuration are possible by regularly restart-

ing the model with updated boundary conditions using the

climatology from the previous run. Figures 6 and 7 present

the structure of the model code, which will be discussed in

Sect. 2.3.

2.2 Forcings and parameterization

Four broad categories of parameters exist: heat capacity,

albedo, thermal conductivity, and outgoing radiation. Fig-

ure 2 shows a conceptualized view of the energy transport

of the model with all model parameters and forcings.

The simulated heat capacity changes with the surface type

as listed in Table 1 and thus depends on the land, sea, and ice
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Figure 2. Conceptual view of the forcings, energy transport, and

parameterizations in TransEBM. Solar insolation S0, the orbital pa-

rameters, – eccentricity, obliquity, precession of the perihelion –

CO2, land, sea, and ice distribution serve as forcings. The surface

types differ by albedo a, which affects the insolation field, and heat

capacity C. The energy from incoming solar radiation is transported

poleward according to the thermal conductivities κ . The outgoing

radiation is calculated based on the parameters A, B, and the re-

sponse to CO2 scaled by CO2,s.

configuration. Due to this dependence, the heat capacity field

remains constant during a single model run. For each grid

point, the total heat capacity equals the sum of the heat ca-

pacity for its surface type and that of the atmospheric column

above. For the atmospheric column an average scale height

of 7.6 km is assumed. Zhuang et al. (2017a) base the oceanic

heat capacity on the assumption of a mixed layer of about

70 m. This can be changed by tuning the oceanic heat ca-

pacity as presented in Sect. 2.4. The tuned heat capacity of

TransEBM corresponds to a mixed layer of about 96 m.

Local relaxation timescales τ are determined by the to-

tal heat capacities Ctot = Catmos +Ci in the atmospheric col-

umn over surface type i and the outgoing radiation coeffi-

cient B as τ = C · B−1. Table 2 lists the resulting relaxation

times and shows that the longest timescales are simulated

for the ocean at about 6 years. Therefore, the contribution

of the deep ocean that impacts timescales on the order of

102 years and longer (Rohling et al., 2012) is not modeled.

For the other surface types, relaxation times are far smaller

and range from about 2 weeks to 1 month. Overall, the heat

capacity parameters approximate the effect of energy stor-

age in the climate system since TransEBM does not model

energy storage explicitly.

It is possible to differentiate surface types beyond those

currently used in the model. In fact, additional surface types

to distinguish between water reservoirs like the Pacific, At-

Figure 3. Albedo field for the 1950 CE map shown in Fig. 1. Albedo

differs by surface type. Over land and ocean it increases with lati-

tude.

lantic, and Indian oceans, as well as the Mediterranean Sea

and inland seas exist for the parameterization of heat capac-

ity. Using them, the impact of the deep ocean could be mod-

eled more accurately. However, other parts of the parameteri-

zation like the albedo are not yet adapted for a larger number

of surface types.

The albedo depends on the geography and gets initialized

at the beginning of a model run and then remains constant.

Table 1 lists the albedo values that are assigned to the dif-

ferent surface types. The albedo fields of land surface and

ocean are latitude-dependent. Figure 3 shows the albedo dis-

tribution of a present-day continental configuration as seen in

Fig. 1. The highest albedo values are in snow-covered areas

and the lowest are close to the Equator. Modeled albedo val-

ues agree with the ranges found in literature (cf. Ruddiman,

2014).

Heat transport due to sensible and latent heat, as well as

oceanic heat transport across isotherms, is described using a

heat transport coefficient

D =







































(κequ − κocean)sin5(θ) + κocean,

oceans

(κland − κland,NP)sin5(θ) + κland,NP,

Northern Hemisphere

(κland − κland,SP)sin5(θ) + κland,SP,

Southern Hemisphere,

(2)

which is constant throughout one model run. Table 1 lists

the values for the thermal conductivities κ , on which D de-

pends. Figure 2 presents a conceptual view of the heat trans-

port in the model. Oceanic heat transport is distinguished

from heat transport over land and ice-covered areas. Over

land and ice-covered areas, the Northern and Southern hemi-

spheres are treated separately so as to reproduce differences

in observed temperature patterns due to the asymmetric dis-

tribution and sizes of the land masses. This difference in-

creases towards higher latitudes. Figure 4 shows the resulting

latitude-dependent pattern of the heat transport coefficient.

Heat transport is large close to the Equator and declines to-

wards higher latitudes, where it evens out.
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Table 1. List of all model parameters for the model by Zhuang et al. (2017b) and TransEBM v. 1.0 after the tuning described in Sect. 2.4.

Albedo over land and ocean depends on latitude θ via the second Legendre polynomial P2(θ) = 0.5 · (3sin2(θ) − 1).

Parameter Zhuang et al. (2017b) TransEBM v. 1.0

Heat capacity C [106 J K−1 m−2]

Cland 1.87 1.87

Cocean 293.02 394.47

Cseaice 4.83 4.83

Csnow 1.52 1.52

Catmos 4.76 0.79

Albedo a

aland + alandlat P2 0.30 + 0.09P2 ∈ [0.21,0.48] 0.32 + 0.05P2 ∈ [0.27,0.37]
aocean + aoceanlat P2 0.29 + 0.09P2 ∈ [0.20,0.47] 0.289 + 0.08P2 ∈ [0.209,0.369]
aseaice 0.60 0.60

asnow 0.70 0.70

Thermal conductivity [W ◦C−1]

κequ 0.65 0.90

κocean 0.40 0.40

κland 0.65 0.65

κland,NP 0.28 0.45

κland,SP 0.20 0.12

Outgoing radiation

A [W m−2] 210.3 210.2

B [W m−2 ◦C−1] 2.15 2.13

CO2,ref [ppm] 315 315

CO2,s 5.35 5.35

Table 2. Total heat capacities Ctot = Catmos + Ci and resulting re-

laxation times τ for surface type i.

Surface type Ctot [106 J K−1 m−2] τ

Land 2.66 14.45 d

Ocean 395.26 5.88 years

Sea ice 5.62 30.54 d

Snow 2.31 12.55 d

The parameterization of outgoing radiation as A + B · T
follows Budyko (1968) and uses phenomenological coeffi-

cients A and B. Both A and B were estimated from satellite

observations in previous studies, but have large uncertainties

attached to them (cf. Kyle et al., 1995; North and Kim, 2017).

A captures the direct radiative effect of atmospheric CO2 on

radiative forcing. Following Arrhenius (1896), Myhre et al.

(1998) established its dependence on CO2 as

A = Aref − CO2,s · log

(

CO2

CO2,ref

)

, (3)

here with reference values Aref = 210.2 W m−2 and

CO2,ref = 315 ppm and scaling factor CO2,s = 5.35. Aref and

CO2,ref are fixed parameters that are excluded from tuning.

Figure 4. Effective heat transport coefficient D as modeled in

TransEBM v. 1.0 and computed from the thermal conductivities κ

(cf. Eq. 2). Oceanic heat transport is treated separately from that

over land and ice-covered areas. For the latter, the Northern and

Southern hemispheres are separated, with larger heat transport co-

efficients in the north.

Changing them requires the model to be re-tuned due to

their influence on the other radiative parameters. Overall, A

follows the CO2 input and can change with each model year.

B describes the radiative damping due to climate feed-

backs. It is set to B = 2.15 W m−2 ◦C−1, well within the
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range of satellite measurements (Kyle et al., 1995; North and

Kim, 2017). Table 1 summarizes the parameterization of out-

going radiation, which remains constant during a model run.

Insolation is the only component of the parameterization

that changes for each time step with the seasonal cycle. It de-

pends on the latitude- and time-dependent insolation S(θ, t)

and the albedo a(r̂) via

SF = S(θ, t)(1 − a(r̂)). (4)

Berger (1978) relates the insolation to the solar constant

at the top of the atmosphere S0 and the orbital configuration,

which are both transient forcings in the model, as

S(θ, t) =











































0,

latitudes without sunrise
S0

ρ2 sinθ sinδ,

latitudes without sunset
S0

ρ2π
(H0 sinθ sinδ + cosθ cosδ sinH0),

else.

(5)

Here, the orbital configuration is given by declination δ, ab-

solute hour angle of the Sun at sunrise and sunset H0, and the

normalized Earth–Sun distance ρ is as follows:

ρ =
(

1 + ecosν

1 − e2

)2

, (6)

which depends on eccentricity e and the positional angle of

Earth on its orbit around the Sun ν as given counterclockwise

from perihelion.

Figure 5 shows the relationship between orbital forcing,

insolation, and the modeled temperature response. For the

three orbital forcings eccentricity, obliquity, and precession,

it shows the difference in insolation and temperature during

northern summer between the possible extremes of the or-

bital forcings as listed in Table 3. When examining one or-

bital parameter, the other ones were set to their listed aver-

age values. The simulations were run in equilibrium mode

with the tuned model (cf. Sect. 2.4), the land–sea mask as

shown in Fig. 1, and constant CO2 = 315 ppm and S0 =
1362 W m−2.

Precession of the perihelion has the largest effect on the

distribution of solar insolation and the resulting changes in

temperatures, followed by obliquity. The effect of the chang-

ing eccentricity is the smallest. Larger eccentricity results

in a global decrease in temperatures between May and July

when perihelion is set to occur at vernal equinox in March.

This means that the Earth will be farther from the Sun in

northern summer with higher eccentricities. The effect is

larger in the Northern Hemisphere, particularly in midlati-

tudes.

A large obliquity between May and July decreases insola-

tion in the Southern Hemisphere and leads to an increase in

the Northern Hemisphere. In the Southern Hemisphere, this

effect is strongest in the midlatitudes, but disappears over

high latitudes. In the Northern Hemispheres, insolation in-

creases up to around 60◦ N, and then stabilizes in the high

latitudes, leading to the largest increase in temperatures at

high latitudes and over land in midlatitudes.

For the high precession simulation, summer solstice and

perihelion coincide, leading to increased insolation and tem-

peratures between May and July. Overall, the strongest in-

crease in insolation occurs in northern low latitudes and mid-

latitudes and the highest increase in temperatures over Asia.

Temperatures grow large over land and in the northern high

latitudes. Appendix B examines the effect of the orbital pa-

rameters on insolation and temperatures further by repeating

this analysis for November to January and annual averages.

For all orbital parameters, the insolation and temperature pat-

terns even out over the ice-covered regions near the poles.

2.3 Model extension and benchmarking

Based on the model code by Zhuang et al. (2017b), the model

formulation was extended to enable transient and parallel

runs, as well as transient, user-defined forcings for CO2, so-

lar insolation, and the orbital configuration. The land, sea,

and ice configuration can be changed within a simulation

via model restarts at prescribed intervals. Additionally, the

model configuration was overhauled so as to allow as much

customization for experiments as possible. Table 4 summa-

rizes the major expansions of TransEBM v. 1.0 with respect

to the model by Zhuang et al. (2017a). A default configu-

ration is provided with the model code. It contains detailed

explanations for each variable that expand on the short tuto-

rial provided in Sect. 4.

The model has a preprocessing component visualized in

Fig. 6 that imports the experiment’s configuration, prepares

the geography, and computes the albedo field. Based on this,

the main component sets up the specified experiment, key

steps of which are presented in Fig. 7. The initial setup is

then integrated until either equilibrium or the user-defined

number of years is reached. Finally, the output is written to

netCDF files.

Only the land, sea, and ice distribution – described in the

map section of the configuration – is constant throughout a

model run, all other forcings can be transient. For long-term

simulations, changing it is essential. This can be achieved by

restarting the model based on the restart configuration that

is continually updated while running. Such restarts preserve

the state of the model and allow for the user to manipulate

the run as desired and restart it from any modeled year for

which restart information was written. This restart informa-

tion consists of the temperature and insolation fields in the

last time step of the year from which to restart. In a restart,

these fields are used as the input for Eq. (1), which is updated

and solved using the changed forcings.

The model is written in Fortran 90 and uses bash scripts

and CMAKE and as such should run on standard Linux or
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Table 3. Orbital parameter extremes used to examine the maximal influence that the parameters have on the modeled distributions of insola-

tion and temperature as shown in Fig. 5. To examine the effect of one parameter, the other two were set to average values and an equilibrium

simulation with land, sea, and ice configuration as in Fig. 1 and constant CO2 = 315 ppm and S0 = 1362 W m−2 was run.

Parameter Eccentricity Obliquity Angle of perihelion∗

High 0.06 24.5◦ ≈ 0.427606 3
2
π ≈ 4.712389

Low 0.005 22.1◦ ≈ 0.385718 1
2
π ≈ 1.570796

Average 0.0325 0.398808 0

∗ Angle of perihelion is given from vernal equinox in TransEBM, so that 0◦, for example,

means perihelion lies at the vernal equinox.

Figure 5. Difference that high and low orbital parameters as listed in Table 3 cause in solar insolation (left) and temperature field (middle)

for the averages of the months May, June, and July (MJJ). A schematic illustration of the orbital parameters is added to the right. Equilibrium

simulations with land, sea, and ice configuration as in Fig. 1 and constant CO2 = 315 ppm and S0 = 1362 W m−2. (a–c) Eccentricity, (d–

f) obliquity, and (g–i) precession of the position of perihelion. Precession shows the largest impact, followed by obliquity. High eccentricity

results in overall lower insolation and temperatures; high precession overall resulted in increased insolation and temperatures. For eccentricity,

decreased insolation in the north is found; for precession, on the other hand, insolation increases in the north. High obliquity results in

increased insolation in the north and decreased insolation in the south. Precession acts strongest in lower and middle northern latitudes;

obliquity and eccentricity, on the other hand, affect the high latitudes the most.

Unix machines. In equilibrium mode, it takes between 35 and

40 years to reach a steady state. For each simulated year, a

minimum of 13 MB of output is created. On a 64-bit Ubuntu

18.04.2 LTS machine with a gfortran-7 compiler, simulating

one model year takes 1.5 s on a single core of an Intel i5 −
8600K 3.6 GHz processor. This translates into the calculation

of 57 600 years in a single day.

2.4 Tuning methodology

The model is tuned to the 1960–1989 climatology from

ERA-20CM reanalysis (Hersbach et al., 2015). Target

metrics are global mean temperature (GMT), the root-

mean-square error of the latitudinal temperature distribu-

tion (RMSElat) and seasonal temperature distribution in the

Northern Hemisphere (RMSEseas,nh) and Southern Hemi-
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Table 4. Features of the revised model, TransEBM v. 1.0, in comparison to the model by Zhuang et al. (2017a).

Zhuang et al. (2017a) TransEBM v. 1.0

Run types equilibrium only transient & equilibrium

Restarts no yes

Forcings constant only user-defined, transient

Map defined in one file land–sea mask and ice separate

Configuration spread out in model code one external configuration file

Output T for the last year only complete time series of T , C, and S possible

Parallelization no yes

Figure 6. Preprocessing component of the model with new, changed, and unchanged features with respect to the EBM by Zhuang et al.

(2017a) marked.

sphere (RMSEseas,sh). An ensemble of simulations explores

the parameter space with respect to these four metrics as

shown in Figs. 8 and 9. These simulations model the same

time period with 100 years beforehand to ensure the de-

cay of the transients. The land, sea, and ice configuration

was constant and as shown in Fig. 1. Orbital parameters

were also constant during the simulations with eccentricity

(ecc = 0.016740), obliquity (ob = 0.409253), and longitude

of perihelion (per = 1.796257), while CO2 followed Köhler

et al. (2017) and S0 followed Coddington et al. (2016).

To get a complete picture of how the parameters affect the

modeled temperatures, parameter values that disagree with

observations or physics were explored as well. During the

actual tuning, however, only configurations that agree with

observations and physics were considered.

Albedo changes have a strong effect on temperature means

and extremes and as such affect all metrics as seen in Fig. 8.

They do not influence the shapes of the seasonal tempera-

ture distribution though, since the albedo field is constant

throughout the model year and as such affects the insolation

at all time steps the same way. The thermal conductivities κ

describing the heat transport primarily alter the seasonality

and Equator-to-pole gradient. Decreasing them sharpens the

latitudinal distribution and increases the seasonality and vice

versa for increased thermal conductivities. In comparison to

albedo, they have a small effect on global mean temperature

and produce differences of about 5 ◦C over the whole ex-

plored parameter space. Changing the heat capacities affects

the equilibration time and the seasonal cycle, both in regard

to the lag of the temperature response to the forcing and the

absolute temperature difference between warmest and cold-

est month. Figure 9 shows that the outgoing radiation param-

eters Aref and B influence GMT, the latitudinal distribution,

and seasonality. By comparison, CO2,s only has a small ef-

fect on the seasonal distribution.
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Figure 7. Main model component with new, changed, and unchanged features with respect to the EBM by Zhuang et al. (2017a) marked.

Table 5 summarizes which parameters affect which met-

ric. It shows that only the seasonal distribution can be tuned

without affecting the other metrics. Minimizing the root-

mean-square errors was prioritized over agreement with the

GMT from ERA-20CM GMTERA = 13.27 ◦C. With respect

to GMT, any tuning options were only discarded if they

produced a change in GMT of 2◦ or more. The latitudinal

and seasonal distributions were prioritized to ensure that the

spatially resolved temperature fields show realistic features.

Moreover, the latitudinal and seasonal profiles deviated con-

siderably from observations in areas of interest (e.g., the po-

lar regions), whereas the GMT was already very close to that

found in the ERA climatology. However, depending on the

envisioned applications, the relative weighting of the tun-

ing metrics could change. Since RMSElat was the highest,

with significant disagreement observed in the polar regions,

it was the initial focus of the tuning. Table 6 shows the met-

rics before and after tuning. The agreement between the lat-

itudinal distributions in ERA-20CM and TransEBM and the

seasonal distributions in the Southern Hemisphere improved.

RMSEseas,nh increased slightly, but since this produced a

large improvement in the other two RMSEs, this increase

https://doi.org/10.5194/gmd-14-2843-2021 Geosci. Model Dev., 14, 2843–2866, 2021



2852 E. Ziegler and K. Rehfeld: TransEBM v. 1.0: a transient energy balance model

Figure 8. Effect of changes to the parameterization of albedo (first column), heat transport (second column), and heat capacity (third col-

umn) on the GMT and the RMSE of the latitudinal (RMSElat) and seasonal temperature profiles in both hemispheres (RMSEseas,nh and

RMSEseas,sh) with respect to ERA-20CM reanalysis (Hersbach et al., 2015). (a–c) GMT, (d–f) RMSElat, (g–i) RMSEseas,nh, and (j–

l) RMSEseas,sh with all specific parameters listed at the top of each column. Simulations and reanalysis cover 1960–1989 CE. The sim-

ulations used the land, sea, and ice configuration shown in Fig. 1 and constant orbital parameters: eccentricity (ecc = 0.016740), obliquity

(ob = 0.409253), and longitude of perihelion (per = 1.796257). CO2 followed Köhler et al. (2017), and S0 values followed Coddington et al.

(2016). Vertical lines indicate the chosen values after tuning. Albedo affects all tuning metrics, while thermal conductivities barely change

GMT and heat capacities only manipulate the seasonal temperature distributions.

Table 5. List of the parameter groups and which of the tuning met-

rics (GMT, RMSElat, and RMSEseas) they affect based on the re-

sults shown in Fig. 8 and 9. Bracketed markers (x) represent a no-

tably smaller but not negligible influence by that parameter on the

tuning metric in comparison to the other parameters.

Affects

Parameter GMT RMSElat RMSEseas

Heat capacity C x

Albedo a x x x

Thermal conductivity κ (x) x x

Aref x x x

B x x x

CO2,s (x)

was considered acceptable. Although GMT was barely con-

sidered during the tuning, the final GMT is closer to the tar-

get.

3 Model validation

3.1 Tuning validation and comparison to EBM by

Zhuang et al. (2017a)

The model was tuned using the 1960–1989 climatology of a

simulation of the 20th century (1900–1989). As a first vali-

dation of that tuning, we compare that whole simulation to

ERA-20CM reanalysis data (Hersbach et al., 2015) and a

simulation with the EBM based on the parameterization by

Zhuang et al. (2017a). Both simulations used the constant

modern land, sea, and ice configuration shown in Fig. 1, with
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Figure 9. Effect of changes to the parameterization of the outgoing radiation on the GMT and the RMSEs of the latitudinal (RMSElat) and

seasonal temperature profiles in both hemispheres (RMSEseas,nh and RMSEseas,sh) with respect to ERA-20CM reanalysis (Hersbach et al.,

2015). (a–c) GMT, (d–f) RMSElat, (g–i) RMSEseas,nh, and (j–l) RMSEseas,sh. The first column shows results for Aref, the second shows

results for B, and the third shows results for CO2,s. Simulations and reanalysis cover 1960–1989 CE. The simulations used the land, sea, and

ice configuration shown in Fig. 1 and constant orbital parameters: eccentricity (ecc = 0.016740), obliquity (ob = 0.409253), and longitude

of perihelion (per = 1.796257). CO2 followed Köhler et al. (2017), and S0 values followed Coddington et al. (2016). Vertical lines indicate

the chosen values after tuning. GMT reaches up to 257 ◦C for B; for a better comparison to the other parameters, the full range is not shown

in panel (b). Both A and B affect all tuning metrics, whereas changes in CO2,s barely make a difference.

Table 6. Tuning metrics GMT, RMSElat, and RMSEseas for each hemisphere before and after tuning. The metrics were evaluated for the

years 1960–1989 CE against ERA-20CM (GMTERA = 13.27 ◦C). The simulations used the land, sea, and ice configuration shown in Fig. 1

and constant orbital parameters: eccentricity (ecc = 0.016740), obliquity (ob = 0.409253), and longitude of perihelion (per = 1.796257).

CO2 followed Köhler et al. (2017), and S0 values followed Coddington et al. (2016). All metrics except RMSEseas,nh improved with tuning.

Metric GMT RMSElat RMSEseas,nh RMSEseas,sh

Before tuning [◦C] 13.73 3.74 1.92 1.03

After tuning [◦C] 13.18 1.13 2.04 0.59

transient CO2 data from Köhler et al. (2017) and S0 values

from Coddington et al. (2016). To follow the evolution of

CO2 and S0, the tuning used the extension to transient forc-

ings of the model.

Figure 10 summarizes the simulations and compares them

to the reanalysis. Figure 10a presents the time series of the

annual temperature anomaly and shows that both parame-

terizations produce very similar anomalies. They follow the

overall increasing trend in temperatures that the reanalysis

shows. However, the reanalysis shows a slightly larger in-

creasing trend. The trend in the EBM is solely in response

to the increasing CO2 values, so the difference indicates that

the EBM is lacking positive feedback mechanisms that en-

hance the temperature response to increasing CO2, leading to

the EBMs underestimating greenhouse-gas-related warming.

Unlike the reanalysis, they also show smoother changes and

less inter-annual variability. The 11-year solar cycle, which

was superimposed, dominates inter-annual changes in GMT

in the simulations.
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Figure 10. Comparison of a simulation of the 20th century using the parameterization by Zhuang et al. (2017a) with the tuned parameteriza-

tion introduced in Sect. 2.4 and ERA-20CM reanalysis data (Hersbach et al., 2015). The simulations use the land, sea, and ice configuration

from Fig. 1, CO2 is set according to Köhler et al. (2017), S0 follows Coddington et al. (2016) and orbital parameters Laskar et al. (2004).

(a) Time series of the annual temperature anomaly from 1900–1989 CE with respect to the 1900–1929 climatological mean. The different

parameterizations show little difference and capture the overall increasing trend, but the reanalysis shows stronger inter-annual variation.

(b) The average latitudinal profile. Here, TransEBM agrees with reanalysis data better – especially in the polar regions and around the

Equator. Seasonal temperature profiles in the Northern Hemisphere (c) and Southern Hemisphere (d) are both shifted in comparison to the

reanalysis. Agreement is better in the Southern Hemisphere, TransEBM underestimates the seasonal cycle in the Northern Hemisphere.

Figure 10b presents the mean latitudinal temperature pro-

files. TransEBM agrees well with the reanalysis. In particu-

lar, it is able to simulate the dip in temperatures around the

Equator and the temperatures in the polar regions better after

tuning.

Figure 10c and d show the average seasonal temperature

profiles in the Northern Hemisphere and Southern Hemi-

sphere, respectively. The simulated average seasonal cycles

lag in comparison to the reanalysis. The amplitude of the sea-

sonal cycle is lower than that of the EBM by Zhuang et al.

(2017a) as a result of the tuning.

For further analysis the phase lag was computed based on

sinusoids fitted to the seasonal cycle for every grid box. The

phase lag is computed as the difference between the occur-

rence of the extrema in the fit to the extrema in the insolation

occurring on 21 June and 21 December. Figure 11 shows the

resulting phase lags for TransEBM and ERA-20CM. Areas

where the seasonal cycle does not follow a sine were ex-

cluded from the analysis. Appendix C provides details on the

exclusion process. The resulting pattern in phase lags high-

lights that TransEBM produces larger lags. Over the oceans,

the modeled phase lag is significantly higher than that in the

reanalysis. Over land and ice, TransEBM simulates longer

phase lags as well, but the difference to the reanalysis is

smaller than in oceanic areas.

The amplitude of the seasonal cycle is, on average, smaller

in the EBM simulations in comparison to the reanalysis, es-

pecially in the Northern Hemisphere as seen in Fig. 10 and

further examined in Fig. 12. In TransEBM the largest am-

plitudes of up to 40 d occur in Siberia and Antarctica. In

the reanalysis, the largest amplitudes can be found in Siberia

as well, although they are shifted in position in comparison

to TransEBM. The reanalysis indicates high amplitudes in

northern Canada as well. Overall, TransEBM agrees with the

patterns in the reanalysis, and simulates rising amplitudes

with increasing continental size and towards central conti-

nental areas and small amplitudes over the oceans. The pat-

terns are smoother and less variable in comparison to those

found in the reanalysis, though.

Following North and Kim (2017, chap. 2), theoretical av-

erage values for the amplitude and phase lag of the seasonal

cycle in TransEBM can be calculated from the Fourier trans-

form of Eq. (1). This yields the solution

T̃f = S0

4
· ag

B
· 1√

2πif τ + 1
, (7)

with global mean albedo ag = 0.32 for the present-day con-

figuration shown in Fig. 3 and relaxation times τ for the spe-

cific surfaces as given in Table 2. The amplitude is then

|T̃f | = S0

4
· ag

B
· 1
√

(2πf τ)2 + 1
, (8)

and the phase lag in radians is

φf = arctan(2πf τ). (9)
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Figure 11. Phase lag of the seasonal cycle in surface temperature in days after solar forcing (solstice) in a 20th century run of TransEBM

v. 1.0 and ERA-20CM. The TransEBM simulation is the same as in Fig. 10. The phase lag uses sinusoids fitted to the seasonal cycle. Areas

where the seasonal cycle does not follow a clear sine were excluded from the analysis and are shown in grey. TransEBM simulates larger

phase lags in comparison to the reanalysis (particularly over the oceans).

Figure 12. Amplitude of the seasonal cycle in surface temperature during the 20th century in TransEBM v. 1.0 and ERA-20CM based on

the extrema in the sinusoids fitted to the seasonal cycles. Simulation as in Fig. 10. TransEBM shows similar patterns to the reanalysis but

simulates smaller amplitudes.

Table 7 presents the resulting amplitudes and phase lags for

an annual forcing frequency f = 1/365 d. The values corrob-

orate the low oceanic seasonal amplitudes of only a couple of

degrees and the much higher amplitudes over the other sur-

faces as shown in Fig. 12a. The phase lags also agree well

with those found in the simulations (cf. Fig. 11a) with long

average phase lags of about 90 d over the ocean and much

shorter ones – between 2 weeks and 1 month – over the other

surface types.

3.2 Sensitivity test

To test TransEBM’s response to different forcings, we de-

signed a three-step sensitivity test utilizing the implemented

restarting extension. The model is initialized for conditions

corresponding to the Last Glacial Maximum (LGM) with the

forcings listed in Table 8. This simulation is run for 100 years

with constant forcings. Following this, either one forcing or

all of them shift to those found during the mid-Holocene

warm period around 6000 years before present (BP). Af-

ter another 100 years, the simulation switches to conditions

for the year 2000 CE. Overall, the simulations thus cover

three states in Earth’s history with distinct climatic condi-

tions that span a large range of the natural variability in forc-

ings. For the solar constant there would be no significant

change, which is why artificial steps were introduced that re-

veal its effect on the simulated climate. The simulation takes

the orbital parameters for the three steps from Laskar et al.

(2004) and CO2 from Köhler et al. (2017). For the land, sea,

and ice distribution during the LGM and modern day, the

data provided by Zhuang et al. (2017a) were used. They are

shown in Fig. 1 and Fig. A1a, respectively. The map for the

mid-Holocene warm period was then the result of an interpo-

lation between the two based on the sea level reconstruction

by Grant et al. (2012) and using the bathymetry by the Na-

tional Geophysical Data Center (1993) (cf. Fig. A1b).

Figure 13 shows the temperature time series resulting from

the sensitivity test. Among the forcings, the distributions of

ice sheets and sea ice and the CO2 value have the largest

effect on GMT. Despite its artificial enhancement, the so-

lar constant has a smaller influence. Changes to the land–

sea mask and to obliquity have a significant effect as well,

whereas the variations due to eccentricity and precession are

negligible. The sum of the temperature changes due to the

individual forcing steps is slightly larger than the simultane-
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Table 7. Theoretical average phase lags (Eq. 9) and amplitudes (Eq. 8) in TransEBM for the different surface types and annual forcing.

Surface type Phase lag φf [rad] Phase lag 365 · φf (2π)−1 [d] |T̃f | [◦ C]

Land 0.24 14.2 49.6

Ocean 1.54 89.7 1.38

Sea ice 0.48 28.1 45.2

Snow 0.21 12.4 49.9

Table 8. Step forcings for the sensitivity test. Modeled states are associated with the LGM, the mid-Holocene warm period 6000 BP, and

2000 CE. Orbital parameters follow Laskar et al. (2004), sea level w.r.t. 0 BP is from Grant et al. (2012), and CO2 is from Köhler et al. (2017).

Appendix A shows the land, sea, and ice distributions corresponding to the sea levels of the three modeled periods. The solar constant is

chosen such that it, like the other forcings, changes significantly.

Forcing LGM 6 ka Year 2000 CE

Obliquity 0.391108 0.422536 0.409093

Precession 0.871267 5.727245 1.796257

Eccentricity 0.017868 0.01918 0.016702

Sea level −110 m −6 m +1 m

Solar constant S0 1360 W m−2 1365 W m−2 1370 W m−2

CO2 190.21 ppm 264.36 ppm 368.92 ppm

Figure 13. Test of the sensitivity of the model to the different forc-

ings. Conditions for three different states, which cover a large range

in forcings, are simulated as described in Table 8. When forcings

are applied one at a time, the sum of the temperature change differs

slightly from when they act altogether, indicating some nonlinear

model behavior. Changes to CO2 and the distributions of ice sheets

and sea ice affect GMT the most.

ous change in all forcings, suggesting that the model contains

some nonlinear behavior introduced by the restarts.

3.3 Past millennium climate

To further examine TransEBM’s abilities, we simulate the

climate of the past millennium. The solar forcing includes the

change in radiative forcing due to volcanic eruptions as given

by Neukom et al. (2019), who also provided the CO2 forcing

employed in this simulation. The orbital parameters are cal-

culated according to Berger (1978) and the land, sea, and ice

distribution is that from Fig. 1. To ensure adequate time for

the decay of the transient solution, the simulation is initial-

ized at 800 CE, but evaluated from 850 to 2000 CE. Figure 14

compares the results to a HadCM3 (Gordon et al., 2000; Pope

et al., 2000) experiment (ID ◦xnapa’, unpublished data, Kira

Rehfeld, Bühler et al., 2020), a past millennium simula-

tion with pre-industrial orography; solar, volcanic, and or-

bital forcing; and varying greenhouse gases. The temperature

fields were regridded to T42 resolution. For the comparison

of the GMT time series, the temperature reconstructions by

the PAGES 2k Consortium (Neukom et al., 2019), as well

as a CESM past millennium ensemble (Otto-Bliesner et al.,

2016), were added.

Figure 14a presents the temperature anomalies. As in

the 20th century simulations, the overall trends are simi-

lar, but TransEBM simulates lower variability than HadCM3

and CESM. The reconstruction also shows larger variabil-

ity. The response from HadCM3 and CESM to volcanic

forcing, seen for example in large negative peaks, is also

larger than in TransEBM. As discussed in Sect. 3.1, this is

most likely due to a lack of positive feedback mechanisms

in TransEBM, which are present in the more detailed de-

scriptions of HadCM3 and CESM. The response to the in-

crease in greenhouse forcing, on the other hand, is similar in

TransEBM, CESM, and the reconstruction. The average lat-

itudinal distributions shown in Fig. 14b largely agree. They

differ over Antarctica, where HadCM3 simulates lower tem-

peratures, and in the lower latitudes of the Northern Hemi-

sphere, where HadCM3 produces higher temperatures. The

seasonal cycles in the Northern Hemisphere and Southern

Hemisphere as displayed in Fig. 14, on the other hand, show

significant disagreement: in the Northern Hemisphere the

amplitude of the cycle is larger by about 5◦ in HadCM3,

due to higher summer temperatures. In both hemispheres, the
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Figure 14. Past millennium simulations and reconstruction. Solar, volcanic, and greenhouse forcings for TransEBM are from Neukom et al.

(2019); orbital are parameters set according to Berger (1978); and land, sea, and ice distribution are the same as in Fig. 1. For comparison,

the xnapa experiment (ID ◦xnapa’, unpublished data, K. Rehfeld, Bühler et al., 2020) from HadCM3 (Gordon et al., 2000; Pope et al.,

2000) is provided until 1850 CE, in addition to GMT in a CESM ensemble (Otto-Bliesner et al., 2016) and a reconstruction for the Common

Era (Neukom et al., 2019). Panel (a) presents the GMT anomaly with respect to the climatological means from 850 to 879 CE. For CESM,

the ensemble median with a spread of 2 standard deviations is shown. The grey shading indicates the reference period. Panel (b) shows

the average latitudinal temperature profiles; panels (c) and (d) show the average seasonal temperature profiles for the Northern Hemisphere

and Southern Hemisphere, respectively. The overall trends in GMT agree, but HadCM3, CESM and the reconstruction are much more

variable. Additionally, HadCM3 and CESM show a stronger response to volcanic forcing. The latitudinal profiles show disagreement only

over Antarctica and in the lower latitudes of the Northern Hemisphere. The seasonal cycles disagree, with HadCM3 simulating overall higher

temperatures and a larger amplitude in the Northern Hemisphere.

temperature extreme between July and September is shifted,

with TransEBM lagging behind HadCM3. In the Southern

Hemisphere, HadCM3 generally yields higher temperatures.

4 Short tutorial

For setting up TransEBM, three files need to be

potentially changed: preprocess/preprocess.sh, con-

fig/config_module.sh, and src/Makefile. The model was

tested with Ubuntu 18.04 and the gfortran compiler and

should run on Linux and Unix machines. To set up the

model, follow the following procedure:

1. Start by installing all necessary packages. Running

TransEBM requires Fortran90 or higher and NetCDF1.

The optional post-processing relies on climate data op-

erators (CDO, Max Planck Institute für Meteorologie).

2. For using a compiler other than gfortan-7, change the

compiler name in files config/config_module.sh, prepro-

cess/preprocess.sh, and src/Makefile.

1On Ubuntu, the packages gfortran-7, libnetcdf-dev, and

libnetcdff-dev can be installed using the apt-get package manager.

It is then possible to use nf-config –all to determine the details of

your installation (e.g., the include directory) that are needed for set-

ting up TransEBM.

3. Set the paths to the local installation of NetCDF for For-

tran in preprocess/preprocess.sh and src/Makefile via

the following steps.

– In preprocess/preprocess.sh, give the include path

via I/usr/include and the library via the -lnetcdff

flag. If the installation did not set that flag, provide

the path via L/.../netcdf/lib instead.

– In src/Makefile, provide the include folder via the

variable NI and the library as the -lnetcdff flag.

Give the compiler as FC=gfortran-7. Additionally,

the configuration folder needs to be provided as

I/home/user/TransEBM/config. Set this to the path

of the configuration folder of TransEBM for the

given setup.

4. To switch on the post-processing, un-comment the line

bash postprocess_cdo.sh $EBM_wrk _dir

in run_ebm.sh in the top level folder.

An experiment can be set up with a configuration file.

The model code includes a default configuration in con-

fig/default_config.conf, which contains all variables that can

be set, as well as a short explanation for all of them. The

default configuration is that of an equilibrium experiment

starting in 1950 CE with constant CO2 = 315 ppm, solar in-

solation S0 = 1362 W m−2, and orbital parameters. It uses

https://doi.org/10.5194/gmd-14-2843-2021 Geosci. Model Dev., 14, 2843–2866, 2021



2858 E. Ziegler and K. Rehfeld: TransEBM v. 1.0: a transient energy balance model

the land–sea mask shown in Fig. 1, which is provided in the

same folder, and the parameterization described in Sect. 2.4.

To design a different experiment, TransEBM requires a con-

figuration file that specifies all desired variables that differ

from the default values. Any variables that are not set in

that configuration will default to the values given in con-

fig/default_config.conf. Possible changes are as follows.

1. Set the land–sea mask and ice distribution

Give the path to a text file containing the desired land–

sea mask as the parameter WORLD. That text file should

have 64 rows and 128 columns and contain a number

for each grid point that describes the surface type: 1 for

land, 2 for sea ice, 3 for land-based ice, and 5 for ocean.

It should contain no spaces or empty rows.

2. Set the CO2 forcing

For a constant forcing, CO2_VALUE can be set together

with CO2_FORCED = FALSE. For a non-constant forc-

ing, a text file with one CO2 value per year and line

can be provided as CO2_FILE with CO2_FORCED

= TRUE and number of rows given as the file length

CO2_FILE_LEN.

3. Set the solar constant

Setting the solar constant works in exactly the same

way as CO2 using the variable S0_VALUE with S0_

FORCED = FALSE for a constant forcing or S0_FILE

with S0_FORCED = TRUE for a transient solar con-

stant. Remember to set the file length in S0_FILE_LEN.

4. Set the orbital parameters

For constant values, set ECC, OB, and PER or have

them be calculated following Berger (1978). In the

latter case, provide a start year of the experiment as

INITIAL_YEAR and set ORB_SRC=”code” and ORB_

FORCED=TRUE.

5. Define the length of the experiment

Provide the initial year as a Common Era value in INI-

TIAL_YEAR, for example as 1950 or −21000 (relevant

only if the orbital parameters are computed in the code).

Set the number of years for which the simulation should

be run as RUN_YEARS.

6. Choose whether it is an equilibrium or transient

simulation

For USE_EQUI=true, the experiment will be

stopped once equilibrium or the number of

RUN_YEARS is reached, whichever happens first.

For USE_EQUI=false, the simulation will run for as

many years as provided in RUN_YEARS.

7. Set the working and the output directory

Set them using WRK_DIR and OUT_DIR.

8. Set the experiment ID

Finally, the experiment should receive an ID.

Other possible changes to experiments include the option

to change the parameterization and the writing of additional

output. Once the configuration is set up, the model can be run

by executing run_ ebm.sh with the following configuration

file as input:

bash run_ebm.sh config/test.conf

If no configuration is specified, the code defaults to con-

fig/default_config.conf.

5 Discussion

Building on previous modeling efforts, ranging from Budyko

(1968) to Zhuang et al. (2017a), we have presented here

TransEBM v. 1.0, a transient energy balance model that sim-

ulates Earth’s temperature field based on CO2 greenhouse

forcing, orbital parameters, and solar constant, as well as

land, sea, and ice distribution. The provided tuning is in ref-

erence to the 1960–1989 climatology from the ERA-20CM

reanalysis (Hersbach et al., 2015). It sampled the parameter

space to investigate the sensitivity to the different parame-

ters and, where available, relied on observations to provide

boundaries. The tuning period and metrics, with a prioritiza-

tion of the latitudinal and seasonal temperature profiles, were

chosen to test the model’s ability to simulate climate in polar

regions and with its application for simulations of past cli-

mate in mind. The tuning improves the simulated seasonal

cycle in the Southern Hemisphere and the latitudinal temper-

ature profile in particular. Thereby, it improves the fit of the

temperature profile in polar regions, showing that TransEBM

can be used to model temperatures in ice-covered regions and

as such provide ensemble runs exploring long timescales.

For the past millennium, there remain small disagreements

with reanalysis and GCM simulations over Antarctica, where

TransEBM overestimates temperatures towards the pole.

This is due to the lack of topography in the model, which is

why the elevation of ice sheets cannot be considered. Further-

more, the temperatures near the Equator disagree a little, with

lower temperatures simulated by TransEBM for low northern

latitudes. After tuning, TransEBM is able to reproduce the

dip in temperatures related to the Intertropical Convergence

Zone (ITCZ). However, this is an indirect parameterization

of atmospheric dynamics that might not translate to climate

states other than the tuned one.

TransEBM follows the overall trend in GMT but is unable

to capture inter-annual variability due to the lack of dynam-

ical processes modeled. With respect to the seasonal cycle,

TransEBM lags the reanalysis data and produces smaller sea-

sonal amplitudes. Moreover, there is less variability found in

the spatial distribution of the amplitudes in the model, mir-

roring the findings of Hyde et al. (1989). The spatial struc-

tures of the amplitude and phase lag of the seasonal cycle that

they found in their EBM are similar to the ones presented

here (cf. Figs. 12 and 11). They also found reduced spa-

tial variability in comparison to observations. The simulated
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phase lags are similar as well (cf. Fig. 11 here and Fig. 3a

in Hyde et al. (1989)), but the amplitudes differ (cf. Fig. 12

here and Fig. 1a in Hyde et al., 1989). In better agreement

with the reanalysis, TransEBM produces amplitudes roughly

twice as high as Hyde et al. (1989).

The seasonal cycle in TransEBM is a product of only the

seasonality in its insolation fields. As such, it lacks season-

ality in the sea ice response, which would influence the pa-

rameterization of albedo, heat transport, and heat capacity as

simulated by the model. The first trials of including such a

seasonal sea ice cycle that could lead to the inclusion of dy-

namical ice sheets have been unsuccessful since they destabi-

lize the numerical scheme. Such a change to the model there-

fore requires further research. Furthermore, the model does

not currently explicitly consider energy conservation. This is

especially relevant for interactive changes to the land, sea,

and ice distribution between model restarts.

Overall, TransEBM makes large ensemble runs and long

timescales accessible for exploration and can be used to de-

sign experiments with models more constrained by computa-

tional costs since TransEBM runs quickly with limited com-

putational resources. As an easy-to-use climate model, it is

suitable for use in education and for reproducing past studies

with energy balance models for which no documented code

exists (e.g., Hyde et al., 1989). In order to reproduce studies

of hysteresis and abrupt transitions between ice-covered and

ice-free states (cf. North et al., 1983; Mengel et al., 1988;

Crowley et al., 1989; Short et al., 1991), an extension of

the model with interactive ice sheets and sea ice would be

necessary. When it comes to forcings, TransEBM underlines

the sensitivity to ice configuration and CO2 forcing of sim-

ulated climates in comparison to other forcings, which have

smaller impacts on temperatures. Furthermore, it illustrates

the large impact that the parameterization of the outgoing ra-

diation and the albedo fields of ocean and land masses have

on the model results.

6 Conclusions

We describe a transient energy balance framework suitable

for simulating planetary temperatures on long timescales due

to its computational efficiency. The model can capture trends

in the global mean temperature and simulates latitudinal tem-

perature profiles that agree well with ERA-20CM reanaly-

sis data (Hersbach et al., 2015) and HadCM3 (Gordon et al.,

2000; Pope et al., 2000), a general circulation model. There

are differences with respect to the seasonal cycle especially

in the Northern Hemisphere related to the tuning of the model

provided here. TransEBM v. 1.0 has a larger phase lag than

that found in reanalysis, and the amplitude of the seasonal

cycle in the Northern Hemisphere is smaller. Overall, it sim-

ulates less variable temperature fields than reanalysis, multi-

proxy reconstructions, or more complex models due to its

reduced complexity.

Among the modeled forcings, changes to the ice sheets,

CO2 level, and the sea ice configuration are shown to influ-

ence the simulated climate the most. Among the parameters,

the albedo fields of the oceans and land masses, as well as

the parameterization of outgoing radiation, have the largest

impact, as even small changes to these parameters can shift

the model results significantly. With respect to the seasonal-

ity, the heat capacity of the oceans also carries some weight.

The model behaves largely linearly, with only a small differ-

ence between the separate and simultaneous application of

the forcings.

Desirable future improvements include the addition of a

seasonal cycle in the sea ice, which currently remains con-

stant during a model run. The inclusion of this seasonal-

ity is likely to improve the modeled seasonal cycle. Such

a change to the model could encompass all ice masses and

have them respond dynamically to the modeled temperature

changes. For this to be physically reasonable, consideration

of energy conservation within the model is necessary, which

is especially relevant for the simulation of climate on long

timescales with significant changes to Earth’s ice masses.

Overall, TransEBM v. 1.0 is accessible for large and long

ensemble runs and thus can complement complex models, in

particular for the study of the influence of orbital cycles and

other radiative forcings on Earth’s energy balance.
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Appendix A: Land, sea, and ice distributions used for

the sensitivity test

Figure A1 shows the land, sea, and ice configuration used for

the sensitivity test presented in Sect. 3.2. Figure A1a shows

the map for the LGM taken from Zhuang et al. (2017a). Fig-

ure A1b shows a map corresponding to the state at 6000 BP.

For this, the sea levels from Grant et al. (2012) were taken

and applied to the bathymetry by the National Geophysical

Data Center (1993) to obtain a land–sea distribution. Based

on the difference in sea levels between this time and both the

LGM and modern configurations from Fig. A1a and 1, re-

spectively, the difference in ice cover was interpolated. The

amount of ice corresponding to the difference in sea level was

removed from the LGM map according to a weighting. The

weighting preferred the removal of ice closer to the Equator

and at the borders of ice cover, that is ice with more ice-free

neighbors. Ice was removed randomly if only a fraction of

the ice with the same weighting needed to be removed. This

interpolation is flawed – it ignores the height of ice sheets,

energy conservation, and many more aspects – but for the

idealized sensitivity test it suffices.

Figure A1. Configuration of land, sea, and ice during (a) the LGM

and (b) the mid–Holocene warm period about 6000 BP as they were

used for the sensitivity test discussed in Sect. 3.2. Panel (a) is from

Zhuang et al. (2017a); panel (b) has a land–sea distribution based

on the sea level reconstruction from Grant et al. (2012) and the to-

pography by the National Geophysical Data Center (1993). Ice was

interpolated according to sea level difference of this state to (a) and

the modern map from Fig. 1.

Appendix B: Effect of the extremes in orbital forcing on

November–December–January and yearly insolation

and average temperatures

The relationship between orbital parameters and the modeled

insolation and temperature distributions changes throughout

the year. Section 2.2 analyzes the effect of extremes in orbital

parameters on insolation and temperatures from May to July.

Here, Fig. B1 repeats the same analysis for November to Jan-

uary. Overall, precession and obliquity cause similarly large

differences in the amplitude of the insolation. For obliquity,

this translates into the largest modeled temperature changes

between low and high obliquity states among the three orbital

parameters. Eccentricity, on the other hand, has the smallest

effect both on insolation and temperatures.

All three orbital parameters show a pattern mirrored be-

tween the hemispheres from that between May and July

shown in Fig. 5. For eccentricity this means that a high eccen-

tricity corresponds to larger insolation and temperatures than

are found for a lower eccentricity if obliquity and perihelion

are set to the averages noted in Table 3. This net positive

effect is larger in the Southern Hemisphere with insolation

growing towards middle southern latitudes. The largest in-

creases in temperature are found over Antarctica, followed

by a region covering eastern Africa and the Middle East. Al-

together, temperatures increase the least over the oceans.

A high obliquity causes a decrease in insolation in the

Northern Hemisphere and an increase in the Southern Hemi-

sphere in comparison to the low obliquity simulation. The

largest decrease can be found in the middle northern lat-

itudes, and the largest increase can be found in the high

southern latitudes. With regard to temperatures, the largest

increase occurs in the southern polar regions, but increased

temperatures are simulated for the northern polar regions as

well. The largest decreases are found over Asia and near the

Equator.

With the perihelion at the June solstice, insolation is lower

between November and January in comparison to the peri-

helion occurring at the December solstice. This decrease is

largest in the low latitudes of the Southern Hemisphere. It

translates to decreased temperatures over land masses, Asia

and Africa in particular, and towards the polar regions, which

are affected by the lack of energy entering near the Equa-

tor, which, if present, would be transported polewards. Pre-

cession is the strongest in low southern latitudes, whereas

obliquity and eccentricity affect the middle and high latitudes

more.

Repeating the analysis for yearly averages yields the re-

sults shown in Fig. B2. Most of the differences average out

between the simulations with orbital extremes. For the pre-

cession of the perihelion in particular, there is virtually no

difference between the experiments, as Fig. B2e and f show.

Both eccentricity and obliquity show a symmetric pattern in

the annual averages. The difference between obliquity ex-

tremes is the largest, confirming the results from the sensi-
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Figure B1. Difference in solar insolation (left) and temperature

(right) caused by extremes in the orbital parameters as listed in Ta-

ble 3 for eccentricity (a, b), obliquity (c, d), and precession of the

perihelion (e, f) from November to January (NDJ). Model configu-

ration as in Fig. 14. Obliquity has the largest impact on simulated

temperatures, closely followed by precession. High eccentricity cor-

responds to overall increased insolation and temperatures, with the

largest increase in insolation towards the middle southern latitudes.

Temperatures in the high eccentricity state change the most over

Antarctica and continental areas near the Equator with respect to the

low eccentricity simulation. A decrease in insolation in the Northern

Hemisphere and increase in the Southern Hemisphere characterizes

the high obliquity state when comparing it to the low obliquity one.

Temperature increases are found in the polar regions, especially

over Antarctica. Changes to precession have the strongest impact

on low-latitude insolation and on temperatures in continental areas.

NDJ insolation and temperatures are larger when perihelion occurs

at the December solstice.

tivity study from Sect. 3.2, which also found that obliquity

had the most notable effect on the global mean temperature

among the orbital parameters. Obliquity affects the high lat-

itudes the most, where a high obliquity increases insolation

and temperatures. Close to the Equator, there is a net negative

effect on the insolation and temperatures. A high eccentric-

ity, on the other hand, produces the largest effect close to

the Equator, with both insolation and temperatures decreas-

ing towards higher latitudes.

Figure B2. Annually averaged difference in solar insolation (left)

and temperature (right) caused by extremes in the orbital parameters

as listed in Table 3 for eccentricity (a, b), obliquity (c, d), and pre-

cession of the perihelion (e, f). Model configuration is the same as in

Fig. 14. Obliquity changes produce the largest difference, whereas

the precession of the perihelion averages out throughout the year

and has no effect on annual averages. Both eccentricity and obliq-

uity show symmetric patterns. However, eccentricity affects the low

latitudes the most, while the difference in the obliquity experiments

grows polewards.

Appendix C: Seasonality in the model

The analysis of seasonality discussed in Sect. 3.1 fitted sinu-

soids to the detrended temperature time series of TransEBM

and ERA-20CM for each grid box and then extracted the am-

plitude and phase lag from these fits. The computation of the

phase lags relies on the fits, since TransEBM’s low tempo-

ral resolution would only allow a coarse estimate. However,

there are some grid boxes where such a fit oversimplifies the

temperature pattern, especially in the ERA-20CM reanalysis.

This is why the phase lag analysis shown in Fig. 11 excluded

some grid boxes. Figure C1 delves deeper into these issues

by showing the disagreement between the fitted amplitude

and the amplitude calculated as the difference between the

minimal and maximal temperature. The difference between

the min–max and fit amplitudes serves as an indicator for

how suitable the fit is for deriving amplitudes. The figure also

shows the time series with fits for six exemplary grid boxes.

Overall, the difference between the amplitudes is small in

TransEBM. The fitted amplitude is larger by up to 1◦ over
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Figure C1. Amplitude of the seasonal cycle extracted from fitting a sine minus the amplitude that results from taking the difference between

the maximal and minimal temperature. Model configuration as in Fig. 5. Time series from (a) TransEBM and (b) ERA-20CM (Hersbach

et al., 2015) from 1900 to 1989 CE, both were detrended. Six locations were picked as marked in the maps, for which 2 years of the time

series and the fit are shown. For TransEBM, even the maximal differences are relatively small. In the polar regions the min–max amplitude

is larger, over Asia and North America it is the other way around. For ERA-20CM the differences are larger, reaching up to around 15◦ in

oceanic polar regions. The fit almost always produces smaller amplitudes. For both, locations 1–3 show places where the fit matches the

time series very well. Location 4, on the other hand, lies close to the Equator inside the shaded area where the time series show only small

variations throughout the year that are not sinusoidal. Locations 5 and 6 lie in Antarctica, where the fit is still applicable but is not able to

fully capture the extrema.

Figure C2. Logarithmic histogram of the phase distribution in (a) TransEBM and (b) ERA-20CM (Hersbach et al., 2015) with cut-offs at

108 and 150 d, respectively, and histograms of the periods found in (c) TransEBM and (d) ERA-20CM. Both are based on the sinusoids

fitted to the detrended 1900–1989 CE time series. Model configuration as in Fig. 5. Panel (a) shows a clear cut-off, after which only few grid

boxes have larger phase lags. All of them lie close to the Equator, where the time series is not sinusoidal as shown in Figs. 12a and C1a.

(b) In the ERA-20CM data a much larger variety of phases occurs and even very large phase lags are found. The cut-off here was chosen

such that all locations close to the Equator with non-sinusoidal behavior were excluded. Many of the locations with very large phase lags are

in Antarctica, where the temperature maximum sometimes occurs a couple of days before the insolation maximum as shown in Figs. 12b

and C1b. Panels (c) and (d) both show that most grid boxes have a period of around 12 months, with very few exceptions of places where the

fitted sine has a period of about 6.
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North America and parts of Asia. The min–max amplitude

is larger in polar regions, as shown at locations 5 and 6 in

Antarctica. In ERA-20CM reanalysis data the differences be-

tween the two types of amplitudes are larger, especially in

locations with sea ice where they can become more than 15◦.

It is notable that the fitted amplitude is almost always smaller

and only ever larger by a little. This underestimation of the

fitted amplitude is visible in locations 5 and 6, where the fit is

unable to capture the temperature maxima. Location 4 near

the Equator in South America is an example of a grid box

that was excluded from the phase lag analysis. It is a location

where the variations have a period smaller than 12 months.

Since this was taken as a sign that a sine would not fit the

underlying time series, such places where excluded from the

analysis.

Figure C2 shows the histograms of the phases and pe-

riods for both TransEBM and ERA-20CM. A period other

than around 12 occurs only in few places, mostly around the

Equator where the time series shows no seasonal cycle. The

phase histograms were used to define cut-offs to distinguish

places where sine fitting was suitable from those, where the

time series showed little or no sinusoidal behavior. Placing

the cut-off is straightforward in TransEBM, since there is a

gap at a phase lag of 108 d, after which there are almost no

occurrences. Furthermore, Fig. 12a shows that all of these oc-

currences are close to the Equator, i.e., in places like location

4 without a 12-month seasonal cycle.

In ERA-20CM, the picture is more complicated, as

Fig. C2b shows. Here, the cut-off was set by lowering it un-

til all grid boxes close to the Equator where the time series

is not suited to fitting a sine were excluded. This leads to a

cut-off at 150 d. In doing so, large parts of Antarctica were

excluded as well. As discussed previously in Sect. 3.1, these

are places where the temperature maximum occurs slightly

before the maximum in insolation, leading to very high com-

puted phase lags, which the analysis omits. While this means

that some grid boxes might have been excluded unnecessar-

ily, this procedure allows confidence in all grid boxes that are

included.
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Code and data availability. The current version of the model

is available at https://github.com/paleovar/TransEBM (last ac-

cess: 30 April 2021) and licensed under the GNU Gen-

eral Public License Version 3. The version of the model

used for the analyses presented here is archived on Zen-

odo (https://doi.org/10.5281/zenodo.3941311, Ziegler and Rehfeld,

2020), together with all input data, configuration files, and scripts to

run the model. The model simulations and all other data to produce

the plots of this paper, as well as the code that generated the plots,

are archived there as well.
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Regional but not global temperature 
variability underestimated by climate 
models at supradecadal timescales

T. Laepple)  )1,2 , E. Ziegler)  )3,4, N. Weitzel)  )3, R. Hébert)  )1, B. Ellerhoff)  )3,4,13, 

P. Schoch)  )5, B. Martrat)  )6, O. Bothe)  )7, E. Moreno-Chamarro)  )8, 

M. Chevalier9,10, A. Herbert)  )11,12 & K. Rehfeld)  )3,4

Knowledge of the characteristics of natural climate variability is vital when 

assessing the range of plausible future climate trajectories in the next 

decades to centuries. The reliable detection of climate fuctuations on 

multidecadal to centennial timescales depends on proxy reconstructions 

and model simulations, as the instrumental record extends back only a 

few decades in most parts of the world. Systematic comparisons between 

model-simulated and proxy-based inferences of natural variability, however, 

often seem contradictory. Locally, simulated temperature variability is 

consistently smaller on multidecadal and longer timescales than is indicated 

by proxy-based reconstructions, implying that climate models or proxy 

interpretations might have defciencies. In contrast, at global scales, studies 

found agreement between simulated and proxy reconstructed temperature 

variations. Here we review the evidence regarding the scale of natural 

temperature variability during recent millennia. We identify systematic 

reconstruction defciencies that may contribute to difering local and global 

model–proxy agreement but conclude that they are probably insuocient to 

resolve such discrepancies. Instead, we argue that regional climate variations 

persisted for longer timescales than climate models simulating past climate 

states are able to reproduce. This would imply an underestimation of the 

regional variability on multidecadal and longer timescales and would bias 

climate projections and attribution studies. Thus, eforts are needed to 

improve the simulation of natural variability in climate models accompanied 

by further refning proxy-based inferences of variability.

Climate variability results from a forced component driven by the plane-

tary energy imbalance and from chaotic variations linked to the internal 

dynamics of the climate system. While the current long-term increase 

in global mean temperature is mostly due to climate forcings related to 

human activities1, internal variability (Box 1) dominates the regional, 

short-term changes that are most relevant to societies2,3. Knowledge of 

the climate system9s variability is required to anticipate the full range 

of possible future climate change and to increase the impact of societal 

mitigation and adaptation efforts. While forced variability is relatively 

well understood1, regional internal variability is largely uncertain, and 

society-relevant changes persisting for decades could be outside the 

range of current projections4. Climate models can provide direct esti-

mates of internal variability at all scales5. However, uncertainties are 

introduced by processes not being included and models mostly being 
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Typical examples of global and local temperature reconstructions 

from proxy data and model simulations reveal that these contradictory 

findings are a result of the distinct nature of global and local climate var-

iability (Fig. 1). Global mean temperature time series from proxy-based 

reconstructions (Past Global Changes (PAGES) 2k proxy temperature 

database16) and models (the Coupled Model Intercomparison Project 

Phase 5 (CMIP5)/Paleoclimate Modelling Intercomparison Project 

Phase III (PMIP3) and Coupled Model Intercomparison Project Phase 6  

(CMIP6) last millennium ensemble17, referred to here as CMIP5/6; 

Extended Data Table 1) show similar timings and amplitudes of the 

anomalies throughout most of the past millennium (Fig. 1a) and the 

power spectra of model simulations and reconstructions are consistent 

across most timescales (Fig. 1c). In contrast, local temperature variabili-

ties are largely uncorrelated, as illustrated by the Cariaco sea surface 

temperature (SST) reconstruction18 and simulated temperatures for the 

same location (Fig. 1b). The reconstruction exhibits larger amplitudes 

than individual simulations and even exceeds the ensemble9s spread. 

On decadal and shorter timescales the proxy and model-based power 

spectra are more consistent (Fig. 1d), but they diverge for supradecadal 

timescales. There, model spectra flatten, while the local SST record 

shows a steep increase in the spectral density towards longer time-

scales. This behaviour is not limited to this example but can also be 

found in high-resolution records of the PAGES 2k compilation (ref.)19 

and Extended Data Fig. 1), in lower-resolution SST records14 and in land 

temperature records4.

To systematically disentangle the structure of agreement and 

disagreement between model simulations and reconstructions, we 

performed a meta-study of the existing literature on surface tem-

perature variability in the Holocene and past millennium, following the 

respective author9s original assessments of model–data consistency 

(Fig. 2 and Extended Data Fig. 2; Methods). At the global scale, there is a 

high level of agreement on all timescales8,10–12,16,19,20. As the spatial scale 

decreases from global to hemispheric, the results are more mixed. For 

the Northern Hemisphere some studies found agreement on decadal 

to centennial timescales9,11,21, while others reported weaker simulated 

variability than that reconstructed on interannual to multicentennial 

scales22,23. Owing to the sparsity of proxy coverage of the Southern 

Hemisphere, there is a clear bias towards the Northern Hemisphere in 

global and hemispheric studies. At regional and local scales (Box 1), the 

findings are strongly timescale-dependent. On interannual scales, most 

studies found model–data agreement4,8,12,14,19,21–26 or reported mixed 

results13,26–29. Disagreement emerged on decadal19 or multidecadal8,12,14 

scales. On supradecadal timescales, the majority of studies showed 

disagreement between reconstructions and models4,12–14,19,21,25,27 with 

reconstructions yielding higher magnitudes of temperature variability 

than simulations.

This leaves us with the enigma of a model–data match at global 

scales and a mismatch at local and regional scales for supradecadal 

timescales. Possible causes for this could be shortcomings in the ability 

of current climate models to simulate local and regional temperature 

variability, or systematic deficiencies in global or local temperature 

reconstructions.

Reconstruction deficiencies alone do not explain 
the scale enigma
Pre-instrumental temperature estimates are primarily reconstructed 

from physical and biogeochemical proxies measured in natural archives 

such as glacier ice, sediments and trees30. This proxy information is 

transformed into estimates of past temperatures using statistical 

methods. While many sources of uncertainties and biases have been 

identified in these statistical reconstructions31–34, we focus here on 

potential underlying causes of the diagnosed scale enigma.

Studies that have found consistent global variability in recon-

structions and simulations typically employed multi-proxy databases 

comprising predominantly annually resolved records. These have 

validated against recent observational constraints6. Furthermore, 

computational constraints necessitate parameterizations and only 

allow small ensemble simulations on long timescales that are needed 

to constrain longer-than-decadal timescales (here termed supradec-

adal timescales). While instrumental data can be used to estimate the 

contribution of internal variability for periods of up to several dec-

ades, the limited length of these records and the concurrent changes in 

anthropogenic forcing imply that fluctuations on supradecadal time-

scales are poorly constrained. Thus, model simulations remain largely 

unvalidated for variability on multidecadal timescales and beyond. 

Approaches that exploit observational records are promising7, but their 

robustness and scope need to be further improved using palaeoclimate 

reconstructions to achieve confidence on those timescales.

Current comparisons of temperature variability in model simula-

tions and reconstructions or instrumental observations (hereafter 

model–data comparisons) seem contradictory. While some studies 

have found agreement between the variability simulated by climate 

models and the variability inferred from instrumental observations8 

or proxy-based reconstructions9–11, others suggest disagreement for 

the instrumental period12,13 and past climates4,14,15.

BOX 1

Glossary of terms
Spatial scales: In this study, local refers to a single proxy record or 

model grid box and regional to any aggregation of multiple proxy 

records or grid boxes smaller than a hemisphere.

Temporal scales: Subdecadal denotes interannual to decadal 

timescales, and supradecadal multidecadal to millennial 

timescales.

Spectrum: For a given time series, the PSD (here referred to simply 

as spectrum) provides a measure of variability as a function of 

timescale. For temperature, this spectrum often follows a power law 

with a scaling coeficient that describes its temporal persistence. A 

larger scaling implies stronger correlations across timescales and 

longer persistence times.

Temporal persistence: The strength of (anti-)correlation of 

successive values in a time series.

Internal climate variability: Climate variability has a forced 

component and an unforced (that is, internal) component. Internal 

variability arises from nonlinear interactions between the various 

feedbacks and components in the climate system, from stochastic 

fluctuations and from deterministic chaos. As such, it appears in 

unforced 8control9 model simulations. Forced variability results 

from external drivers of the climate system, irrespective of whether 

they are anthropogenic or natural. At first order, internal and forced 

variability are independent, but forced variability can influence the 

timing and strength of internal climate variability. Natural variability 

refers to internal and naturally forced.

Climate model: Unless otherwise stated, we use model as 

shorthand to denote global atmosphere/ocean general circulation 

models.

Model–data comparison: In the context of model3data 

comparison, we use data as shorthand to refer to both instrumental 

observations and proxy-based reconstructions of surface 

temperature, but not for results produced by numerical models.
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been calibrated using the period that overlaps with the instrumental 

record (temporal calibration). A number of studies have suggested that 

global temperature reconstructions might underestimate variability 

(such as ref.)34 and references therein). The temporal calibration step 

can underestimate supradecadal variability, particularly when the 

proxy is used as predictor (direct regression)35. Furthermore, cur-

rent multi-proxy databases are dominated by tree ring records (for 

example >60% in the PAGES 2k 2017 database) that can underestimate 
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Fig. 1 | Examples of local and global surface temperature variability in models 

and reconstructions over the 1,000–1,800 CE time span. a, Time series of 

global mean surface temperature from CMIP5/6 model simulations and all 

PAGES 2k proxy reconstructions16. b, Time series of a local SST reconstruction 

(Cariaco18) and of model simulations for the same location (y-axis as in (a)). The 

thin lines show annual values, thick lines are low-pass filtered (cutoff frequency 

1/30)yr) to focus on the supradecadal variations. c,d, Power spectral density 

(PSD) of the global (c) and local (d) simulated and reconstructed temperature 

time series on shared y-axis. Coloured shading indicates the range of the model 

and proxy reconstruction ensemble.
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supradecadal variability due to the removal of individual growth 

trends36. These arguments have sparked the development of new meth-

ods including indirect regression (which avoids the underestimation 

of low-frequency variability in the calibration step), ensemble meth-

ods and Bayesian models37. Pseudo-proxy experiments suggest that 

these new methods do not substantially underestimate supradecadal 

variability31. While the few reconstructions that do not rely on tree ring 

records exhibit the highest supradecadal variability38,39 and differing 

methodologies can produce a spread of up to one order of magnitude, 

even the global reconstructions with the highest magnitude variability 

are still consistent with the ensemble of CMIP5/6 simulations (Fig. 1a,c).

Unlike global reconstructions, studies focusing on local scales 

often rely on proxies from sedimentary archives (lake and marine 

sediments, glacier ice) that are calibrated using independent data 

from laboratory experiments40, physical models41 or modern spa-

tial relationships42. These calibrations are not subject to the under-

estimation of supradecadal variability found for direct temporal 

regression35. Instead, 8proxy noise9 (that is, the variability enhance-

ment from non-climatic processes) has been proposed as the most 

likely culprit for overestimations of supradecadal variability in these 

local reconstructions. Examples of such processes are aliasing of the 

seasonal cycle43, spatial heterogeneity in the archive44, recording of 

site-specific features such as upwelling events that are not representa-

tive of mean conditions45, vital effects or measurement errors. As 

local variability estimates typically rely on single records, there can 

be no dampening of proxy noise through averaging. In contrast to 

these variability-enhancing mechanisms, other non-climatic processes 

such as bioturbation of sediments46, isotopic diffusion in ice47, slow 

response times of biological systems48 and homeostasis49 can lead to 

timescale-dependent underestimation of local variability. Biases from 

proxy noise and timescale-dependent temperature sensitivities can 

be minimized through statistical corrections50 and the use of proxy 

system models51. These corrections lead to consistent estimates of 

variability across independent proxy types and with instrumental 

observations on overlapping timescales4,14, strengthening the credibil-

ity of reconstructed variability. Nonetheless, corrected estimates still 

show the model–data variability mismatch on supradecadal scales14,27. 

Supporting the evidence in the literature, we found that local variabil-

ity reconstructed from instrumentally calibrated annually resolved 

records is consistent with marine and terrestrial proxies and displays 

a similar model–data variability mismatch on supradecadal timescales 

(Extended Data Fig. 1).

Chronological uncertainties can complicate the comparison of 

individual events in proxies and simulations. However, age model 

errors have little influence on local variability estimates from single 

records52. While averaging across records with age uncertainty leads 

to an underestimation of variability4, the age uncertainties for annually 

resolved records of the Common Era is usually below 10)years (ref.)53). 

Thus, we expect little to no effect on supradecadal global temperature 

variability estimates. It is often not possible to unambiguously attrib-

ute proxy variations to a specific physical variable (for example, trees 

can be sensitive to temperature or moisture) or season. However, the 

mismatch for local supradecadal variability would be even higher if we 

assumed that proxies represented hydroclimate, instead of tempera-

ture variations (Extended Data Fig. 3). In addition, the local model–data 

disagreement is also found in geochemical proxies that are only sensi-

tive to temperature (for example, Mg/Ca ratios in foraminifera or Sr/Ca  

ratios in corals). Taken together, it is unlikely that chronological uncer-

tainties or hydroclimate influences on proxies contribute substantially 

to the scale enigma.

Finally, local proxies may be more variable than model simula-

tions due to differences in spatial scales between local proxy records 

and a typical grid-box size in climate models (~100)km). However, for 

surface temperature, the spatial decorrelation length on interannual 

scales is usually larger than the size of a model grid box, which limits 

the impact of differences in spatial scale54. Moreover, as the spatial 

coherence of temperature variability increases between interannual 

and supradecadal timescales55, discrepancies are expected to diminish 

towards longer timescales.

The described methodological differences between global and 

local reconstructions complicate the assessment of systematic biases. 

Nevertheless, current evidence suggests that neither an overestima-

tion of local variability nor an underestimation of global variability 

from reconstructions can solely explain the diagnosed scale enigma. 

Therefore, we argue that model deficiencies substantially contribute 

to the enigma.

Consequences for the spatial structure of natural 
climate variability
As a possible explanation for the scale enigma, we hypothesize that 

while the current generation of climate models can accurately simu-

late global-scale temperature variability, they are too stable at smaller 

(local) scales. If correct, this hypothesis would imply that climate mod-

els need more spatially independent modes of supradecadal variability.

Global and local variability are not independent, they are con-

nected by the spatial correlation structure of the temperature field. 

Stronger spatial correlations lead to smaller differences between 

regional and global temperature variability and vice versa56. Compar-

ing the spectra of simulated local and global variability suggests that 

the ratio between both quantities decreases with longer timescales  

(Fig. 3a, grey shaded area). This is associated with an increase in the typi-

cal spatial extent of temperature anomalies on longer timescales56 and 

is supported by instrumental observations on subdecadal scales12,55. 

The relationship between temporal and spatial scales can also be visu-

alized by subtracting two mean temperature fields from successive 

time steps from one another (for example, from two adjacent years  

(Fig. 3b), from adjacent decades (Fig. 3c) or from even longer periods 

(Fig. 3d)). In the CMIP5/6 model simulations, the local and global vari-

ability magnitudes converge as timescales increase (grey shading in  

Fig. 3a), which is associated with a continuously increasing spatial scale 

of the temperature fluctuations (Fig. 3b–d).

This increase in the spatial extent of temperature anomalies on 

supradecadal timescales might be an artefact introduced by the cli-

mate models, as the reconstructed local temperature variability on 

these timescales is larger than the simulated variability (Figs. 1 and 2). 

By adding published estimates of the local variability spectrum from 

PAGES 2k reconstructions19 and marine and lake sediment cores4,14  

(Fig. 3a, blue dashed line; Methods) to the model spectrum, we tenta-

tively deduce that the observed supradecadal local variability increases 

in parallel with the global variability. This would lead to a constant ratio 

between local and global variability (vertical dashed shading) and imply 

that, in contrast to the model results, the spatial scale of supradecadal 

temperature fluctuations might not increase after all. This prompts us 

to speculate that the true temperature anomalies between centuries 

might be more similar in structure and amplitude to the simulated 

temperature anomalies between decades (Fig. 3c), rather than the 

simulated anomalies between centuries (Fig. 3d).

This implied invariance in the spatial extent of temperature anom-

alies on supradecadal timescales according to the reconstructions, con-

trasting the further increase suggested by the models, may result from a 

different balance between two competing processes: (1) those creating 

local climate variability and (2) those causing a timescale-dependent 

suppression of local variability.

It has been proposed that the amplitude of natural forcing or the 

response to that forcing could be underestimated or be too spatially 

homogeneous due to shortcomings in the dynamical response in mod-

els57. Missing components of the climate system such as interactive 

ice sheets and dynamic vegetation58–62 might further cause a lack of 

regional variability, especially when the mechanisms causing the vari-

ability are linked to timescale-invariant spatial structures such as the 
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topography or land–sea boundaries. On the other hand, horizontal dif-

fusion63 reduces regional variability at low frequencies. Hence, overly 

weak or misrepresented ocean eddies64 and inadequacies in the repre-

sentation and spatiotemporal propagation of sub-grid-scale processes 

in current climate models could artificially dampen supradecadal 

temperature variabilities at regional scales. One notable limitation of 

the current CMIP protocols for past simulations that could contribute 

to the local variability deficit of simulations is the lack of knowledge 

regarding the dynamic initial state of the ocean. The Earth system has 

a long memory for past forcings65 and the supradecadal variability has 

been suggested to echo slowly varying boundary conditions, mainly 

orbital forcing10. Meanwhile, simulations of the past millennium are 

generally initialized in a state of quasi-equilibrium with the starting 

boundary conditions.

Our hypothesis of a stronger persistence of regional temperature 

variability is consistent with other observational and proxy evidence. 

A lack of temporal persistence resulting in too much fast variation 

relative to to slow variation of regional temperatures in climate mod-

els66,67 and a local response to forcing that is too weak were proposed as 

explanations for the so-called 8signal-to-noise paradox966. This denotes 

the perplexing finding that models predict the observed (regional) 

temperature variations better than they predict ensemble forecast 

members. Finally, proxy-based reconstructions of temperature anoma-

lies for specific periods in the past often exhibit more complex spatial 

patterns than the corresponding fields from simulations68–70.

Implications for climate projections and 
attribution efforts
Misrepresented variability would decrease the skill of policy-relevant 

climate and extreme event projections71,72, impact assessments73,74 and 

attribution studies75. The ability of forced climate model simulations 

to reproduce the magnitude and structure of global temperature vari-

ability (Fig. 2) strengthens the confidence in the simulated response 

to external forcing9,76 in future climate projections. In contrast, biases 

in the spatial structure of variability would affect regional climate pro-

jections at supradecadal timescales. Likewise, projections might miss 

abrupt climate transitions as many climate models have been shown 

to be too stable to accurately simulate such transitions in the past77. 

However, recent progress in Earth system models60,78 regarding the rep-

resentation of these (in)stabilities of the climate system is promising.

Long-term variability modulates the occurrence of extreme 

weather and climate events72,79, and stronger temporal persistence 

can increase the frequency of occurrence of such extremes (Fig. 4). As 

a result, current model-based loss and damage estimates from extreme 

events and risk projections may be underestimations. This may also 

affect short-term projections as the return periods of extreme events 

might be misrepresented (Fig. 4c). Finally, our reliance on instrumental 

observations can bias the distribution estimates of climate variables 

(Fig. 4b) as this period might be too short to sample the full range of 

supradecadal variability. Stronger persistence of climate variations 

would increase the probability of extreme conditions (Fig. 4a), includ-

ing very rare and intense events80. Compound events may also occur 

more often, intensifying the vulnerability of ecosystems and socie-

ties, and the risk of sustained impacts such as agricultural losses and 

wildfires81. Socio-economic long-term planning for climate change 

requires a better understanding of this linkage between variability 

and extreme events82.

Attribution studies provide vital insights into the impacts of 

anthropogenic greenhouse gas emissions on current and future climate 

change, including extreme climate and weather events. The reliability 
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of these assessments depends on accurate representations of the 

statistical properties of the climate and its decomposition into anthro-

pogenic and natural contributions83,84, which makes these assessments 

susceptible to misrepresentations of variability in models75. Indeed, 

extreme event attribution often assumes that decadal and longer inter-

nal variability plays only a minor role in the occurrence of extremes85.

Discrepancies between modelled and observed changes in climatic 

parameters complicate regional attribution86 as most attribution stud-

ies focus precisely on those local to regional spatial scales at which the 

supradecadal variability is probably underestimated in models. Thus, 

if strong and persistent local variability is missing in models, tests 

for the significance of anthropogenic effects are likely to be biased 

positive. These arguments highlight the urgent need for an improved 

understanding of variability and its spatial structure, including the 

relationship between local and global variability estimates. We could 

then leverage this new understanding to validate and improve the 

capabilities of climate models regarding regional projections, for exam-

ple, through emergent constraints87, downscaling or bias-correction 

techniques88 targeting variability. Incorporating stochastic natural 

forcing in climate model simulations of future scenarios is another 

important step in climate modelling for realistic projections of future 

climate variability89,90.

Regional projections, risk assessments of extremes and attribu-

tion all depend on reliable simulations of local and regional variability. 

Without an improved representation of variability in climate models, 

the range of future conditions might not be fully covered. Thus, policies 

that are based on these estimates will not address the actual required 

mitigation and adaptation strategies. Overall, underestimation of the 

full temperature range can lead to a false sense of security (during a 

decade on the lower end of the range, for example) (Fig. 4), as well as to 

decades of unexpectedly high temperatures1 for which policymakers 

and societies are unprepared.

Closing the existing knowledge gap
To resolve the enigma of global climate models and proxy-based cli-

mate reconstructions being in agreement regarding the global aver-

age continuum of temperature variability but not at smaller (local to 

regional) scales, we have argued that regional-scale fluctuations in 

climate models should be larger and persist for longer. As a result, 

regional temperatures in current models probably seem too stable 

on supradecadal timescales and internal variability constitutes only 

a small fraction of their projection uncertainties, even at regional 

scales91. Additional efforts are required to ensure that natural (forced 

and internal) variability is simulated accurately to better evaluate its 

contribution to regional projection uncertainty. This includes inves-

tigating long model simulations with transient boundary conditions 

and simulations with additional coupled Earth system components in 

terms of their simulated supradecadal variability.

Validation of climate models with respect to palaeoclimate data 

usually focuses on their ability to simulate the mean state in a given 

time period such as the Last Glacial Maximum or slow changes, but 

rarely with respect to variability across timescales; this requires 
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both a paradigm shift in our approach to validating models and a 

new data product. In the 1970s, Climate: Long range Investigation, 

Mapping, and Prediction92 became a landmark project, providing 

the first spatially comprehensive estimates of climate change and 

mapping the climate and ecology of the Last Glacial Maximum. An 

undertaking of similar magnitude concerning natural variability is 

now necessary and achievable. It requires the participation of the 

palaeoclimate, proxy-development and statistics communities. While 

we already have a large number of palaeoclimate reconstructions 

that cover several continents and oceanic basins, as well as time-

scales that range from annual to millennia, this dataset needs to be 

extended to improve replicability93 and reduce the number and size 

of gaps in spatial, temporal and timescale coverage. While this may 

seem to be a considerable challenge, recent advances in analytical 

techniques such as mass spectral imaging94 or laser spectroscopy95 

can be exploited to help achieve this, as these methods allow faster, 

more efficient and higher-resolution processing of proxy data. We 

need to combine community-driven synthesis and production of 

proxy datasets with a process-based understanding of the record-

ing of climate signals in different types of archive30 based on more 

site-level monitoring data. This will facilitate the separation of the 

climate signal from non-climatic noise, the separation of temperature 

and hydroclimate variability and the identification of the timescales 

at which the climate signal dominates variability. We also need to 

further develop and optimize statistical methods to combine the 

diverse information into reliable and unbiased variability estimates. 

This effort would facilitate spatially comprehensive estimates of vari-

ability as a function of timescale, ideally both for surface temperature 

and hydroclimatic variables.

Such advances are crucial for benchmarking and improving the 

representation of variability in climate models and the quantification 

of future regional climate risks linked to natural variability. Making use 

of distinct spatial fingerprints of the different mechanisms producing 

supradecadal variability would help identify the origins of the currently 

missing local supradecadal variability in models. Furthermore, these 

advances can provide the basis for characterizing the spatiotemporal 

covariance structure of climate variability. This in turn will improve the 

skill of data assimilation96 and climate field reconstruction methods, 

permitting us to test our hypothesis for the scale enigma.

Finally, variability is a critical criterion of model development that 

should be evaluated in validating models and as an emergent property. 

This would allow us to investigate a broader range of possible model 

sensitivities and predictions of climate variability at various spatiotem-

poral scales. The proposed measures are vital for reliable estimates of 

variability, which in turn advance more robust regional projections, 

assessments of model-independent constraints and attribution and 

impact studies. The improved understanding of climate variability 

would thus contribute to better climate policy choices and mitigation 

and adaptation efforts.
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Methods
Spectral estimates
The PSD estimates were calculated using the multitaper method98 with 

three tapers and a time-bandwidth parameter ω)=)2. The PSD estimates 

were smoothed using a Gaussian kernel with a constant width of 0.03 

on the (base 10) logarithmic timescale.

Literature review and agreement
We included literature that covered the entire Holocene and applied a 

ranking system to indicate the level of (dis)agreement between climate 

reconstructions and models using the following five levels: disagree-

ment, largely disagree, neutral, largely agree, and agreement. Levels 

were assigned on the basis of the respective study authors9 original 

assessments of their model–data consistency that were based on 

various methods used for the model–data comparison (for exam-

ple direct comparison, proxy modelling) and proxy calibration (for 

example temporal calibration, spatial calibration). We differentiated 

the results according to temporal and spatial scales wherever pos-

sible. Supplementary Table 1 contains the full review on which Fig. 2 

is based, together with statements from the original papers that were 

the basis for assigning the levels of (dis)agreement. Extended Data  

Fig. 2 explicitly cites the individual studies.

Local and global spectra and relationship to the spatial scale 
of temperature fluctuations
Global mean spectra (Figs. 1 and 3) were computed as the PSD of the 

global temperature time series. As an example of a local record, we 

chose the Cariaco Mg/Ca records as it is one of the highest-resolution 

marine records that spans most of the past millennium (1200–2000)ce). 

This record is not affected by bioturbation (due to its laminated sedi-

ment) and is based on a classical temperature proxy (Mg/Ca on planktic 

foraminifera). Mg/Ca is clearly attributed to temperature and we can 

use an independent calibration (Methods; see ref.)14), circumventing 

potential issues with temporal calibrations. Local mean spectra (Figs. 1 

and 3 and Extended Data Fig. 1) were computed as area-weighted mean 

spectra of the local (grid box) temperature. For the model spectra, the 

grid boxes containing the proxy record were selected. The local mean 

spectrum from the PAGES 2k database (Fig. 3 and Extended Data Fig. 1)  

corresponds to the estimate in ref.)19. For this estimate, 101 proxy 

records were considered and selected according to their resolution, 

number of data points and coverage, as well as their maximum hiatus. 

The result is robust to the selection criteria19. In Fig. 3, the local spec-

trum from sedimentary records is also shown, covering timescales 

from 1/200–1/3000)years. The proxy spectra were created from the 

weighted average of local SST spectra from ref.)14 (arithmetic mean of 

Mg/Ca and Uk37 proxy-based spectra, where Uk37 is the unsaturation 

index of C37 methyl alkenones50) and local terrestrial air temperature 

spectra from ref.)4 (2/3)×)SST)+)1/3)×)terrestrial temperature). All three 

spectra show a similar scaling of PSD)j)f21 for frequency f and are there-

fore parallel to the global mean temperature spectra from CMIP5/6 and 

the PAGES 2k reconstruction (Fig. 1). This implies that the spatial scale 

remains nearly constant on supradecadal timescales, independent of 

the absolute magnitude of local variability. The ratio of local to global 

variability can be interpreted as effective spatial degrees of freedom 

that can in turn be translated into a characteristic length scale (an 

effective correlation radius)56 (see Fig. 3a and the circles and labelling 

in Fig. 3b–d). To visualize a typical amplitude and spatial scale of tem-

perature anomalies at different timescales (Fig. 3b–d), we computed a 

Haar fluctuation at different timescales (that is, the difference between 

the average of the first and second half of a given time interval) from 

the MPI-ESM-P past1000 experiment. We show examples for one 2)yr 

(Fig. 3b), one 20)yr (Fig. 3c) and one 500)yr fluctuation (Fig. 3d); they 

correspond to, respectively, the average temperature for the year 

1050 minus 1051, the years 1050–1059 minus 1060–1069 and the years 

1050–1299 minus 1300–1549.

Conceptual relation between slow climate variability  
and extremes
The time series of short-term variations in Fig. 4 was created as white 

noise, while the time series of long-term variations was generated as 

a low-pass filtered (cutoff 1/10)yr) stochastic process with PSD)j)f21. 

The variance ratio was 5:1. The parameters and time steps were cho-

sen such that the short-term time series corresponds to fluctuations 

with a characteristic timescale of weeks and the long-term series to 

decadal fluctuations. In total, we generated a 10,000)yr time series to 

ensure that the distributions converged. The distribution and return 

levels were obtained empirically. We used the definition of the return 

level from the Weibull formula, which relates the inverse rank, i, of 

the sorted time series vector, X, of length N to the return period R(xi) 

via (Box 1):

X = (x

1

,… x

N

), x

i

≥ x

i+1

R(x

i

) = 1/(P(x ≥ x

i

)) =

N+1

i

Data availability
The PAGES 2k palaeotemperature records (PAGES 2k v.2.0.0) are avail-

able at www.ncdc.noaa.gov/paleo/study/21171. The ensemble of global 

temperature reconstructions based on the PAGES2k16 data are avail-

able through the World Data Service (NOAA) Palaeoclimatology at 

https://www.ncdc.noaa.gov/paleo/study/26872 and via Figshare at 

https://doi.org/10.6084/m9.figshare.c.4507043. The pollen-based 

reconstructions are available via PANGEA at https://doi.pangaea.

de/10.1594/PANGAEA.930512. The marine proxy data are available 

via PANGEA at https://doi.org/10.1594/PANGAEA.899489. The CMIP5 

millennium simulations are available through the Earth System Grid 

Federation portal at https://esgf-data.dkrz.de. Source data are pro-

vided with this paper.
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Extended Data Fig. 1 | Spectrum of mean local simulated and reconstructed 

temperature variability. As in Fig. 1d of the main text but for the mean local 

temperature spectrum from CMIP5/CMIP6 simulations and from PAGES2k 

temperature reconstructions (see Methods and Ref. 19). This shows that local 

variability reconstructed from instrumentally calibrated annually resolved 

records displays a similar model-data variability mismatch on supra-decadal 

time-scales as the example reconstruction (Cariaco) shown in Fig. 1d, or other 

marine or terrestrial records4,14.
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Extended Data Fig. 2 | Overview of model-data (dis)agreement in Holocene 

temperature variability in the literature with explicit references. As in Fig. 2  

of the main text, model-data agreement is grouped according to temporal 

(x-axis) and spatial scale (y-axis). Each symbol represents a specific study  

(refs. 4,8–14,16,19–2997) and the color-code indicates strength of (dis)agreement. 

Multiple occurrences in one box can happen when differing results are reported 

that is depending on reconstruction method or proxy type. Such cases are 

highlighted with a black border. The number at the bottom right of each box is 

the number of distinct studies in this box. Dashing of a box indicates only one 

or two studies for this spatio-temporal scale. Further details can be found in the 

Methods section.
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Extended Data Fig. 3 | Local precipitation and local temperature variability 

show a different temporal scaling. Local mean spectral estimates from 

CMIP5/6 precipitation (dark blue) and temperature (brown). Across all models, 

local precipitation variability shows a flatter (more white) scaling than local 

temperature variability. This implies that the mismatch between simulated and 

reconstructed local supra-decadal variability would increase, if the proxies would 

represent a mix of precipitation and temperature (calibrated to temperature 

units), as the difference in scaling between proxies and simulated precipitation is 

even larger than between proxies and simulated temperature.
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Extended Data Table 1 | CMIP5/CMIP6 model experiments. The model experiments were used in Figs. 1 and 3 (refs. 99–109)
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Abstract. As of 2023, global mean temperature has risen

by about 1.45 ± 0.12 °C with respect to the 1850–1900 pre-

industrial (PI) baseline according to the World Meteorologi-

cal Organization. This rise constitutes the first period of sub-

stantial global warming since the Last Deglaciation, when

global temperatures rose over several millennia by about 4.0–

7.0 °C according to proxy reconstructions. Similar levels of

warming could be reached in the coming centuries consid-

ering current and possible future emissions. Such warming

causes widespread changes in the climate system, of which

the mean state provides only an incomplete picture. Instead,

fluctuations around the mean and in higher-order statistics

need to be considered. Indeed, climate’s variability and the

distributions of climate variables change with warming, im-

pacting, for example, ecosystems and the frequency and in-

tensity of extremes. However, previous investigations of cli-

mate variability focus mostly on measures such as variance,

or standard deviation, and on quasi-equilibrium states such

as the Holocene or Last Glacial Maximum (LGM). Changes

in the tails of distributions of climate variables and transition

periods such as the Last Deglaciation remain largely unex-

plored.

Therefore, we investigate changes of climate variability

on annual to millennial timescales in 15 transient climate

model simulations of the Last Deglaciation. This ensemble

consists of models of varying complexity, from an energy

balance model to Earth system models (ESMs), and includes

sensitivity experiments, which differ only in terms of their

underlying ice sheet reconstruction, meltwater protocol, or

consideration of volcanic forcing. The ensemble simulates an

increase in global mean temperature of 3.0–6.6 °C between

the LGM and Holocene. Against this backdrop, we examine

whether common patterns of variability emerge in the en-

semble. To this end, we compare the variability in surface

climate during the LGM, Deglaciation, and Holocene by es-

timating and analyzing the distributions and power spectra

of surface temperature and precipitation. For analyzing the

distribution shapes, we turn to the higher-order moments of

variance, skewness, and kurtosis. These show that the dis-

tributions cannot be assumed to be normal, a precondition

for commonly used statistical methods. During the LGM and

Holocene, they further reveal significant differences, as most

simulations feature larger temperature variance during the

LGM than the Holocene, in line with results from reconstruc-

tions.

As a transition period, the Deglaciation stands out as a

time of high variance in surface temperature and precipita-

tion, especially on decadal and longer timescales. In general,

this dependency on the mean state increases with model com-

plexity, although there is a large spread between models of

similar complexity. Some of that spread can be explained by

differences in ice sheet, meltwater, and volcanic forcings, re-

vealing the impact of simulation protocols on simulated vari-

ability. The forcings affect variability not only on their char-

Published by Copernicus Publications on behalf of the European Geosciences Union.
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acteristic timescales. Rather, we find that they impact vari-

ability on all timescales from annual to millennial. The dif-

ferent forcing protocols further have a stronger imprint on

the distributions of temperature than precipitation. A reanal-

ysis of the LGM exhibits similar global mean variability to

most of the ensemble, but spatial patterns vary. However, pa-

leoclimate data assimilation combines model and proxy data

information using a Kalman-filter-based algorithm. More re-

search is needed to disentangle their relative impact on recon-

structed levels of variability. As such, uncertainty around the

models’ abilities to capture climate variability likewise re-

mains, affecting simulations of all time periods: past, present,

and future. Decreasing this uncertainty warrants a systematic

model–data comparison of simulated variability during peri-

ods of warming.

1 Introduction

Understanding the response of the climate system during ex-

tended periods of global warming is of vital importance given

current and projected anthropogenic warming. However, the

observational record provides an insufficient data basis due

to its short length of only about 150 years and its sparse

spatial coverage during the earlier years (e.g., Morice et al.,

2012). To extend the record further back in time requires

the use of natural climate archives and proxy-based recon-

structions. Such reconstructions have many associated uncer-

tainties and limited resolution in time and space. Combining

proxy records from different locations into a global field re-

construction introduces additional uncertainties, such as dif-

ferent interpolation and calibration procedures, age models,

and proxy biases (Christiansen and Ljungqvist, 2017; Tin-

gley et al., 2012). Climate models, on the other hand, sim-

ulate three-dimensional fields of a wide variety of variables

that describe the climate. As such, they provide continuous

estimates of climate that are limited by model physics and

parametrizations but allow detailed investigations of the cli-

mate system and its changes on long timescales. Since their

simulation length and resolution depend mostly on compu-

tational resources, simulation protocols up until the Paleo-

climate Modeling Intercomparison Project phase 3 (PMIP3)

encompassed mostly equilibrium simulations of past climate

states in the form of time slices. Experiments with time-

dependent (transient) forcings were limited to short periods

like the past millennium or done with accelerated bound-

ary conditions. The latest iteration, PMIP4, added more and

longer experiments with transient boundary conditions. This

allows more in-depth explorations of past transitions in the

climate’s mean state, such as the Last Deglaciation, which

we examine here using an ensemble of transient simulations.

As the transition from the Last Glacial Maximum (LGM;

23–19 kyr before present1) to the current warm period of the

Holocene (10.65 kyr BP–present day), the Last Deglaciation

was a period of substantial global climate change. Global

mean surface temperature (GMST) increased by about 4–

7 °C according to proxy-based reconstructions and climate

model simulations (Fig. 1a; Gulev et al., 2021; Osman et al.,

2021; Annan et al., 2022; Tierney et al., 2020; Shakun and

Carlson, 2010). The spread among recent estimates is simi-

lar, with some leaning towards the higher end with a warm-

ing of 7.0 ± 1.0 °C suggested by Osman et al. (2021) and

6.1 °C (5.7, 6.5) by Tierney et al. (2020) and others towards

the lower end such as the estimate of 4.5 ± 0.9 °C by An-

nan et al. (2022). In simulations, a rise in global mean pre-

cipitation (GMP) accompanies this warming (Fig. 1b). Dur-

ing the same period, global mean sea level rose by approxi-

mately 120 m as the ice sheets in both hemispheres, but es-

pecially the Fennoscandian and Laurentide ice sheets, shrunk

(Fig. 1c, Lambeck et al., 2014; Grant et al., 2012). However,

there are significant uncertainties associated with ice sheet

reconstructions, especially with respect to ice sheet extent

and elevation (Stokes et al., 2015; Abe-Ouchi et al., 2015;

Ivanovic et al., 2016). In turn, the timing and magnitude of

meltwater events, which crucially impact the deglacial cli-

mate evolution (Snoll et al., 2024), remain uncertain.

Increasing levels of atmospheric carbon dioxide (CO2)

contributed to and drove this change (Shakun et al., 2012)

as they rose from about 193.2 ppm at the onset of the Last

Deglaciation to approximately 271.2 ppm at its end (Gulev

et al., 2021). During the Holocene, CO2 levels roughly sta-

bilized until the Industrial Revolution (Fig. 1d). Similarly,

atmospheric methane almost doubled from the LGM to the

Holocene (Köhler et al., 2017, Fig. 1e). Changes in latitudi-

nal and seasonal insolation distribution favored this rise in at-

mospheric greenhouse gases (GHGs) and warming (Fig. 1f).

However, considering only the described mean changes is

insufficient to capture the full breadth of climate change then

and now. Instead, it is necessary to study the climate’s vari-

ability, too, as reflected in the fluctuations around the mean2

and in higher-order statistics in space and time (Katz and

Brown, 1992). These fluctuations determine the actual cli-

mate conditions at any point in time and space and are the

focus of our study. They affect the various modes of variabil-

ity (Rehfeld et al., 2020) and the occurrence and frequency of

extremes (Simolo and Corti, 2022; Ionita et al., 2021; Schär

et al., 2004; Loikith et al., 2018; Ruff and Neelin, 2012;

Laepple et al., 2023). Climate variability further acts across

timescales, from intra-annual (i.e., heat waves) and interan-

1Here, before present (BP) refers to the year 1950, Common Era

(CE). AP denotes the opposite, after present.
2We include only changes outside the mean in our use of vari-

ability. This is in contrast to the IPCC (2021), which includes any

deviation from a given equilibrium state, including the change in

the mean with time.
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Figure 1. Climate responses and external forcing during the past 26 kyr: (a) global mean temperature anomaly (with regard to 1960–1989)

as simulated by MPI-ESM, captured in ice cores from Antarctica (EPICA Dome C; Jouzel et al., 2007) and Greenland (NGRIP; Andersen

et al., 2004) and reconstructed in the LGM reanalysis (Osman et al., 2021). The proxy records for local temperature derived from EPICA and

NGRIP are scaled to GMST using GMST= 0.5 × Tlocal. (b) Global mean precipitation as simulated by the Earth system model MPI-ESM,

(c) meltwater release for ice sheet reconstructions GLAC1-D and ICE6G as used in MPI-ESM r1–r7 (Kapsch et al., 2022), (d) atmospheric

CO2 (Köhler et al., 2017) and (e) CH4 levels (Köhler et al., 2017), (f) daily insolation at 65◦N and 65◦S at the summer solstice (Huybers

and Eisenman, 2006), (g) solar constant from one ensemble member generated as surrogate data based on Steinhilber et al. (2009) following

Ellerhoff and Rehfeld (2021) (comparison with Steinhilber et al., 2009 in Fig. S2 in the Supplement), and (h) volcanic forcing TephraSynthIce

(Schindlbeck-Belo et al., 2024; Sigl et al., 2022).

nual (multi-year droughts, the El Niño–Southern Oscillation

(ENSO)) to millennial scales (D–O events) and beyond and

across different spatial scales (Franzke et al., 2020; Laepple

et al., 2023).

Proxy-based reconstructions suggest that global mean

temperature variance was about 4 times higher during the

LGM than the Holocene, possibly due to changes in the

Equator-to-pole temperature gradient (Rehfeld et al., 2018).

This implies a dependence of variability on mean climate.

The extent of this state dependency varies regionally; e.g.,

Rehfeld et al. (2018) find that it is generally larger in the

Northern Hemisphere mid- and high latitudes than in the

Southern Hemisphere. Models are only partially able to

match this LGM-to-Holocene change in temperature vari-

ability. Rehfeld et al. (2018) found that interannual to decadal

variability is about 30 % higher during the LGM than during
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the pre-industrial (PI) in PMIP3 and Coupled Model Inter-

comparison Project (CMIP) phase 5 simulations. Shi et al.

(2022) confirmed this for PMIP3/4 LGM simulations, which

have about 20 % larger interannual variability than PI sim-

ulations. Models do agree with reconstructions on decreas-

ing global temperature variability (Rehfeld et al., 2020) and

mean local variability (Ellerhoff et al., 2022) with warming,

especially towards higher latitudes (Ellerhoff et al., 2022),

but with some exceptions in the tropics (Rehfeld et al., 2020).

Few studies quantitatively considered variability changes

over the Last Deglaciation. One, Weitzel et al. (2024), com-

pared millennial and orbital variability in many of the tran-

sient simulations considered here with proxy reconstructions.

Differences varied in time and space, and no single simula-

tion was identified to best match reconstructions.

Globally, there is mostly agreement between the variance

at interannual to centennial timescales in models and recon-

structions both during the Holocene (Laepple et al., 2023)

and further back in time, including during the Deglaciation

(Zhu et al., 2019). On regional and local scales, however,

models simulate less variability than reconstructions, espe-

cially on multi-decadal timescales and longer (Laepple et al.,

2023; Ellerhoff et al., 2022; Rehfeld et al., 2018). Including

natural forcing (that is, forcing from solar and volcanic ac-

tivity) in simulations reduces this difference but cannot close

it (Ellerhoff et al., 2022). Opposite to temperature, precipita-

tion variability increases with warming, with some regional

exceptions (Rehfeld et al., 2020). This precipitation variabil-

ity can be linked to mean precipitation changes, as dry re-

gions generally have lower variability and wet regions gen-

erally have higher variability (Rehfeld et al., 2020).

The influence of natural forcing demonstrates that sig-

nificant variability arises in response to external forcings

and boundary conditions. Volcanism, in particular, has been

identified as a prominent driver of changes in temperature,

precipitation, and modes of atmospheric dynamics (Timm-

reck, 2012; Iles and Hegerl, 2015; Liu et al., 2016; Zanchet-

tin et al., 2015). Its strongest effects manifest on annual

timescales (Lovejoy and Varotsos, 2016), as has been found

for the past millennium and Common Era (Schurer et al.,

2014; Lovejoy and Varotsos, 2016). It further contributed

substantially to subdecadal (Le et al., 2016), decadal (Hegerl

et al., 2003), and multi-decadal (Schurer et al., 2013) vari-

ance. During glacials, strong volcanic eruptions are even sug-

gested as a driver of millennial variability (Baldini et al.,

2015). There is conflicting evidence with respect to the de-

pendence of the impacts of volcanic forcing on the back-

ground state: in equilibrium simulations of the LGM and the

PI period, Ellerhoff et al. (2022) found no state dependency

on the global scale for surface temperature variability and

only slight differences for precipitation. Bethke et al. (2017),

on the other hand, found enhanced variability in future pro-

jections on annual to decadal timescales.

Throughout glacial cycles, the cryosphere plays a crucial

role for the climate and its variability. This includes sea ice

dynamics and changes in ice sheets and associated meltwa-

ter releases. Ice sheets and meltwater releases are still com-

monly simulated as external forcings (Ivanovic et al., 2016).

However, reconstructions of ice sheet extent and elevation

and associated meltwater pulses entail significant uncertain-

ties (Stokes et al., 2015; Abe-Ouchi et al., 2015; Ivanovic

et al., 2016; Izumi et al., 2023). For both the LGM and the

Last Deglaciation, simulated climate has been shown to be

very sensitive to ice sheet reconstructions (Izumi et al., 2023;

Kapsch et al., 2022; Bakker et al., 2020; Ullman et al., 2014).

Furthermore, meltwater release as a consequence of melting

ice sheets affects ocean circulation and thus deglacial climate

as a whole (Kapsch et al., 2022). Consequently, the uncer-

tainties in meltwater scenarios and models’ varying sensitiv-

ities to freshwater crucially affect the simulation of deglacial

climate (Snoll et al., 2024).

For sea ice, a decreasing extent has been shown to reduce

the seasonal to interannual standard deviation of temperature,

likely due to polar amplification and the sea ice–albedo feed-

back (Screen, 2014; Huntingford et al., 2013; Screen and

Simmonds, 2010; Bathiany et al., 2018). As a response to

shrinking sea ice, this feedback reduces the meridional tem-

perature gradient, which has been linked to decreased vari-

ability. Collow et al. (2019) demonstrate a decrease in ex-

treme temperatures, both in frequency and magnitude, with

decreasing sea ice extent. Loss of sea ice further leads to an

increase in scaling (Rehfeld et al., 2020). In addition, Eller-

hoff et al. (2022) found that sea ice dynamics are a signif-

icant component of local variability on decadal and longer

timescales.

Analyses of variability largely focus on variance, espe-

cially in paleoclimate studies, as mean and variance suffice

to describe a normal (Gaussian) distribution in full, mak-

ing variance a useful metric in many contexts. For annual

to decadal temperature data, assuming normally distributed

data is often a good approximation after removing periodic

variations like the diurnal or seasonal cycle. However, on

shorter timescales, this assumption can break down locally

and regionally, where many climate variables are non-normal

(Tamarin-Brodsky et al., 2022; Garfinkel and Harnik, 2017;

Perron and Sura, 2013; Simolo and Corti, 2022). Such cases

necessitate more detailed analyses of the shape of distribu-

tions, which higher-order moments allow.

The higher-order moments of skewness and kurtosis fa-

cilitate an examination of the asymmetry and heaviness of a

distribution’s tails, respectively. They have been shown to be

pronounced for many atmospheric variables, such as geopo-

tential height, vorticity, wind fields, and specific humidity

(Perron and Sura, 2013) on top of temperature (Tamarin-

Brodsky et al., 2022; Ruff and Neelin, 2012; Skelton et al.,

2020; Volodin and Yurova, 2013) and precipitation (He et al.,

2013). All else being equal, an increase in variance already

increases the probability of extremes, whereas a decrease

would counteract it. However, this can be complicated by ad-

ditional changes in skewness and kurtosis (McKinnon et al.,
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2016), which reveal enhancements or reductions in extremes

(Ruff and Neelin, 2012; Simolo and Corti, 2022).

The shape of the tails determines how extremes change

with warming, such that, for example, under warming, short

tails lead to higher exceedances with respect to fixed hot ex-

treme thresholds than Gaussian tails would (Ruff and Neelin,

2012; Loikith et al., 2018). Additionally, changes in skew-

ness can indicate approaching abrupt shifts. As a system

moves towards a tipping point, the weight of the distribu-

tion moves towards this point with an increasingly long tail

away from it; that is, skewness increases when approaching a

point of abrupt change (Guttal and Jayaprakash, 2008). These

kinds of early warning signals have been found in weather

station and climate model simulation data (Skelton et al.,

2020; He et al., 2013), as well as in ecosystems (Guttal and

Jayaprakash, 2008).

Overall, changing dynamics in the Earth system will af-

fect the distributions of a climate variable, potentially result-

ing in changes in skewness or kurtosis. However, the mecha-

nisms linking the climate system to these statistical measures

remain unclear (Simolo and Corti, 2022; Perron and Sura,

2013). For surface or near-surface temperature, asymmetry

and long tails are found due to horizontal advection along

storm tracks (Garfinkel and Harnik, 2017; Ruff and Neelin,

2012). Land–atmosphere interactions, particularly changes

in soil moisture, are related to significant changes in skew-

ness for near-surface temperature as well (Berg et al., 2014;

Douville et al., 2016). Skewness further reflects a marine ver-

sus continental influence (McKinnon et al., 2016). Studies

of skewness and kurtosis in the literature use data from the

20th century or future projections, often consider only lim-

ited time frames, and mostly focus on daily and seasonal

data. To the best of our knowledge, for paleoclimate, no other

study has investigated moments higher than standard devia-

tion. As a consequence, the role of higher-order moments on

longer timescales, when normality assumptions might break

down under a non-stationary climate evolution, and in past

climates is unknown. Whether they changed between past

climate periods, can indicate past abrupt transitions, or could

provide a useful metric for inter-model and model–data com-

parisons remains similarly unclear.

Here, we evaluate how the variability in surface climate

changes from the LGM to the present. The analysis uses an

ensemble of transient climate model simulations (Sect. 2.1)

that we characterize based on model complexity (Sect. 2.2).

As indicators of variability, we focus on changes to the dis-

tributions of surface temperature and precipitation, including

the higher-order moments (Sect. 3.1) and the power spectrum

(Sect. 3.2). We hypothesize (1) that patterns of surface cli-

mate variability are state-dependent for the quasi-equilibrium

conditions of the LGM and the Holocene, which differ

from those during a transitionary state like the Deglaciation;

(2) that state- and forcing-induced changes in variability de-

pend on timescale; and (3) that there is a necessary and suf-

ficient level of model complexity for the simulation of vari-

ability. To verify these hypotheses, we investigate the depen-

dence of the variability of surface temperature and precipita-

tion on

– background state (Sect. 5.2);

– timescale (Sect. 5.2);

– forcings, particularly ice sheet reconstruction, meltwa-

ter forcing protocol, and volcanism (Sect. 5.3); and

– model complexity (Sect. 5.4).

By comparing simulated variability with reconstructions and

a reanalysis product, we explore the impact of forcing pro-

tocols on model–data agreement (Sect. 4.6.4). Overall, we

examine the last global transition in climate to highlight dif-

ferences between a period of warming in comparison to its

preceding and succeeding stable climates.

2 Models and data

We draw on an ensemble of 15 simulations of the Last

Deglaciation from climate models of varying complexity

(Sect. 2.1). The models range from an energy balance model

(EBM) and Earth system models of intermediate complexity

(EMICs) to general circulation models (GCMs) and Earth

system models (ESMs), which we evaluate regarding their

complexity (Sect. 2.2). Furthermore, we compare the simu-

lations to a multi-proxy reconstruction (Sect. 2.3).

2.1 Simulation data

All 15 simulations are transient and cover at least the Last

Deglaciation. We separate the simulations into a main set and

a sensitivity set. Table 1 provides an overview of the sim-

ulations and forcing protocols. The following describes the

ensemble in more detail:

– MPI-ESM ch4 (Kleinen et al., 2023, 2020)

Model: This main set simulation used a setup of MPI-

ESM v.1.2 at a coarse resolution called MPI-ESM-

CR (Mauritsen et al., 2019; Mikolajewicz et al., 2018)

with a methane cycle (Kleinen et al., 2020). Boundary

conditions, including ice sheets, bathymetry, topogra-

phy (Meccia and Mikolajewicz, 2018) from GLAC1-D

(Briggs et al., 2014; Tarasov et al., 2012), and river rout-

ing (Riddick et al., 2018) were updated every 10 years.

It covers 23 kyr BP until the present day.

Simulated climate: This run simulates an LGM (23–

19 kyr BP) to Holocene (8–0 kyr BP)3 warming of

3Whenever the mean for LGM and Holocene is computed, we

follow these definitions, as marked in Fig. 2; that is, for the LGM we

consider 23–19 kyr, and for the Holocene we consider 8–0 kyr BP.

The mean anomalies in Fig. 2 are plotted with respect to the past

2kyr.
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4.4 °C and wetting of 0.27 mm d−1. 4 At its start, it still

cools in the global mean in tandem with an increase in

the Equator-to-pole difference in the Southern Hemi-

sphere and in sea ice volume (Fig. 2). It reaches its min-

imal GMST at around 21 kyr BP. The trend in increasing

GMST during the Deglaciation is interrupted by abrupt

decreases in GMST thrice: at around 14.5, 13.5, and

11.5 kyr BP. In comparison to other simulations, MPI-

ESM ch4 simulates the smallest sea ice cover (Fig. 2c).

Its global sea ice fraction is largest between 23 and

17 kyr BP and undergoes cycles of abrupt increase and

decrease during the Deglaciation.

– MPI-ESM r1–r7 (Kapsch et al., 2022, 2021)

Model: These seven simulations were produced using

two more setups of MPI-ESM-CR. They also update

boundary conditions every 10 years and cover the pe-

riod from 26kyr BP to the present day. They use dif-

ferent ice sheet reconstructions – GLAC1-D or ICE-

6G_C (in the following ICE6G; Peltier et al., 2015)

– and vary by meltwater scenario. Furthermore, a pa-

rameter for cloud formation was changed in r5–r7 to

remove a cold bias found in r1–r4 (as detailed in the

supporting information of Kapsch et al., 2022). The

ice sheet reconstructions differ in their original resolu-

tion in time, with ICE6G providing updated boundary

conditions at 500-year intervals and GLAC1-D at 100-

year intervals, and were interpolated here to 10-year

resolution. The meltwater scenarios follow the options

outlined in the deglacial protocol of PMIP4 (Ivanovic

et al., 2016): melt-uniform, melt-routed, and no-melt.

These correspond to meltwater being distributed glob-

ally, through river-routing or being removed. Simulation

r7 also applies a volcanic forcing by Schindlbeck-Belo

et al. (2024) that builds on the Holocene reconstruction

by Sigl et al. (2022), drawing on tephra records and in-

cluding synthetic volcanic eruptions to mitigate under-

estimation of small eruptions. This simulation is part of

the main set. Runs 1–6 form part of the sensitivity set.

For two simulations, r3 and r4, only centennial means

were available; thus they are only considered for the

analysis of centennial variability.

Simulated climate: These simulations exhibit the largest

warming between the LGM and Holocene of the ensem-

ble with a range from 5.3 °C (for r5) up to 6.6 °C (for

r7; Figs. 2a and S1a). The accompanying global mean

wetting is also the largest in the ensemble, ranging be-

tween 0.30 mm d−1 (r5) and 0.39 mm d−1 (r1 and r7).

Runs 1, 6, and 7 further simulate abrupt cooling peri-

ods during the Deglaciation with the same timing as in

MPI-ESM ch4. These are the simulations that employ

the GLAC1-D ice sheet reconstruction and correspond-

ing meltwater forcing. The remaining runs show either

4Throughout the analysis, we use the units Celsius for surface

temperature and mm d−1 for precipitation.

continuous or sometimes abrupt warming during those

periods. The sea ice cover in these simulations is gener-

ally larger than in MPI-ESM ch4 and shows a stronger

decrease towards the Holocene.

– TraCE-21ka (He, 2011)

Model: The TraCE-21ka simulation was performed

with CCSM3 (Collins et al., 2006) and stretches from

22 kyr BP to 1990 CE. This main set simulation was de-

signed to match proxy data of millennial events such

as the Bølling–Allerød and Younger Dryas during the

Deglaciation (He, 2011). As such, it applies meltwater

forcings in the Northern and Southern hemispheres at

various times throughout the Deglaciation to reproduce

proxy records (denoted as melt-routed matched). Ice

sheets are updated at intervals of 500 years based on a

modified version of the ICE5G reconstruction (ICE5G*;

He, 2011; Peltier, 2004). As greenhouse gas forcing,

TraCE-21ka uses Joos and Spahni (2008) (referred to

as J&S in Table 1) with the age model of Monnin et al.

(2001).

Simulated climate: Among all simulations, TraCE-21ka

tends towards the lower end of GMST and GMP

change from the LGM to the Holocene at 4.1 °C and

0.20 mm d−1. It shows abrupt warming around the

time of the Bølling–Allerød interstadial (about 14.7–

12.9 kyr BP) with subsequent cooling matching the

Younger Dryas (circa 12.9–11.7 kyr BP; Fig. 2a). For

most of the time period covered, TraCE-21ka produces

the largest sea ice cover, with the exception of the EBM

(Fig. 2c). This difference becomes particularly large

towards the end of the Deglaciation and remains so

throughout the Holocene.

– HadCM3B r1 & r2 (Snoll et al., 2024)

Model: The ensemble contains two simulations from

HadCM3B (Valdes et al., 2017) that cover 23 kyr BP to

2 kyr AP. These employ two different meltwater proto-

cols, melt-uniform (r1) and melt-routed (r2), from the

PMIP4 protocol to match the ICE6G ice sheet history.

The simulations prescribe orbit and greenhouse gases

(GHGs) annually, while ICE6G ice sheet, orography,

land–sea mask, and bathymetry are updated every 500

years. HadCM3B r1 is part of the sensitivity set, while

r2 is included in the main set.

Simulated climate: The GMST difference between the

LGM and the Holocene is 4.5 °C for the melt-uniform

r1 and 4.8 °C for the melt-routed r2. Similarly, wet-

ting of r1 is weaker at 0.26 mm d−1 in comparison to

0.27 mm d−1 for r2. The changes in Equator-to-pole

gradient are notably small, especially in the Northern

Hemisphere (Fig. 2d, e). Sea ice cover shrinks un-

til 14 kyr BP and remains roughly constant thereafter

(Fig. 2c).
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– FAMOUS (Smith and Gregory, 2012)

Model: FAMOUS is a low-resolution, slightly simpli-

fied version of HadCM3 (Smith et al., 2008). It is some-

times classified as an EMIC (as in Valdes et al., 2017)

or as a low-resolution GCM based on the complexity of

its atmosphere model. The simulation used here as part

of the main set was run with an acceleration factor of

10 for all forcings, allowing it to cover the last 120 kyr

(Smith and Gregory, 2012). The simulation does not

consider sea level change; that is, ice sheets are present

only where there are no modern ocean grid points. Fur-

thermore, the ICE5G reconstruction and topographic

changes (Peltier, 2004) were only applied north of 40° N

(ICE5G**). In particular, the Antarctic ice sheet re-

mains unchanged (Smith and Gregory, 2012).

Simulated climate: FAMOUS simulates the small-

est global mean change for both surface temperature

and precipitation among all simulations at 3.1 °C and

0.15 mm d−1, respectively. Its simulated Equator-to-

pole temperature differences are among the largest in

the ensemble, but they decrease comparatively little

from the LGM to the present day (Fig. 2d, e).

– LOVECLIM DG_ns (Menviel et al., 2011)

Model: This version of the EMIC LOVECLIM couples

the atmosphere model ECBilt (Opsteegh et al., 1998)

to the ocean model CLIO (Campin and Goosse, 1999;

Goosse et al., 1999; Goosse and Fichefet, 1999). LOVE-

CLIM DG_ns used ECBilt-CLIO v.3 coupled to a dy-

namical vegetation model with a terrestrial carbon cy-

cle (Menviel et al., 2011) and is included in the main

set. It focuses on the Deglaciation, running from 18–

6.2 kyr BP. Employed greenhouse forcing is based on

reconstructions from EPICA (Lüthi et al., 2008; Mon-

nin et al., 2001; Spahni et al., 2005) mapped onto the

EDC3 age scale (Parrenin et al., 2007). Like TraCE-

21ka, it includes meltwater pulses in the North Atlantic

and Southern Ocean (melt-routed matched) to repro-

duce millennial-scale events in the North Atlantic (Mc-

Manus et al., 2004) and Greenland (Alley, 2000) during

this period (Menviel et al., 2011).

Simulated climate: As a result of the employed meltwa-

ter pulses, there are a warming and a subsequent cool-

ing event visible in the global mean around the times

of the Bølling–Allerød and the Younger Dryas, respec-

tively (Fig. 2a, b). This signal is very strong in the

Northern Hemisphere, where LOVECLIM DG_ns ex-

hibits a large reduction in Equator-to-pole temperature

gradient alongside these abrupt changes (Fig. 2d). In

the Southern Hemisphere, this decrease is more sub-

dued (Fig. 2e). Overall, the simulation shows deglacial

warming and wetting comparable to most of the other

simulations (Fig. 2a, b).

– ECBilt-CLIO sim2bl (Timm and Timmermann, 2007)

Model: The second ECBilt simulation included in the

main set uses the same coupled ocean and atmosphere

models and covers the period from 21–0 kyr BP (Timm

and Timmermann, 2007). It contains no meltwater forc-

ing. For the ice sheets and land–sea mask of the atmo-

sphere model, it applies ICE4G with the East Siberian

ice sheet removed (ICE4G*). For the ocean model,

the same ice sheet is used but combined with a con-

stant land–sea mask representing present-day condi-

tions (ICE4G* & PD).

Simulated climate: Its simulated mean changes are

3.9 °C and 0.25 mm d−1. Like LOVECLIM DG_ns,

it has deglacial warming and wetting comparable to

most of the other simulations (Fig. 2a, b). In magni-

tude, changes in ECBilt-CLIO sim2bl resemble those

in LOVECLIM DG_ns (Fig. 2). Their structure is quite

different, though, as ECBilt-CLIO sim2bl variables all

change in a step-like manner. The simulated sea ice

cover is at the upper end of the ensemble at the be-

ginning of the simulation (similarly to TraCE-21ka and

MPI-ESM r7) and then, like MPI-ESM r7, reduces dras-

tically towards the Holocene (Fig. 2c).

– TransEBM (Sect. S2.1 in the Supplement)

Model: To represent the linear temperature response of

the climate system to external forcing, we juxtapose

a simulation from an extended version of the 2D en-

ergy balance model TransEBM (Ziegler and Rehfeld,

2021) with the other simulations and include it in the

main set. Here, it has been extended to include fresh-

water and zonal volcanic forcing. The simulation cov-

ers the surface temperature evolution of the last 26 kyr,

with ICE6G boundary conditions updated every 125 or

500 years. Sea ice extent was interpolated between the

LGM and present-day states given by Zhuang et al.

(2017). Meltwater forcing was assimilated based on the

database of sea surface temperature records by Jonkers

et al. (2020) (Jonkers assimilated; see Sect. S2.1). The

simulation employs the same volcanic forcing as MPI-

ESM r7. Sect. S2.1 describes the simulation in more de-

tail.

Simulated climate: TransEBM simulates a GMST dif-

ference between the LGM and the Holocene of 4.1 °C,

which is at the lower end of the ensemble and compara-

ble to that of TraCE-21ka. Changes in Equator-to-pole

difference are similar in magnitude in both hemispheres,

unlike most other simulations (Fig. 2d, e). Its sea ice

cover is the largest and changes the most during the

Deglaciation because EBM models sea ice as a surface

type, which covers any given grid cell completely.

To summarize, the main set is made up of MPI-ESM ch4

and r7, TraCE-21ka, HadCM3B r2, FAMOUS, LOVECLIM

DG_ns, ECBilt-CLIO sim2bl, and TransEBM. MPI-ESM

r1–r6 and HadCM3B r1 form the sensitivity set.
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Figure 2. Centennial changes in the main set from the simulation ensemble from the LGM to the Holocene with annual data as shading.

(a) GMST and (b) GMP anomaly with respect to the past 2 kyr. (c) Global sea ice fraction. Note that the EBM only allows complete coverage

of grid cells by one surface type and therefore has the largest sea ice cover. FAMOUS and LOVECLIM DG_ns are missing, since their sea

ice cover was not readily available. (d, e) Equator-to-pole temperature difference for the Northern Hemisphere and Southern Hemisphere,

respectively, computed as the difference between polar (70–90°) and equatorial (15° S–15° N) temperatures. The latter are shown in panel (f).

The sensitivity set is shown in gray and can be found in Fig. S1. LGM (23–19 kyr BP), Deglaciation (19–8 kyr BP), and Holocene (8–0 kyr BP)

as used in this study are marked in panel (a).

2.2 The model hierarchy

We construct a hierarchy of the models to summarize the out-

lined differences and thus understand their effects on all as-

pects of climate variability. The complexity of the models

and simulations differs along several axes: resolution in time

and space, complexity of the individual components (e.g.,

atmosphere, ocean, land surface), their coupling, and their

forcing. Constructing a hierarchy of models or simulations

helps summarize those differences and thus understand their

effect on any given analysis. The relevant axes of compar-

ison might differ between applications. As a consequence,

ranking the same models and simulations might produce a

different hierarchy depending on the application. Here, we

establish a hierarchy focused on features that affect variabil-

ity and for which the simulations meaningfully differ.

Based on these considerations, we include eight axes of

comparison (Fig. 3a). Section S2.2 explores these axes and

the classification of the simulations. The resulting hierarchy

reveals the various levels of complexity of the different sim-

ulations by placing them along each axis. In general, a sim-

ulation is considered more complex, the larger the total area

it covers. Whenever an axis of the hierarchy does not ap-

ply to a simulation, the rank will be at the center of the net;

see the lack of dedicated ocean or land hydrology model in

TransEBM.

Based on all the factors summarized in Fig. 3a, we sepa-

rate all simulations into four groups of complexity for parts

of our analysis: ESMs (MPI-ESM), GCMs (TraCE-21ka,

HadCM3B1, FAMOUS), EMICs (LOVECLIM, ECBilt-

CLIO), and the EBM (TransEBM). The categorization fol-

lows the overall number of levels reached in the hierarchy. In

the end, both applied forcings and complexity of the model

components decide the simulation output. Our analysis tries

to identify and disentangle the effects of both on simulated

variability, with the goal of identifying the complexity both

necessary and sufficient for long, transient climate simula-

tions. Since increased complexity implies higher computa-

tional demand, a trade-off has to be made between complex-

ity and available resources. Knowing the benefits and limita-

tions of added complexity is thus crucial.

2.3 Global climate reanalysis data

For quantitative comparison, we draw on a spatiotemporally

gridded product, the LGM reanalysis LGMR by Osman et al.

(2021), which covers the past 24000 years. LGMR combines

model simulations and proxy reconstructions in an offline

data assimilation approach for a proxy-constrained estimate

of the full field of surface temperature since the LGM. The

resulting dataset has a resolution in time of 200 years, allow-

ing a comparison of centennial variability to the results of our

https://doi.org/10.5194/cp-21-627-2025 Clim. Past, 21, 627–659, 2025
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Figure 3. (a) Ranking of the models used in this study along eight axes of complexity. The criteria are described in detail in Sect. 2.2 and

Table S1. Altogether they establish a hierarchy of the different models: ESMs (MPI-ESM), GCMs (CCSM3, HadCM3B, FAMOUS), EMICs

(LOVECLIM, ECBilt-CLIO), and the EBM (TransEBM). Atmospheric and oceanic resolutions of some of the simulations are listed, with

the vertical resolution always last. (b, c) Latitudinal distributions of mean temperature and precipitation for hierarchy categories based on

panel (a). For temperature, the biggest spread between the models and largest overall increases from the LGM to the Holocene can be found

in the polar regions. For precipitation, the simulations and periods vary most in the tropics and the mid-latitude bands.

analysis. The reanalysis relies on model priors from 17 time-

slice experiments from iCESM1 (Brady et al., 2019) and 539

geochemical proxy records of sea surface temperature. Us-

ing a Bayesian forward model, proxy values are estimated

for given time steps at every proxy location from the model

prior. This produces a forward-modeled proxy value different

from the actual proxy value. To take uncertainties and the co-

variance between proxy location and the climate field into ac-

count, this difference is weighted by the Kalman gain for the

update of the model prior temperature field. The resulting re-

analysis estimates a global warming of 7.0±1.0 °C from the

end of the LGM to the PI (with PI defined as 1000–1850 CE),

as it is contains an LGM state colder than reconstructed else-

where (cf. Annan et al., 2022; Tierney et al., 2020; Shakun

and Carlson, 2010). However, unlike other reconstructions,

LGMR provides a gridded reconstruction of the surface tem-

perature field covering the whole time period of interest here,

not just the LGM. Here, we use the ensemble mean as the ba-

sis for our calculations of variability.

3 Methods

Climate can be represented by sets of observations in space

and time. The field of a climate variable then refers to usually

gridded spatial representations of that variable (von Storch

and Zwiers, 1999). Conversely, a time series specifies the se-

quence of observations in time (Chatfield, 2016). As such,

climate variables can be treated as random variables with as-

sociated probability distributions, and time series represent

realizations of a stochastic process. Here, we analyze the sta-

tistical properties of the time series of surface temperature

and precipitation in space and time by computing their mo-

ments and power spectra.

In order to compare the transient simulations, we first re-

grid them to a common T21 resolution, which is the low-

est commonly used resolution in the ensemble. We further

compute decadal and centennial means of the annual data to

obtain the variability on those timescales. Then, we extract

the time periods, LGM (23–19 kyr BP), Deglaciation (19–

8 kyr BP), and Holocene (8–0 kyr BP), from all time series

(see Fig. 2a). Finally, we remove the trend from the time se-

ries using a Gaussian filter with a kernel length equivalent

to 4000 years,5 which is the length of the LGM as the short-

est time period we investigate. After detrending, we can as-

sume that the resulting time series are (weakly) stationary, a

requirement for the estimation of moments, along with the

autocovariance function and thus the spectrum.

5Fig. S3 shows the effect of different choices of kernel lengths

and compares this method to linear detrending with breakpoints.
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3.1 Moments of a probability distribution

The distributions of surface temperature and precipitation

cannot be assumed to be normal. Precipitation in particular

often has heavier tails than a normal distribution (Franzke

et al., 2020). To describe the shape of the distributions of

climate variables, we turn to the four moments: mean, stan-

dard deviation, skewness, and kurtosis (Fig. 4; von Storch

and Zwiers, 1999). We compute them for every grid box and

time period. These are then area-averaged globally or zonally

when providing the respective means of the moments.

The generalized moments of random variable X of a point

A for a sample of size N are defined using the expected value

as

µn = E[(X − A)n] =
1

N

N∑
i=1

(Xi − A)n, (1)

where n designates the nth moment (Papoulis and Pillai,

2002). There exist variations of this definition of the mo-

ments depending on normalization or bias correction terms.

We introduce them in more detail in Sect. S3.1. Here, we

focus on the definitions used in the analysis. To assess the

background climate state, we use the arithmetic mean µ for

n = 1 (Fig. 4a; Papoulis and Pillai, 2002) and the expected

values computed about the origin, such that

µ1 ≡ µ = E[X] =
1

N

N∑
i=1

Xi . (2)

Considering the moments about the mean µ instead yields

mn =
1

N

N∑
i=1

(Xi − µ)n, (3)

called nth central moment (Papoulis and Pillai, 2002; von

Storch and Zwiers, 1999). For the second moment, variance,

we use a symmetric unbiased estimator (Filliben and Heck-

ert, 2024), yielding

σ 2
=

N

N − 1
m2 =

1

N − 1

N∑
i=1

(Xi − µ)2. (4)

It describes the spread of the distribution – the larger the vari-

ance and its square root standard deviation σ , the larger the

spread around mean µ (Fig. 4b).

For the third moment, skewness (s), we use

s =
m3

m
3/2
2

. (5)

Skewness describes the (a)symmetry of a distribution (von

Storch and Zwiers, 1999). It is zero for a symmetric distri-

bution, e.g., for the normal distribution. For negative skew-

ness, the weight of the distribution is at higher values, with

mode and median larger than the mean (Fig. 4c). This implies

a stronger tail for lower than higher values: the distribution

is “skewed left”. For positive skewness, on the other hand,

mode and median are smaller than the mean: the distribution

is skewed towards higher values. To test whether any skew-

ness found differs significantly from a normal distribution,

we test its deviation from normality for significance using a

t-test. For this test, the null hypothesis is that the skewness

found and that of a corresponding normal distribution are the

same and thus 0. We define the threshold for the p-value to

be 0.05.

Adapting the skewness definition for n = 4, kurtosis,

yields a kurtosis of 3 for a normal distribution. To derive an

estimator which is 0 for normal distributions, kurtosis is often

shifted by −3 to derive excess kurtosis k (Filliben and Heck-

ert, 2024). Based on the fourth and second central moment,

we calculate excess kurtosis as

k =
m4

m2
2

− 3 . (6)

We use excess kurtosis throughout the paper; for the sake of

brevity, we will refer to it as kurtosis from now on. Kurtosis

captures the heaviness of the tails of a distribution (Fig. 4d).

If excess kurtosis is negative, the tails are thinner than those

of a normal distribution. Conversely, positive excess kurto-

sis corresponds to heavier tails. Generally, positive kurtosis

and skewness co-occur for datasets with more extreme val-

ues (Doane and Seward, 2011). As for skewness, we check

again for non-normality using the hypothesis test derived

by Anscombe and Glynn (1983) with a threshold for the

p-value of 0.05. For all computations, we ignore rare not-

a-number (nan) values in the temperature or precipitation

fields. Changes in moments often occur concurrently and can

then both enhance or counteract each other (Fig. 4).

3.2 Spectral analysis

In order to analyze how the variability in surface temperature

and precipitation depends on timescale, we further compute

the power spectral density (PSD), also called the power spec-

trum. If a process contains (quasi-)oscillatory components,

the spectrum shows a peak at their periodicity with a cer-

tain width related to the damping rate of that process. The

spectrum’s background and scaling reflect the persistence (or

memory) of the process (Ditlevsen et al., 2020).

The auto-covariance function for a random variable Xt at

times t1 and t2 is given by the expectation value of its vari-

ance as

γ (t1, t2) = E[(X(t1) − µ(t1))(X(t2) − µ(t2))], (7)

where γ (0) = E[X2] is the variance.

If the time series samples an ergodic, weakly stationary

stochastic process, the auto-covariance and mean are inde-

pendent of time and thus depend only on lag, τ = t2 − t1. As-

suming further that the data XT are an excerpt of a theoret-

ically infinite time series such that they are non-zero only

https://doi.org/10.5194/cp-21-627-2025 Clim. Past, 21, 627–659, 2025
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Figure 4. Visualization of changes in the moments of the distribution of a random variable, with individual changes on top and concurrent

changes on the bottom. Distributions for a lower (pink) and higher (green) value are shown. Panels (a)–(d) show changes in just one moment:

(a) mean, (b) variance, (c) skewness, and (d) excess kurtosis. Panels (e)–(h) show exemplary combinations of changes in the higher moments

with constant mean: (e) opposite changes in variance and skewness, (f) concurrent change in variance and kurtosis, (g) concurrent change in

skewness and kurtosis, and (h) changes in all higher moments. Figure S4 shows exemplary time series corresponding to the distributions.

for an interval t ∈ [−T
2 , T

2 ] (Ditlevsen et al., 2020), auto-

covariance can be written as

γ (τ ) = E((X(t) − µ)(X(t + τ ) − µ)), (8)

= lim
T →∞

1

T

T/2∫

−T/2

X(t)X(t + τ ) dt. (9)

The PSD S for frequency ω is then defined as the Fourier

transform F of the autocovariance

S(ω) = F(γ (τ ))(ω), (10)

=

T/2∫

−T/2

γ (τ )exp−iωτ dτ. (11)

The spectra of climate variables sometimes scale consis-

tently across timescales following a power law with S(ω) ∝

ω−β , with β as the so-called scaling coefficient (Fredriksen

and Rypdal, 2017; Lovejoy and Varotsos, 2016; Huybers and

Curry, 2006; Wunsch, 2003). The scaling coefficient then re-

flects the persistence of the stochastic process.

To estimate PSDs, we apply the multi-taper method

(Thomson, 1982; Percival and Walden, 1993) to the de-

trended time series. For data of finite length, this method

reduces spectral leakage by computing separate spectra for

orthogonal windows, so-called tapers, and averages the re-

sulting spectra. Here, we use three tapers and estimate chi-

squared distributed confidence intervals. We smooth the re-

sulting spectrum and cut off artifacts at the low- and high-

frequency end, such that, for a time series with a time step

ts, a period range of [2ts,1000] remains. For comparing the

variance in the different time periods across timescales, we

further compute the spectral gain following Ellerhoff and

Rehfeld (2021) by dividing the spectrum of the LGM and

Deglaciation, respectively, by that of the Holocene.

4 Results

We examine changes in variability against a backdrop of a

changing mean state, which we examine first (Sect. 4.1).

Then, we evaluate temperature moments with respect to

their dependence on mean state (LGM, Deglaciation, and

Holocene), timescale, and model complexity (Sect. 4.2).

Next, we focus on the forcing dependency by analyzing the

influence of ice sheet reconstruction (Sect. 4.3.1), meltwa-

ter protocol (Sect. 4.3.2), and volcanism (Sect. 4.3.3) on sur-

face temperature variability. Sections 4.4 and 4.5 repeat the

analysis for precipitation. Then, we turn to the power spectra

of temperature and precipitation, again considering state and

forcing dependency, as well as differences related to model

complexity (Sect. 4.6). We further compare the temperature

spectra to results from the LGM reanalysis.

4.1 Mean state changes from LGM to Holocene across

the ensemble

Between the LGM and the Holocene, all simulations show a

mean warming and wetting, as evidenced by the increasing

trends in GMST and GMP towards the Holocene (Fig. 2).

Overall, MPI-ESM r1–r7 exhibit the largest temperature dif-

ference between the LGM and the Holocene with an aver-
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age increase of 5.6 °C. Among the simulations, the anomaly

is largest and the simulated LGM temperature is lowest for

the simulations with GLAC1-D as the ice sheet reconstruc-

tion. In the whole ensemble, LGM cooling is widespread

and especially pronounced in the high latitudes on land,

with the exception of a few localized hotspots in a few

of the simulations, e.g., an Alaskan warm patch in TraCE-

21ka (Fig. S8g, h). Inter-simulation differences are generally

larger in the high latitudes, especially in the Northern Hemi-

sphere (Fig. 3b). For precipitation, the picture is more di-

verse, but, in most places and especially over land, a drier

LGM is simulated. Some simulations show a locally wetter

LGM in the tropics, a phenomenon mostly confined to the

oceans. ESMs and GCMs show similar latitudinal profiles,

while the EMICs miss some precipitation in the inner tropics

and mid-latitude westerlies (Fig. 3c).

4.2 State and timescale dependency of surface

temperature

Analyzing the higher-order moments of surface temperature

reveals their dependence on timescale and model complex-

ity (Figs. 5, S5). The standard deviation of surface temper-

ature and its regional differences decrease towards longer

timescales (Fig. 5a, d, g). Most of this decrease occurs be-

tween annual and decadal timescales. The only exception

to this pattern is the EBM, which has low standard devi-

ation across all periods. Differences between the three pe-

riods in the ensemble are concentrated in higher latitudes,

especially in the northern polar regions. On annual scales,

the Holocene standard deviation is smaller there than dur-

ing the LGM and Deglaciation, which are similar to each

other. For decadal and centennial scales, on the other hand,

the Deglaciation stands out with higher standard deviation,

while the Holocene and the LGM exhibit more similar lev-

els. The LGMR shows similar patterns on centennial scales.

As a measure of asymmetry, skewness is positive (neg-

ative) if the weight of the distribution is at lower (higher)

values with a high (low) value tail (see Sect. 3.1). Globally

and across latitudes, skewness of temperature is usually close

to zero, indicating little asymmetry (Figs. 5b, e, h, S5). The

EBM is the exception as it shows pronounced negative skew,

a signal that shrinks towards longer timescales. On centennial

scales, the lack of skewness in the ensemble agrees with the

results for the LGMR ensemble mean. In certain latitudinal

bands, more significant deviations from zero exist. For exam-

ple, MPI-ESM r1–6 and TraCE-21ka show positive centen-

nial and, to a lesser degree, decadal skewness in the tropics

during the Holocene, in particular over the ocean. This signal

disappears with the addition of volcanic forcing in MPI-ESM

r7 (Fig. 5h). In the MPI-ESM simulations, it is not reflective

of physical processes in the climate system (Ellerhoff and

Rehfeld, 2021). Therefore, we exclude it in the discussion of

skewness and kurtosis going forward. Furthermore, TraCE-

21ka shows a strong bipolar pattern during the Deglaciation

on all timescales, with negative skewness in the Southern

Hemisphere and positive skewness in the Northern Hemi-

sphere (Figs. 5h and S9n). All other simulations show ei-

ther no hemispheric pattern or, in the case of some MPI-ESM

simulations and, to a lesser degree, HadCM3B, the opposite

one, although with smaller magnitudes (Figs. 5h and S9k).

For the MPI-ESM simulations, this bipolar pattern mostly

shows up in the runs employing the GLAC1-D ice sheet

(ch4, r1, r6, r7). The pattern is weaker for the melt-uniform

runs (MPI-ESM r4 and HadCM3B r1) and disappears with-

out meltwater forcing (MPI-ESM r3 and HadCM3B r2).

Kurtosis reflects the heaviness of the tails, defined here

such that positive (negative) kurtosis corresponds to tails

more (less) pronounced than those of the normal distribu-

tion (see Sect. 3.1). As for skewness, the kurtosis is mostly

small on annual timescales, across periods and simulations

in the ensemble and LGMR (Figs. 5c, S5c). Towards longer

timescales, some regional differences emerge (Figs. 5f, i,

S5f, i). TraCE-21ka again deviates during the Deglaciation,

with temperatures that show strong positive kurtosis that is

strongest in the high latitudes (Figs. S6o, r, and S9w). The

EBM behaves differently on annual and decadal scales, sim-

ulating a strong positive kurtosis and thus heavy tails. On

centennial scales, the EBM is again close to the more com-

plex models.

4.3 Influence of forcings on the moments of surface

temperature distributions

Using the sensitivity set, we investigate the interaction be-

tween forcings and moments of temperature distributions, in

particular regarding the underlying ice sheet reconstruction

(Sect. 4.3.1), meltwater protocol (Sect. 4.3.2), and volcanic

forcing (Sect. 4.3.3).

4.3.1 Effect of ice sheet reconstructions on the shape of

surface temperature distributions

Changes in standard deviation are regionally limited in re-

sponse to the prescribed ice sheet reconstruction (Fig. 6a–f).

On centennial timescales, ICE6G runs simulate smaller stan-

dard deviation in the northern North Atlantic compared to the

runs using GLAC1-D (cf. MPI-ESM r1 and r6; Fig. 6a, b, d,

e). This coincides with a reduced sea ice cover in these runs

and a smaller temperature difference between the LGM and

Holocene (Fig. S1a and c). The opposite pattern occurs in ar-

eas of Antarctic sea ice, especially the Weddell Sea, where

ICE6G runs have higher standard deviation (Fig. 6b, e).

On centennial timescales, more areas in the simulations

using GLAC1-D tend to have significant skewness, both pos-

itive and negative, than in simulations using ICE6G (Fig. 7).

During the Deglaciation, the bipolar pattern of negative

skewness in the Northern Hemisphere and positive skew

in the Southern Hemisphere that emerges on decadal and

centennial timescales is enhanced in the GLAC1-D simu-
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Figure 5. Changes of annual, decadal, and centennial higher-order moments of surface temperature (a–i) and precipitation (j–r) with latitude.

For all simulations, standard deviation (left column, in units of °C for temperature and mm d−1 for precipitation), skewness (middle col-

umn, dimensionless), and kurtosis (right column, dimensionless) are shown. Results are differentiated according to period (LGM (dashed),

Deglaciation (solid), and Holocene (dotted)) and complexity (ESMs (green), GCMs (dark blue), EMICs (yellow), and EBM (pink)). For

centennial temperatures, moments of the LGMR ensemble mean are added in light blue. For temperature, the range of skewness and kurto-

sis of the EBM extend beyond what is shown, as does the kurtosis in HadCM3B for precipitation. Figures S6 and S7 show the individual

simulations.

lations (Figs. 7, S13). On decadal and annual scales, the

simulations with ICE6G can, at times, show opposite trends

in comparison to their respective GLAC1-D simulations

(Figs. S13, S14). The chosen ice sheet reconstruction has a

limited impact on temperature kurtosis on annual to centen-

nial timescales (Figs. 8, S15, S16).

4.3.2 Effect of meltwater protocols on surface

temperature distributions

Meltwater forcing affects the moments particularly during

the Deglaciation and in the North Atlantic (Figs. 6, 7, 8). The

local melt-routed protocol is associated with the largest mo-

ments, and the no-melt scenario is associated with the small-

est moments. This holds in particular in the North Atlantic.

Furthermore, the melt-routed simulation has the strongest

signal in the Southern Ocean.

For skewness, the North Atlantic is associated with a neg-

ative signal, again strongest for the melt-routed scenario

(Fig. 7). The melt-routed runs further show positive skew-

ness in the southern Atlantic and the southeastern Pacific. On

the other hand, the uniform runs do not show consistent pat-

terns: MPI-ESM r4 simulates negative skewness over large

parts of the middle and high latitudes in the Northern Hemi-

sphere, whereas HadCM3B r1 only has significant, mostly

positive, skewness in a few regions (Fig. 7). The absence

of meltwater forcing, as in MPI-ESM r3, results in a no-

table lack of significant skewness across the globe. Across

the ensemble, including meltwater mostly introduces a shift

to more positive kurtosis during the Deglaciation, especially

in the North Atlantic (Fig. 8). This positive shift is stronger

in the melt-routed (HadCM3B r2, MPI-ESM r2) than in the

melt-uniform simulations (HadCM3B r1, MPI-ESM r4) on

all timescales, although to varying degrees.
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Figure 6. Regional effects of forcings on centennial standard deviation of surface temperature. (a–f) Influence of ice sheet forcing as dif-

ferences between MPI-ESM runs using GLAC1-D and ICE6G. (g–u) MPI-ESM (g–o) and HadCM3B (p–u) simulations following different

meltwater protocols. (v–x) Difference between MPI-ESM r7 with volcanic forcing and r6 without it.

4.3.3 Effect of volcanism on surface temperature

distributions

For standard deviation of temperature, the effects of volcan-

ism are mostly limited to shorter timescales but are overall

small (Figs. 6v–x, S12). During the LGM, the run with vol-

canic forcing has a higher standard deviation than the one

without. For the Deglaciation and Holocene, volcanism re-

sults in standard deviation that is greater at lower latitudes

but smaller at higher latitudes.

Generally, volcanism results in negatively skewed temper-

ature distributions or a reduction in positive skew, since it

lowers temperatures after eruptions (Fig. S14j–o). It has the

strongest effect on shorter timescales and during the LGM

and Holocene. For the LGM, volcanic activity introduces a

pronounced negative signal, mostly confined to the tropics.

During the Holocene, skewness is decreased as well, turning

the unphysical positive signal over the tropics (see Sect. 4.2

and Ellerhoff and Rehfeld, 2021) and most land areas into

slightly negative skewness in parts of the tropics and ef-

fectively zero elsewhere (Fig. S15). On centennial scales,

volcanic activity mainly manifests in skewness during the

Holocene, where it again counteracts strong positive skew-

ness in the tropics (Fig. 7r, u).

In contrast to ice sheet and meltwater forcings, volcanic

forcing impacts kurtosis on all timescales and for all peri-

ods (Figs. 8p–u, S15j–o, S16j–o). For annual temperatures,

it shifts the kurtosis to be positive in extended areas, par-

ticularly in the tropics and at northern mid-latitudes. This

effect persists on decadal and centennial timescales for the

LGM and Deglaciation. During the Holocene and on longer

timescales, on the other hand, it reduces the low and mid-

latitude band of positive kurtosis in the tropics. With vol-

canism, skewness and kurtosis in MPI-ESM r7 resemble

HadCM3B r2 on centennial scales (Figs. 7, 8). On annual

scales, however, volcanic forcing introduces skewness and
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Figure 7. Regional effects of forcings on centennial skewness of surface temperature. Forcings are noted along with the run name for each

row. Percentages of grid boxes with significant positive and negative deviations from a Gaussian distribution are given. Areas where changes

are non-significant are hatched.

kurtosis patterns unlike any other simulation (Figs. S14,

S16).

4.4 State dependency of precipitation at annual to

centennial timescales

The standard deviation of precipitation is high in the tropics

and decreases towards higher latitudes (Fig. 5). In particu-

lar, it is high over the tropical oceans in the region of the

intertropical convergence zone (ITCZ; Figs. 5j and S11a–

i), where mean precipitation is also highest (Fig. 3c). The

tropical band of increased standard deviation exists only to

a lesser degree in the EMIC simulations (Fig. S6). State de-

pendency exists on centennial but only very rarely on an-

nual timescales. During the Deglaciation, the tropical pattern

of enhanced standard deviation remains on centennial scales

but is less pronounced than on annual scales. The spatial pat-

terns of the LGM and Holocene, on the other hand, are more

homogeneous, and the tropical standard deviation is similar

to that at other latitudes (Fig. 9). The only exception is the

FAMOUS simulation, which has enhanced tropical standard

deviation for all three periods and the overall largest magni-

tudes in the ensemble on centennial scales (Fig. S6p).

The higher moments show more diverse patterns for pre-

cipitation (Figs. 5, S5). For skewness, the simulations mostly

show positive precipitation skewness on annual scales, with

some negative skewness in areas near the Equator and lit-

tle difference between the periods (Fig. S11). The tropics
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Figure 8. Regional effects of forcings on centennial kurtosis of surface temperature. Forcings are noted along with the run name for each

row. Percentages of grid boxes with significant positive and negative deviations from a Gaussian distribution are given. Areas where changes

are non-significant are hatched.

also show the largest positive skewness. The EMICs simulate

the smallest skewness, although the positive deviation from

zero is still significant almost everywhere (Figs. 5, S11). The

ESMs and GCMs, on the other hand, simulate very simi-

lar patterns on annual scales. Starting on decadal and even

more strongly on centennial scales, the patterns diverge be-

tween periods and simulations (Figs. 5q, S10j–r). During the

LGM and Holocene, centennial skewness is close to zero and

thus indicates predominantly symmetric distributions. Dur-

ing the Deglaciation, skewness patterns are far more diverse,

with a larger spread and including negative excursions. These

center mostly around the Equator but also sometimes in the

high northern (for MPI-ESM simulations with a GLAC1-D

ice sheet; Fig. 10) or the high southern latitudes (for TraCE-

21ka; Fig. S10n). In a bipolar pattern, TraCE-21ka further

simulates high positive skewness in the high northern lati-

tudes (Figs. S6n, q and S10n). The EMICs and FAMOUS

show almost no significant skew in all periods on decadal

and centennial scales (Fig. S6).

Precipitation kurtosis is mostly positive on annual scales

across the periods in ESM and GCM simulations, in par-

ticular in the tropical regions (Figs. 5, S5, S11). The LGM

and Holocene exhibit no significant kurtosis on longer

timescales. During the Deglaciation, though, positive kurto-

sis persists. The EMICs, on the other hand, have some signif-

icant kurtosis only during the Deglaciation on annual scales

and otherwise show no significant deviation from zero in

contrast to the more complex models.
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4.5 Changes in precipitation distribution shape in

response to forcings

For the moments of precipitation, forcing dependency can

mostly be found for meltwater forcing (Figs. 9, 10). Effects

of the ice sheet reconstructions are mostly limited to cen-

tennial skewness in the tropics, in the North Atlantic zone,

and in mid- and high latitudes in Eurasia (Fig. 10). These are

the very same areas where temperature skewness changes the

most. The skewness patterns in the tropics agree between the

reconstructions but are enhanced in the GLAC1-D simula-

tions. An exception is the high northern latitudes during the

Deglaciation, where skewness is positive in the ICE6G sim-

ulations and negative in the GLAC1-D ones (Fig. 10).

Meltwater forcing affects all Deglacial moments, in partic-

ular in the tropics and North Atlantic. Standard deviation is

largest in the melt-routed runs (MPI-ESM r2 and HadCM3B

r2) and smallest in the no-melt simulation (Fig. 9). Inject-

ing meltwater introduces significant skewness in precipi-

tation distributions during the Deglaciation on centennial

timescales (Fig. 10). Both melt-routed simulations (MPI-

ESM r5 and HadCM3B r2) have a signal of negative skew-

ness in the eastern equatorial Pacific, with a positive signal to

the south of it. Only the positive signal remains somewhat in

the melt-uniform runs. These MPI-ESM and HadCM3B runs

further exhibit strong negative skewness in high northern lati-

tudes, although in different areas. The influence of meltwater

forcing on centennial kurtosis during the Deglaciation shows

up predominantly as positive kurtosis (Fig. S7). Melt-routed

runs have more positive kurtosis in the tropics, whereas melt-

uniform simulations have more in the high northern lati-

tudes. Overall, ice sheet reconstruction, meltwater protocol,

and volcanic forcing (see annual moments in Figs. S17, S18)

usually affect the moments of temperature more than those

of precipitation.

4.6 Spectral analysis of the variability in surface climate

To add to the analysis of variability, we examine the spec-

tra of surface temperature and precipitation during the LGM,

Deglaciation, and Holocene.

4.6.1 State and timescale dependency of global and

regional surface temperature spectra

Generally, we find temperature spectra that increase to-

wards longer timescales, some of which level off at multi-

centennial scales (Fig. 11). This pattern is particularly strong

for the Deglaciation, where it can also be found across lati-

tudinal bands (Fig. S21). However, the regional spectra can

be flat during the LGM and Holocene, for example, in the

tropics or mid-latitudes after a scale break at multi-decadal

scales. The spread between the simulations increases to-

wards longer timescales, especially during the Deglaciation

and the Holocene. During the LGM, all MPI-ESM simula-

tions show increased variability with a broad peak on interan-

nual scales, such that the spread is comparatively large there.

This increased variability originates in the tropical regions

(Fig. S21j, m) and relates to the simulated ENSO, which

is enhanced in the MPI-ESM simulations during the LGM.

None of the other simulations exhibit similarly increased

ENSO activity during the LGM, and the MPI-ESM signal

has been suggested to be inadvertently amplified (Ellerhoff

and Rehfeld, 2021). In the tropics, the spread between simu-

lations remains similar across timescales in all three periods.

The PSD ratios between the LGM and the Holocene de-

pend on simulation and timescale (Fig. 11d, e). In some sim-

ulations, the LGM has larger PSD across all timescales (e.g.,

MPI-ESM r7); for TraCE-21ka, it is the Holocene. For most

simulations, it changes with timescale, as many have larger

Holocene spectral power on centennial scales but larger

LGM power on decadal and millennial scales (Fig. 11d).

With very few exceptions, the deglacial spectrum contains

the largest power, especially above centennial timescales

(Fig. 11e). This pattern mostly holds for regional spectra

across latitudinal bands (Figs. S21, S22). This is partially be-

cause the increase in power from interannual to millennial

timescales is steepest during the Deglaciation, whereas the

scaling is smaller for the LGM and the Holocene.

4.6.2 Forcing dependency of the temperature spectrum

to ice sheet reconstruction, meltwater forcing, and

volcanism

The temperature spectra vary significantly in magnitude and

pattern between simulations and in response to external forc-

ing differences (Figs. 11, S21). For GLAC1-D simulations,

we find increased variability during the LGM on decadal to

centennial timescales, mainly in the Northern Hemisphere

mid- and polar latitudes. Meltwater forcing, on the other

hand, has the strongest impact during the Deglaciation, also

for the northern high latitudes. For the global spectra, there

is little difference between runs using the melt-routed (MPI-

ESM r2 and HadCM3 r2) versus melt-uniform (MPI-ESM r4

and HadCM3 r1) protocol. However, the run without melt-

water forcing has the lowest Deglacial variability among the

MPI-ESM simulations. Volcanic forcing strongly impacts the

spectrum of simulated surface temperatures. MPI-ESM r7,

the run with volcanic forcing, has the largest PSD from inter-

annual up to centennial timescales during all three periods.

While the other MPI-ESM runs show a drop in PSD on in-

terannual scales, especially during the LGM, r7 shows a con-

sistent increase in variability until at least centennial scales.

On longer timescales, it is also on the upper end of simulated

variability.
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Figure 9. Regional effects of forcings on centennial standard deviation of precipitation. Forcings are noted along with the run name for each

row.

4.6.3 Dependence of the spectral power of temperature

on model complexity

For the most part, GCMs and EMICs display less spectral

power than the ESMs up to multi-centennial scales. MPI-

ESM ch4 can be an exception, as it agrees with the other

MPI-ESM simulations on interannual scales during the LGM

but is then more similar to the non-MPI-ESM simulations on

multi-decadal scales. It further exhibits a strong 200–400-

year periodicity during the LGM that is absent in all other

simulations. This signal originates in the Southern Hemi-

sphere sea ice, grows stronger towards higher latitudes, and

extends into the tropics (Figs. S21, S29d, S30, Sect. S7.1).

The spectral power of the EBM is at the higher end on

decadal to centennial timescales. There, MPI-ESM r7, using

the same volcanic forcing reconstruction, is often the only

simulation with more power. However, it levels off around

centennial scales, with only moderate increases in variability

afterwards, such that its variability is among the lowest on

millennial scales, indicating a lack of persistence.

4.6.4 Comparison of the simulated surface temperature

variability to the LGM reanalysis

The magnitude of the LGMR power spectrum generally

falls within the range of the ensemble. During the LGM, it

shows similar levels of variability to the GCMs, matching

their increase towards millennial scales. For the Deglacia-

tion, it starts at the lower end of variability but again ex-

hibits a strong increase. This increase suggests a larger

scaling in comparison to the ensemble within the limited

range of timescales covered by the LGMR spectrum. For the
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Figure 10. Regional effects of forcings on centennial skewness of precipitation. Forcings are noted along with the run name for each row.

Percentages of grid boxes with significant positive and negative deviations from a Gaussian distribution are given. Areas where changes are

non-significant are hatched.

Holocene, the LGMR is at the lower end of spectral power

and mostly below the range of LGM-to-Holocene spectral

ratios found in reconstructions by Rehfeld et al. (2018)

(Fig. 11d). Most simulations also fall below that range, espe-

cially on decadal to centennial timescales. Above centennial

scales, many of the MPI-ESM runs are in agreement with it.

Notably, MPI-ESM r7 agrees with the range found by Re-

hfeld et al. (2018) on most timescales, although it is at the

lower end for multi-decadal scales.

4.6.5 Dependency of precipitation spectra on state,

timescale, model complexity, and forcing

With the exception of MPI-ESM r7, global spectra are quite

flat across short timescales and then feature an increase start-

ing on multi-decadal (MPI-ESM r1–r6) or centennial scales

(the remainder of the ensemble). This increase levels off

again around millennial scales. For the Deglaciation, the in-

crease is very sharp, whereas it is smaller and often more

gradual during the Holocene and LGM. Thus, the largest

variability is found during the Deglaciation above centennial

timescales, with FAMOUS as the only exception. Regionally,

LGM and Holocene spectra can be flat, especially in the trop-

ics, with only some simulations showing an increase in vari-
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Figure 11. Spectra and spectral ratios of surface temperature (top row) and precipitation (bottom row) variability with chi-squared distributed

confidence intervals. Both the x and the y axis are shown on a logarithmic scale. The spectra are separated by time period: (a, f) LGM, (b,

g) Deglaciation, and (c, h) Holocene. The spectral ratios highlight the differences between the periods showing the LGM-to-Holocene (d,

i) and the Deglaciation-to-Holocene (e, j) ratios. The sensitivity set (here in gray) is shown in Fig. S20. In panel (d), the estimated ranges of

Rehfeld et al. (2018) of the multi-centennial to millennial LGM-to-Holocene variance ratio based on proxy reconstructions (reconstructed)

and interannual variability based on the PMIP3 ensemble (PMIP3) are marked for comparison.

ability towards longer timescales for mid- and polar latitudes

(Fig. S22). The MPI-ESM simulations generally have larger

precipitation variability during the LGM than the Holocene,

whereas all other models show the opposite (Fig. 11i). All

simulations show larger precipitation variability during the

Deglaciation than during the Holocene, with the difference

increasing towards longer timescales (Fig. 11j). Precipitation

variability is among the highest in the MPI-ESM and lowest

in the EMIC simulations, globally and regionally (Fig. S23).

Inspecting the effect of forcings on the spectra of the sen-

sitivity set reveals similar relationships to that for the temper-

ature spectra. Using GLAC1-D leads to larger LGM variabil-

ity on multi-decadal and longer timescales for mid- and high

northern latitudes (Fig. S24). The no-melt protocol shows a

distinct lack of Deglacial variability, especially in the North-

ern Hemisphere. In all periods, MPI-ESM r7 with its vol-

canic forcing has significantly larger variability than all other

simulations on interannual to centennial timescales. This dif-

ference is even more pronounced than for the temperature
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spectra and reaches up to 1 order of magnitude. Regionally,

too, the spectral power of MPI-ESM r7 is always on the up-

per end, such that it stands out even among the MPI-ESM

simulations.

5 Discussion

We investigate variability changes before, during, and after

a period of global warming in an ensemble of transient sim-

ulations of the Last Deglaciation. Among them, variability

differs considerably (see Table 2) depending on the follow-

ing:

– Timescale. Surface temperature shows a decrease in

standard deviation, larger absolute skew, and an in-

crease in kurtosis towards longer timescales (Sect. 4.2).

For precipitation, standard deviation decreases with

timescale (Sect. 4.4). During the LGM and Holocene,

skewness and kurtosis of precipitation tend to decrease,

whereas there is usually an increase with timescale dur-

ing the Deglaciation.

– Background state. Generally, the state dependency of

surface temperature increases with timescale for all mo-

ments and is largest during the Deglaciation (Sect. 4.2).

For precipitation, trends differ between moments and

are more complex (Sect. 4.4).

– Forcings. Simulations that differ only by ice sheet re-

construction diverge most on long timescales, although

differences can be found even for annual variability

(Sect. 4.3.1). For surface temperature, the impacts are

largest during the Deglaciation for all moments. For

precipitation, the employed ice sheet reconstructions

mainly affect skewness (Sect. 4.5).

The chosen meltwater protocol primarily affects the

moments on multi-decadal and longer timescales

(Sect. 4.3.2). On these, any kind of meltwater will in-

crease the standard deviation, absolute skewness and

kurtosis for both temperature and precipitation, with

the largest values for routed meltwater. For tempera-

ture, these trends manifest mostly in the North Atlantic,

and, for precipitation, they manifest around the equato-

rial Atlantic and eastern Pacific oceans (Sect. 4.5).

Volcanic forcing primarily affects the moments of tem-

perature with little effect on those of precipitation

(Sect. 4.3.3, Sect. 4.5). Its presence creates a low-

temperature tail. For both temperature and precipita-

tion, volcanic forcing increases spectral power on all

timescales.

– Model complexity. There are substantial differences in

simulated variability between categories of model com-

plexity and models of similar complexity (Sect. 4.2,

4.4). Except for the standard deviation of tempera-

ture, EMICs simulate very little change between states

Figure 12. Hydrological sensitivity during the LGM and Holocene:

percentage change in LGM-to-Holocene GMP against the change in

GMST. The line indicates a 2 % change in precipitation per degree

of temperature change. The data are fitted linearly with intercept 0.

and mostly have higher moments close to zero. In this

respect, they differ strongly from ESMs and GCMs,

which simulate more complex patterns and for which

some state dependency exists on all timescales and for

all moments.

Firstly, we discuss our findings on mean state changes,

against which we evaluate our hypotheses on state depen-

dency. We then discuss the above findings relating to climate

variability.

5.1 Large range in the underlying simulated and

reconstructed mean state changes

To understand variability in its context, it is important to as-

sess the simulated mean changes using observational records.

The simulated LGM to Holocene changes in GMST range

from 3.0 to 6.6 °C (Tables 2 and S1). Proxy-based recon-

structions and data assimilation approaches provide similar

ranges. Among more recent estimates, Osman et al. (2021)

suggest a warming of 7.0 ± 1.0 °C from the Deglaciation on-

set to the PI, while Tierney et al. (2020) estimate a tempera-

ture difference of 6.1 °C (5.7, 6.5). On the other hand, Annan

et al. (2022) propose 4.5 ± 0.9 °C and Shakun and Carlson

(2010) reconstruct a minimal warming of 4.9 °C for the LGM

at 22 kyr BP relative to the Altithermal at around 8 kyr BP.

While some of the differences can be explained by different

reference periods, uncertainty around the level of warming

remains. Agreement is larger with respect to spatial patterns

of warming, with larger changes in the Northern Hemisphere

than in the Southern Hemisphere, towards higher latitudes

in both hemispheres and over land and areas of melting ice

sheets. The temporal patterns of GMST change, however,

differ a lot between simulations. This includes, but is not lim-

ited to, the onset and termination of deglacial warming and

the timings of periods of abrupt change.
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Precipitation since the LGM is less studied than tempera-

ture, and even fewer proxy reconstructions of hydroclimate

exist. There is also no data product like the LGMR, which

can be used for comparison of spatial patterns. Therefore,

we consider simulated hydrological sensitivity to contextu-

alize our results (Fig. 12). The Clausius–Clapeyron relation

estimates a 7 % change in saturation water vapor per de-

gree temperature change. This is further constrained based

on the surface energy balance and its effect on evaporation

and water availability, such that a realistic range for precipi-

tation change per degree temperature change is 1 %–4 % (Li

et al., 2013). Here, we find a hydrological sensitivity of about

2.09 % per degree change in GMST. This agrees with the

ranges given for CMIP5/PMIP3 equilibrium simulations by

Li et al. (2013) of 1.5 %–3 % per degree Kelvin and Rehfeld

et al. (2020) of 1.1 %–2.5 % per degree Kelvin.

5.2 Increasing state dependency of variability with

timescale

5.2.1 Increased standard deviation and spectral power

of surface temperature during the deglacial

transition

For all moments of surface temperature, we find that state

dependency generally increases with timescale. Simultane-

ously, the ensemble simulates a reduction in the spread

of temperature distributions towards longer timescales with

the overall largest values during the Deglaciation. On an-

nual scales, areas of large standard deviation often exhibit

large mean changes, too, but this does not hold for longer

timescales. At decadal and centennial scales, standard devi-

ation is largest over the high-latitude oceans, particularly in

areas with seasonal sea ice cover and for the Deglaciation in

the North Atlantic in response to the changes in the Lauren-

tide ice sheet. Because the sea ice cover shrinks with warm-

ing and increases during periods of abrupt cooling, standard

deviation is larger for the Deglaciation than for the LGM and

Holocene across timescales (Fig. S26). This importance of

sea ice for local variability is in line with results from Eller-

hoff et al. (2022).

The ratio of LGM-to-Holocene variance mostly shows

higher LGM variance, with values between 1 and 2 (Ta-

bles 2 and S1). These results resemble those of Rehfeld et al.

(2018), who found ratios between 1 and 3 on interannual

to decadal scales based on CMIP5/PMIP3 equilibrium sim-

ulations. The smaller Holocene Equator-to-pole temperature

gradient, itself the result of polar amplification, has been sug-

gested as the reason driving the smaller Holocene variabil-

ity in comparison to the LGM (Rehfeld et al., 2018). Simi-

larly, Shi et al. (2022) conclude that interannual temperature

variance in PMIP3/4 LGM simulations is 20 % higher than

in PI simulations as a consequence of an increased merid-

ional temperature gradient, in particular at mid-latitudes. In-

deed, we find an enhanced meridional temperature gradi-

ent during the LGM for some regions and models, which is

correlated with the temperature gradient, including at mid-

latitudes. However, in other regions and models, we find no

such large-scale increase in the gradient nor a correlation to

the variance ratio (Fig. S31).

Few model–data comparisons of variance exist that in-

clude the LGM. When comparing the LGM and Holocene,

proxy reconstructions show that LGM variance is globally

about 4 times higher on timescales from 500 to 1750 years

(Rehfeld et al., 2018). The differences we find here are

smaller (Table 2). For PMIP3 simulations, Rehfeld et al.

(2018) similarly found a smaller simulated than recon-

structed ratio. Simulated LGM and Holocene spectra resem-

ble each other in their general shape, with increasing scaling

variability towards longer timescales. The absence of a char-

acteristic timescale in a stochastic process leads to such scal-

ing behavior with similar statistical properties across scales

(Mandelbrot and van Ness, 1968; Ellerhoff and Rehfeld,

2021). Both global and regional spectra (Figs. 11, S21, S22)

suggest inter-model differences in scaling and scale breaks.

Investigating these in greater detail by computing scaling

factors that quantify the relationship between timescale and

variability and identifying scale breaks could shed more light

on the nature of the scaling behavior. Scaling has been sug-

gested to differ between glacial and interglacial climates

(Huybers and Curry, 2006; Nilsen et al., 2016; Lovejoy,

2015; Rypdal et al., 2013; Roe and Steig, 2004), and we

also find state-dependent features (Fig. 11). This is in con-

trast to the lack of state dependency between global spectra

of equilibrium LGM and PI simulations found by Ellerhoff

et al. (2022). Since the differences are especially apparent

on longer timescales, this might point towards the long-term

memory effects or transient forcings missing in such equilib-

rium simulations.

The Deglaciation shows enhanced levels of variance in

comparison to the LGM and Holocene on decadal and cen-

tennial timescales (Fig. 5d, g) and larger spectral power

above centennial scales (Fig. 11e). Northern high latitudes

are the largest source of this state dependency, with further

significant state dependency in high southern and northern

mid-latitudes (Fig. 5d, g). This reflects the dynamic nature of

the Deglaciation with the melting of ice sheets, the resulting

freshwater flow, and the subsequent reorganization of the cli-

mate system. The enhanced variability in the spectra matches

the oscillatory behavior that Clark et al. (2012) described, es-

pecially on and for millennial scales.

Comparing simulations and reconstructions, Zhu et al.

(2019) argue that simulated and reconstructed temperature

variability agree on the global scale. That analysis consid-

ers long proxy records and reconstructions reaching back to

5 Myr BP and three of the simulations used in this paper:

TraCE-21ka, LOVECLIM DG_ns, and ECBilt-CLIO. With

respect to agreement on the global scale, our results agree

when comparing the simulations to the LGMR. On local

and regional scales, however, climate models have repeatedly
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been found to underestimate variance on longer timescales

(Laepple et al., 2023). Similarly, we find notable differences

between regional patterns in the LGMR and the simulations

(see Fig. S19).

Considering the longer timescales included in the global

spectra, some of the MPI-ESM runs do fall into the range

suggested by reconstructions (Fig. 11). The LGMR only falls

in the range close to millennial timescales. It shows a steep

increase in LGM spectral power towards longer timescales,

which translates into an increasing LGM-to-Holocene ratio

that is unlike that of most simulations in the ensemble. How-

ever, proxy records covering both the LGM and the Holocene

are sparse, and both Shi et al. (2022) and Rehfeld et al.

(2018) suggest considerable spatial heterogeneity in the vari-

ance ratios. The sparse sampling of variance around the globe

likely biases the LGMR and thus the comparison. While the

LGMR exhibits more similar levels of variability to most

of the ensemble, comparison to the other reconstructions

suggests a lack of simulated regional variability on multi-

decadal timescales and beyond. The difference between the

LGMR and other reconstructions leaves uncertainty around

the models’ abilities to capture climate variability and thus a

potential lack of variability in future simulations with conse-

quences for projected changes in the frequency and intensity

of extremes. To decrease this uncertainty, our findings can

provide a basis for more in-depth model–data comparisons

of simulated variability during periods of warming. Realiz-

ing the full potential of such an analysis requires an ensemble

of coordinated experiments using common protocols (as for

some of the simulations here) and improved reconstructions

of past variability.

5.2.2 Larger absolute surface temperature skewness

and kurtosis towards longer timescales

Temperature skewness and kurtosis, describing the asym-

metry and heaviness of the tails of a distribution, respec-

tively, deviate more from zero towards longer timescales,

indicating more non-Gaussian distributions and changes in

extremes (Figs. 5, S5). During the Deglaciation, mid- and

high latitudes show enhanced values of skewness and kur-

tosis in ESMs and GCMs. Changes in skewness can be an

early warning signal of abrupt changes (Skelton et al., 2020;

He et al., 2013; Guttal and Jayaprakash, 2008). The simula-

tions in our ensemble undergo large-scale changes that can,

at times, be abrupt in response to the prescribed forcings and

boundary conditions. Regionally, there may be abrupt change

due to internal dynamics of atmosphere, sea ice, ocean, or

land surface. As our analysis computes variability over the

whole LGM, Deglaciation, and Holocene, it is ill-suited to

determine whether skewness changes occur locally or region-

ally ahead of the abrupt changes. This would instead require

an investigation into skewness changes over time. Such an

analysis would be of particular interest if it included high-

resolution proxy data for key variables experiencing abrupt

change and for potential tipping elements.

The LGMR contains some enhanced tropical skew and

kurtosis, mainly restricted to the Atlantic and continental ar-

eas (Fig. S19). During the Deglaciation, the LGMR shows

a pattern of negative skew in the North Atlantic consistent

with most simulations with any kind of meltwater forcing.

It further exhibits state dependency in the spatial patterns of

skewness and kurtosis and an increasing global mean kurto-

sis from the LGM to the Holocene (Fig. S5i). On the other

hand, the LGMR shows very few areas of significant devi-

ations from normality and patterns that are generally more

smooth than almost all simulations. Here, we use the LGMR

ensemble mean as the basis of all computations. Individual

ensemble members consistently show larger standard devi-

ation with common spatial patterns (not shown). For skew-

ness and kurtosis, however, patterns are very inconsistent

between ensemble members but, as for the ensemble mean,

with mostly Gaussian distributions. This is likely related to

the data assimilation, as an ensemble Kalman filter assumes

that the state vectors are Gaussian (Evensen et al., 2022).

While this assumption works for many weakly non-linear

systems (Evensen et al., 2022), it is likely insufficient for

the tails of the distribution. Furthermore, the higher-order

moments are affected by the spatial averaging inherent in

field reconstructions from individual proxy sites (Director

and Bornn, 2015; McKinnon et al., 2016; Haylock et al.,

2008). Due to the sparse coverage in space and time of the

proxy records, they only provide weak constraints during the

assimilation, especially further back in time. This likely also

explains why the variability in the LGMR is largest during

the LGM, when proxy availability is smallest. A compari-

son at individual proxy locations could shed more light on

model–data differences and similarities and could ascertain

whether the LGMR indeed has too little variability, as in-

dicated by its differences from both simulations and other

proxy reconstructions.

5.2.3 Precipitation distributions show trend towards

drier and less extreme years in the tropics from

the LGM to the Holocene

For precipitation, mean changes are similarly varied as for

surface temperature, with a global mean LGM-to-Holocene

wetting of 0.15–0.39 mm d−1. The ESMs and GCMs sim-

ulate some drying towards the Holocene over the tropical

oceans, with wetting almost everywhere else. The moments

are generally largest on annual timescales. In the tropics,

ESMs and GCMs show some state dependency but not as

much as for temperature. Tropical precipitation mostly de-

creases from the LGM to the Holocene, especially over the

ocean. Over the tropical oceans, standard deviation can sim-

ilarly decrease from the LGM to the Holocene, while it in-

creases almost everywhere else. During the Deglaciation,

some high-precipitation years remain, as indicated by the un-
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Table 2. Summary of LGM-to-Holocene changes in the moments. For every moment and timescale, the values according to model complexity

are listed as ESMs, GCMs, EMICs, and EBM. For the mean, the absolute value of the difference is listed; for the other moments, the ratios

are. Ratios are first computed for the individual simulations (see Tables S1 and S2 for surface temperature and precipitation, respectively)

and then averaged by category. For EMICs, this only includes ECBilt-CLIO here. Note that, on centennial scales, the ESM and GCM

categories include more simulations (MPI-ESM r3 and r4 and FAMOUS) than on the annual and decadal scale, leading among other things

to a difference in average mean change. It shows that centennial Holocene skewness of ECBilt-CLIO is very close to zero, which produces

a very large EMIC ratio. Very large ratios, as for the skewness of centennial precipitation distributions, are a result of moments very close to

zero for the LGM and Holocene.

1mhol−lgm vlgm/vhol slgm/shol klgm/khol

ESM GCM EMIC EBM ESM GCM EMIC EBM ESM GCM EMIC EBM ESM GCM EMIC EBM

Tann 5.81 4.44 3.95 4.12 1.75 1.27 1.16 1.27 0.07 −2.57 0.87 0.90 0.51 0.88 0.38 0.60

Tdec 5.81 4.44 3.95 4.12 1.43 1.25 1.03 1.39 1.76 3.44 0.76 0.98 0.26 0.29 0.09 0.60

Tcen 5.76 4.10 3.95 4.12 1.52 1.50 0.74 1.56 0.25 0.80 0.84 −0.01 −0.26 −0.25 −0.17 −0.29

pann 0.34 0.24 0.25 1.17 0.82 0.93 1.08 1.09 1.36 1.10 1.63 1.36

pdec 0.34 0.24 0.25 1.10 0.82 0.93 1.02 1.14 1.33 0.81 1.31 −0.13

pcen 0.34 0.22 0.25 1.07 0.84 0.88 0.64 1.01 101.84 −0.22 −8.97 −2.44

LGMR 6.80 1.21 −0.89 −0.47

changed positive skewness and kurtosis. For the Holocene,

however, annual higher-order moments are generally smaller

in comparison to the LGM. Towards longer timescales, stan-

dard deviation decreases significantly and shows very little

state dependency. For skewness and kurtosis, the tropical

peaks diminish, but, instead, areas of larger skew or kurto-

sis emerge in the mid- and high latitudes, especially during

the Deglaciation. So, while annual distributions show that

there are extreme-precipitation years in the tropics, decadal

and centennial distributions demonstrate that such extreme

conditions rarely persist for whole decades or centuries. For

skewness, dry regions are generally associated with positive

skew, since only a high-value tail can exist for low mean

precipitation. This is why precipitation mostly has positive

skewness.

Some GCM and ESM runs show bipolar skewness patterns

between the hemispheres but disagree on whether the neg-

ative skewness is in the Northern Hemisphere (MPI-ESM,

HadCM3B) or Southern Hemisphere (TraCE-21ka). These

bipolar patterns appear in response to meltwater forcing (see

Sect. 5.3). The spectra show little state dependency on an-

nual to multi-decadal timescales (Fig. 11i, j). For centen-

nial timescales and longer, the Deglaciation shows a strong

increase in variability, strongest in the tropics (Figs. S23

and S24), setting it apart from the LGM and Holocene. The

LGM and Holocene differ to a lesser degree but start diverg-

ing on centennial timescales, although the simulations dis-

agree whether the LGM or the Holocene has stronger spec-

tral power.

5.3 Dependence of surface climate variability on

external forcings

While ice sheet changes, meltwater fluxes and volcanism

all have characteristic timescales, differences in these forc-

ings cause variability changes on other timescales as well.

As such, forcings, through their non-linear interactions with

faster components of the climate system, impact variabil-

ity on timescales shorter than their characteristic timescales.

Conversely, they also impact slower components and thus

variability on longer timescales. This implies that, even

when investigating variability on short, e.g., interannual,

timescales, the initial state of slower components like the

oceans can affect simulated variability.

For ice sheet reconstructions, we compare ICE6G with

GLAC1-D, which has a more extensive but lower glacial

ice cover. The reconstructions have temporal resolutions

of 500 and 100 years, respectively. While the reconstruc-

tions were interpolated for MPI-ESM r1–7, this difference

in the underlying timescale will still affect centennial vari-

ability and likely explains some of the increased variabil-

ity found for simulations using GLAC1-D in comparison

to those using ICE6G (see Fig. 6). For the northern lati-

tudes, the comparison indeed reveals a general association

of GLAC1-D with larger standard deviation during the LGM

and Deglaciation (Fig. 6). On the other hand, GLAC1-D is

associated with reduced standard deviation across timescales

in parts of the Southern Ocean during the Deglaciation and

Holocene related to less variance in sea ice (Fig. S26). To-

wards longer timescales, the simulations with GLAC1-D are

both more positively and negatively skewed, in particular for

the Deglaciation. The chosen ice sheet reconstruction thus

significantly impacts variability, especially for temperature,

and behavior at the tails of the distributions on annual to

millennial timescales. However, there is considerable uncer-

tainty in ice sheet reconstructions and corresponding melt-

water releases (Stokes et al., 2015; Abe-Ouchi et al., 2015;

Ivanovic et al., 2016), an uncertainty that simulated variabil-

ity thus retains. Many of the differences between simulations

https://doi.org/10.5194/cp-21-627-2025 Clim. Past, 21, 627–659, 2025



652 E. Ziegler et al.: Patterns of changing surface climate variability

using GLAC1-D and ICE6G can be attributed to their asso-

ciated meltwater protocols.

A bipolar skewness pattern indicates a meltwater pulse in

the area of negative skewness. GLAC1-D introduces melt-

water pulses, in particular MWP-1A and MWP-1B, mainly

in the Northern Hemisphere. These lead to a freshening of

North Atlantic surface water and a slowdown of the Atlantic

Meridional Overturning Circulation. As a result, the North-

ern Hemisphere cools and experiences more cold outliers

(negative skewness), while the Southern Hemisphere warms.

In ICE6G, on the other hand, MWP-1B is mainly released

into the Southern Ocean, counteracting and reducing the

dominating bipolar pattern. In TraCE-21ka, the most abrupt

freshwater pulse (MWP-1A) is mostly imposed as a fresh-

water flux into the Southern Ocean and, as such, leads to an

opposite pattern in skewness. Kurtosis, similarly, is stronger

in GLAC1-D simulations during the LGM and Deglaciation,

an effect that grows towards longer timescales. There is a

general ranking of simulations by meltwater protocol with

variability increasing from no-melt to melt-uniform and fi-

nally melt-routed. Since simulations are generally believed to

lack variability at least regionally (e.g., Laepple et al., 2023;

Weitzel et al., 2024; Rehfeld et al., 2018), this supports the

usage of the melt-routed protocol. Since meltwater forcing

has such a strong association with variability and the over-

all deglacial climate evolution (Snoll et al., 2024), variability

could help constrain meltwater releases. However, this would

require identifying models with high skill regarding simu-

lated variability, currently hindered by large uncertainties in

reconstructed variability. Furthermore, tuning meltwater to

reproduce reconstructed variability alone is likely too sim-

plified an approach (Weitzel et al., 2024).

Volcanism has the largest impact on annual scales, as it in-

troduces short-term cooling events. However, its impacts are

evident on longer timescales as well through non-linear in-

teractions with other components of the climate system, as

also noted by, for example, Ellerhoff et al. (2022). This is

particularly apparent in the spectra, where volcanism raises

the power across and especially on decadal to centennial

timescales (Fig. 11). Volcanic forcing mostly increases stan-

dard deviation and reduces positive temperature skew across

timescales and kurtosis on annual scales as high-temperature

outliers become less likely and low-temperature outliers be-

come more likely in response to the negative radiative forcing

imposed.

5.4 Dependency of surface climate on model complexity

suggests necessary minimal complexity

Our results suggest that there is a required minimal com-

plexity for modeling the variability in surface climate. The

EBM only reflects the linear response and does not pos-

sess the complexity required to capture changes beyond the

mean, while simple models dedicated to variability might

(see Lovejoy et al., 2021; Schillinger et al., 2022). The in-

creasing resemblance of the EBM’s moments to those of the

more complex models towards longer timescales (Fig. S5),

on the other hand, suggests that, at the global scale, centen-

nial moments are dominated by the linear response to ex-

ternal forcings. This does not account for spatial patterns,

though, which the EBM fails to capture.

The EMIC simulations provide a far better approximation

of standard deviation of temperature but fall off for the ex-

treme tails and for precipitation as a whole. The latter sug-

gests that the EMICs lack variability in atmospheric dynam-

ics. The spectral power of the EMICs is almost always on the

lower end of the ensemble, further indicating a lack of en-

ergy transfer between scales. As such, while they can match

variability in proxy reconstructions on the global level (cf.

Zhu et al., 2019), they are limited for studies of regional vari-

ability. The EMICs included here have reduced atmospheric

complexity. This will affect simulated variability and could

be different in other EMICs as it is for GCMs.

Among GCMs and ESMs, providing a ranking of simu-

lated variability proves difficult due to the sparse spatial cov-

erage of reconstructions and the lack of literature studying

variability during the Deglaciation, although first attempts

have been made (Weitzel et al., 2024). Moreover, at the level

of complexity of GCMs and ESMs, chosen forcings cause

differences between simulations at least as much as the cho-

sen model and its complexity. Due to substantial differences

in forcings and boundary conditions inherently arising from

different research foci, it can be hard to identify the sources

of differences between simulations from different models of

similar complexity. While there are some common patterns

that emerge, the simulations also disagree in many areas with

respect to magnitude and even direction of changes. This va-

riety in the ensemble can be hidden when considering multi-

model means. An experimental design geared towards un-

derstanding the roles of feedbacks on surface climate vari-

ability must take into account external forcing and bound-

ary condition changes, distinguishing interactive effects and

prescribed changes in boundary conditions which may, or

may not, be physically consistent with the climate evolution.

Given the impact of meltwater forcing and its uncertainties,

simulations with interactive ice sheets are of particular in-

terest to the study of climate extremes in response to mean

changes.

6 Conclusions

The variability in surface climate has undergone considerable

changes since the LGM, along with an increase in GMST.

Here, we investigate changes in several indicators of variabil-

ity from the LGM to the Holocene. These include standard

deviation and power spectra but also the higher-order mo-

ments of skewness and kurtosis, which have, to our knowl-

edge, previously been used only in studies of present-day

and future climate. The warming ranges from 3.0–6.6 °C in
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the ensemble of 15 transient simulations from models of

varying complexity presented here. This result agrees with

the estimates found in reconstructions, which also cover a

large range. On the whole, we can confirm our hypotheses

as (1) the variability between LGM and Holocene changes

with the mean background state for both surface temperature

and precipitation, and the variability during the Deglacia-

tion is generally larger in comparison. Furthermore, we find

that (2) state dependency increases from annual to millennial

scales and that the forcings impact variability on all, not just

their characteristic timescales, and that (3) there is a minimal

complexity needed to simulate adequate levels of variability.

In particular, we find that the variability of surface tempera-

ture and precipitation depend on the following:

1. Background state. Overall, state dependency of variabil-

ity increases towards longer timescales. Standard devi-

ation of surface temperature is larger during the LGM

than the Holocene, whereas it is the opposite for precip-

itation. The LGM has little overall temperature skew-

ness and kurtosis, whereas there can be areas of large

skewness and kurtosis during the Holocene. For precip-

itation during the LGM and Holocene, state dependency

can be found to some degree on all timescales and for

all moments, but no clear patterns emerge. Beginning

on decadal scales, the Deglaciation, as the transition

between a cold and warmer interglacial climate state,

stands out as a period of enhanced variability in com-

parison to the LGM and Holocene. This is marked by

increased variance, more skew (both positive and nega-

tive), and larger kurtosis in most simulations.

2. Timescale. Towards longer timescales, the distributions

of temperature show a decrease in variance, more ab-

solute skew, and an increase in kurtosis, i.e., enhanced

non-Gaussianity. For precipitation, variance decreases,

too, while changes to the higher-order moments are

mainly limited to the Deglaciation and differ by simula-

tion and region. Volcanism, meltwater forcing, and ice

sheet changes affect the distributions of surface temper-

ature and precipitation the most on their characteristic

timescales, but their effects can be detected from annual

to millennial timescales.

3. Model complexity. Both the EBM and EMICs fail to

reproduce patterns of variability found in the (sparse)

reconstructions and do not resemble those in the more

complex models. In our ensemble, the complexity of a

coupled ocean–atmosphere GCM is at least necessary

to produce realistic variability patterns. For the GCM

and ESM simulations, on the other hand, differences in

forcing protocols and boundary conditions play a larger

role than model complexity in determining variability in

surface temperature and precipitation.

To reach levels of variability comparable to reconstruc-

tions, simulations depend upon adequate levels of externally

forced variability, including from volcanic forcing, and in-

ternal variability. The contribution of internal variability re-

quires at least the minimum complexity of the GCMs in this

study. Nevertheless, comparison to some reconstructions of

past climate suggests that simulations might lack variability,

especially regionally and from multi-decadal timescales on-

ward. While the LGMR provided a first point of comparison,

the comparison also raises questions about a potential loss of

variability in field reconstruction methods when contrasted to

other reconstructions. However, further conclusions necessi-

tate an in-depth model–data comparison, which is limited by

the small number of available proxy records, especially for

precipitation. Since an improved understanding of the vari-

ability in surface climate is crucial, for example, because of

its relation to extremes and freshwater availability, a compar-

ison to 20th-century observations could provide clearer evi-

dence on the models’ abilities, at least for short timescales.

This could complement model evaluation efforts like CMIP

and PMIP.

Several factors have emerged that could advance the eval-

uation of simulated variability and allow a ranking of mod-

els: improved benchmarks from reconstructions, more simu-

lations with consistent protocols, ensemble of varying initial

conditions, and high-resolution snapshot simulations of past

climates. The latter would allow an analysis of the changes

in frequencies of extremes against regional mean changes

and how extremes on short timescales transfer to longer

timescales. As such, it could elucidate the role of higher-

order moments in the evaluation of model simulations going

forward.

Our results demonstrate that the Deglaciation stands out in

comparison to the LGM and Holocene as a period of warm-

ing. However, an open question remains to what degree our

results hold for future warming. To resolve this question, it

is necessary to understand how much the increased variabil-

ity is related to overall warming versus the initial state with

large Northern Hemisphere ice sheets. Interactions between

dynamics, forcings, and mean state lead to complex changes

in the distributions of surface climate variables. This implies

potential changes to extremes on timescales from years to

centuries, requiring further investigation.
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Figure S1. Centennial mean climate variables for the sensitivity set (MPI-ESM r1–r6 and HadCM3B r1) from LGM to Holocene with

annual data as shading. The main set is shaded in gray and shown in Fig. 2. (a) GMT and (b) GMP anomaly with respect to the past 2kyr.

(c) Global sea ice fraction. (d, e) Equator-to-pole temperature difference for the Northern and Southern Hemisphere respectively, computed

as the difference between the polar (70◦-90◦) and equatorial temperatures (15◦S-15◦N). The latter are shown in (f).

S1 Main and sensitivity set of simulations

Fig. S1 shows the features of main climate of the sensitivity set analogous to Fig. 2 in the main text.

S2 Supplemental information on the simulations in the Deglacial ensemble

S2.1 The TransEBM Deglacial simulation

Using TransEBM (Ziegler and Rehfeld, 2021), we simulate the linear climate response to the forcings of the last 26k years.5

The first 25 years of the simulation serve as spin up. The model computes the orbital parameters following Berger (1978).

Annual incoming solar radiation is constructed as a surrogate forcing based on a 9300yr reconstruction of Holocene total solar

irradiance by Steinhilber et al. (2009). From this reconstruction, we construct several artifical timeseries using the Amplitude

Adjusted Fourier transform surrogate method with random seeds (Theiler et al., 1992) following Ellerhoff and Rehfeld (2021)

to construct a forcing timeseries (Fig. S2). As greenhouse gas forcing, the simulation uses the reconstruction of CO2 by10

Köhler et al. (2017). Like MPI-ESM r7, it employs the volcanic forcing PalVol V.1 (Schindlbeck-Belo et al., 2024). TransEBM

employs it as an annual averaged volcanic forcing, which we regridded using linear interpolation and then applied to 2.8◦ wide

latitudinal bands. Changes to the land sea mask and ice sheets follow ICE6G (Peltier et al., 2015). Since changes in the EBM

produce an immediate climate response we interpolate the ice sheets during periods of rapid sea level rise to simulate a more

gradual change in ice sheet cover. To this end, we identify areas of land ice, which change between consecutive reconstructions.15

In these places, ice is gradually removed with sea level change, starting from grid cells closer to equator. At the same latitude

ice at places with smaller longitude is removed first. As a result, land ice cover changes in the simulation at intervals between

125 to 500yr. Sea ice is also modelled as a surface type with specific properties (heat capacity and albedo). As such, it serves as

an external forcing in the simulation. We construct it by interpolating between LGM and present-day distributions by (Zhuang

1
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Figure S2. Comparison of the solar forcing reconstruction of Steinhilber et al. (2009) with one ensemble member generated as surrogate

data based on it following (Ellerhoff and Rehfeld, 2021).

et al., 2017) with the same method as for land ice. To mimic freshwater induced variability in the North Atlantic heat transport,20

we modulate the North Atlantic heat diffusivity in the model to match SST reconstructions by (Jonkers et al., 2020).

S2.2 Axes of the model hierarchy

The hierarchy constructed in Sect. 2.1.1 and Fig. 3a includes eight axis: the resolution of atmosphere and ocean, the atmosphere

and ocean model, the bands of long- and shortwave radiation, land hydrology, vegetation and aerosols. Resolution does not

necessarily equal complexity. Increased resolution can however hold a larger potential for more complex simulated dynamics.25

For long transient simulations, computational demand limits resolution. Within those limits our analysis contains simulations

with horizontal resolutions ranging from 48× 37 and T21 to T42 in the atmosphere and from 3.75◦ × 2.5◦ to 1.25◦ × 1.25◦

in the ocean. Vertical layers in the atmosphere range from none in the case of TransEBM, 3 as the smallest amount of vertical

layers in ECBilt to 31 in MPI-ESM. For the ocean, vertical layers are either again none for the EBM, 20 or 40. To summarize

these differences in resolution for the hierarchy, atmospheric resolution is ranked by the amount of grid boxes computed as30

horizontal resolution times vertical resolution. For the ocean model resolution, horizontal and vertical resolution are ranked

separately and then the average is taken for the hierarchy. This approach was chosen to be able to account for the variable

latitudinal resolution that gets finer towards the equator in TraCE-21ka. Regarding the atmospheric resolution, the EBM and

ECBilt make up the lowest tier, FAMOUS is ranked one above and the other GCMs and ESMs constitute the highest tier,

mirroring the traditional hierarchy from EBM and EMIC to ESMs. For the oceanic resolution, the picture is more varied as35

CLIO has a higher resolution and complexity then the atmospheric model ECBilt it is coupled to. As a result, its resolution is

larger than that of the ocean models in TraCE-21ka and FAMOUS. The resolution of HadCM3B is larger still and MPI-ESM

has the largest oceanic resolution in found in this study. The EBM models the ocean as a surface type and thus ranks as zero.

Overall, the resolutions of all simulations remain limited so as to enable the transient modeling of the Last Deglaciation.

However, how much such limited resolutions impacts the simulated climate and thus its study can be unclear. While an increase40

in resolution allows to better resolve topographic features and can lead to improved representation of regional phenomena and

circulation patterns (Liu et al., 2022; Schiemann et al., 2014; Roeckner et al., 2006; Paolini et al., 2022; Kirtman et al., 2012),

higher resolution does not always translate to large changes in the simulated climate. However, many of these studies see

benefits when hitherto parameterized climatic features can be resolved, e.g. in convection- or eddy-resolving simulations.

Otherwise, for many climatic features, the effect of increasing spatial resolution on the ability of simulations to reproduce45

observations can be smaller than expected. All in all, the resolutions of the simulations considered here thus allow for the study

of global climate and its evolution since the LGM.

For the atmosphere model, the hierarchy considers the following options: 0D point model, 1D model (both not represented

in this study), 2D model (TransEBM), 3D (quasi-)geostrophic (ECBilt), primitive equations (all others) and could further

extend to modeling of non-hydrostatic equations and full Navier-Stokes equations. We further distinguish the radiative models50
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in the atmospheric model by the total number of long- and shortwave radiative bands, which range from 1+1 (TransEBM,

ECBilt), 6+8 (FAMOUS, HadCM3B) and 19+8 (TraCE-21ka) to 14+16 (MPI-ESM). Regarding the ocean model, many

options exist, of which the simulations included here only cover a few: prescribed surface type/ no ocean model (TransEBM),

an ocean component with primitive equations with (FAMOUS, HadCM3B) and without (CLIO, TraCE-21ka, MPI-ESM) a

rigid lid approximation. The simulations do not include options such as prescribed SSTs, a slab or geostrophic ocean, although55

they are included in the hierarchy in theory. The land hydrology options range from none (TransEBM), to a single layer

with a bucket model (LOVECLIM simulations) and multi-layer models (FAMOUS, HadCM3B, TraCE-21ka), which can

include a river-routing model (MPI-ESM). For vegetation, the options are prescribed (TransEBM, LOVECLIM simulations),

models with a terrestrial carbon cycle (not included), dynamic vegetation models (FAMOUS, HadCM3B, TraCE-21ka) and a

dynamic vegetation model that includes a nitrogen cycle (MPI-ESM). Lastly, the inclusion of aerosols varies from none at all60

(TransEBM, LOVECLIM simulations), to prescribed (FAMOUS, HadCM3B), modeling of sulfates (TraCE-21ka) and other

aerosols in addition to sulfates, e.g. NH3 (MPI-ESM).

S3 Supplements to the methods section

S3.1 Extended introduction to the moments of a probabililty distribution

The generalized moments of random variable X of a point A for a sample of size N are defined using the expected value as65

µ′

n = E[(X −A)n] =
1

N

N∑

i=1

(Xi −A)n, (S1)

where n designates the nth moment (Papoulis and Pillai, 2002). There are several points of interest that can be substituted for

A. One such choice is the origin, that is A= 0, such that the nth moment around the origin (Papoulis and Pillai, 2002; von

Storch and Zwiers, 1999), sometimes called nth raw moment, is

µn = E[Xn] =
1

N

N∑

i=1

Xn
i . (S2)70

Thus, the first raw moment of a distribution is the arithmetic mean µ1 ≡ µ (Fig. 4a in the main text, Papoulis and Pillai, 2002).

Setting A= µ yields the nth central moment (Papoulis and Pillai, 2002; von Storch and Zwiers, 1999)

mn =
1

N

N∑

i=1

(Xi −µ)n. (S3)

For n= 2 this corresponds to the variance σ′2. However, here, we use the symmetric unbiased estimator σ2 (Filliben and

Heckert, 2024) as introduced in the main text.75

Moments of order higher than 2 are often normalized using the standard deviation σ′ (Kenney and Keeping, 1948). The

standardized third central moment, skewness s,

s=
m3

m
3/2
2

. (S4)

describes the (a)symmetry of a distribution and indicates whether the weight and tails of a distribution are lopsided (von Storch

and Zwiers, 1999). This estimator is also called the Fisher-Pearson coefficient (Joanes and Gill, 1998; Filliben and Heckert,80

2024). Lastly, we compute the standardized fourth central moment, kurtosis, but shifted by −3 to compute excess kurtosis k

(Filliben and Heckert, 2024).
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Figure S3. Effects of different versions of detrending on the resulting timeseries used for calculating the moments and spectra in the main

text. Shown are different values for the kernel size σ of the Gaussian smoothing, as well as linear detrending with 2 breakpoints.

S3.2 Sensitivity test for different methods for detrending the timeseries

Figure S3 compares different versions of detrending. Among others, it shows the results when using linear detrending with

breakpoints at the transitions from LGM to Deglaciation (19kyr BP) and Deglaciation to Holocene (8kyr BP). Different kernel85

sizes for the Gaussian smoothing are compared as well, from σ = 1000yr to the 4000yr used for the main manuscript. Linear

detrending is the only method that produces notably different results and clear artifacts, e.g. in panels g, k, u and w. While the

different kernel sizes produce differences mostly during times of abrupt changes, which will be removed as trend rather than

variability as the kernel size gets smaller and thus closer to the timescale of these changes.
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Figure S4. Exemplary timeseries for changes in the moments as sampled from the distributions as shown in Fig. 4. In the upper row only

one moment of the corresponding distribution changes, in the bottom row several moments change.

Table S1. LGM to Holocene changes in the moments of surface temperature for all simulations and timescales. For the mean, the absolute

value of the difference is listed, for the other moments the ratios.

∆mhol−lgm vlgm/vhol slgm/shol klgm/khol

T Tann

∣

∣ Tdec

∣

∣ Tcen Tann

∣

∣ Tdec

∣

∣ Tcen Tann

∣

∣ Tdec

∣

∣ Tcen

MPI-ESM ch4 4.41 1.63
∣

∣ 1.49
∣

∣ 2.05 4.60
∣

∣ 9.26
∣

∣ 0.27 0.77
∣

∣ 0.14
∣

∣ -0.01

MPI-ESM r1 6.51 1.97
∣

∣ 1.69
∣

∣ 2.38 -1.43
∣

∣ -0.09
∣

∣ -0.09 0.30
∣

∣ 0.02
∣

∣ 0.04

MPI-ESM r2 5.52 1.51
∣

∣ 1.00
∣

∣ 0.92 -1.39
∣

∣ -0.04
∣

∣ -0.04 0.49
∣

∣ 0.02
∣

∣ -0.01

MPI-ESM r3 5.69
∣

∣

∣

∣ 0.81
∣

∣

∣

∣ 0.05
∣

∣

∣

∣ -0.01

MPI-ESM r4 5.57
∣

∣

∣

∣ 1.07
∣

∣

∣

∣ 0.09
∣

∣

∣

∣ -0.01

MPI-ESM r5 5.30 1.49
∣

∣ 0.95
∣

∣ 0.81 -1.03
∣

∣ -3e-3
∣

∣ 0.03 0.35
∣

∣ 0.02
∣

∣ -3e-3

MPI-ESM r6 6.48 1.89
∣

∣ 1.47
∣

∣ 1.44 -1.59
∣

∣ -0.08
∣

∣ 0.01 0.30
∣

∣ 0.02
∣

∣ 0.03

MPI-ESM r7 6.62 2.03
∣

∣ 1.97
∣

∣ 2.69 1.27
∣

∣ 1.52
∣

∣ 1.65 0.84
∣

∣ 1.35
∣

∣ -2.08

TraCE-21ka 4.11 0.85
∣

∣ 0.74
∣

∣ 0.63 1.84
∣

∣ -0.20
∣

∣ 0.09 0.92
∣

∣ 0.10
∣

∣ -0.16

HadCM3B r1 4.45 1.47
∣

∣ 1.52
∣

∣ 1.95 -7.69
∣

∣ 10.61
∣

∣ -3.10 0.84
∣

∣ 0.33
∣

∣ -1.20

HadCM3B r2 4.76 1.47
∣

∣ 1.49
∣

∣ 1.83 -1.86
∣

∣ -0.08
∣

∣ 3.36 0.87
∣

∣ 0.43
∣

∣ -0.59

FAMOUS 3.07
∣

∣

∣

∣ 1.58
∣

∣

∣

∣ 2.84
∣

∣

∣

∣ 0.96

ECBilt-CLIO 3.95 1.16
∣

∣ 1.03
∣

∣ 0.74 0.87
∣

∣ 0.76
∣

∣ 0.84 0.38
∣

∣ 0.09
∣

∣ -0.17

TransEBM 4.12 1.27
∣

∣ 1.39
∣

∣ 1.56 0.90
∣

∣ 0.98
∣

∣ -0.01 0.60
∣

∣ 0.60
∣

∣ -0.29

Figure S4 shows example timeseries as drawn from the distributions shown in Fig. 4. The timeseries thus demonstrate the90

potential effects of differences in one or several moments.

S4 Moments per simulations

S4.1 Global mean moments

Figure S5 shows the global mean moments from LGM to Holocene for surface temperature and precipitation by complexity

category. Tables Table S1 and S2 list the LGM-to-Holocene changes in moments per simulations, which are summarized per95

complexity category in Table 2 of the main text.
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Figure S5. Global annual, decadal and centennial higher order moments of temperature (a-i) and precipitation (j-r). Simulations are sum-

marized by their complexity into ESMs (green), GCMs (blue), EMICs (yellow) and EBM (red) and are shown with the means of the 95th

percentiles in space of the individual models. For each moment, standard deviation (left column), skewness (middle column) and kurtosis

(right column), results are shown separately for LGM, Deglaciation and Holocene with gray lines separating the periods. For (c) the 95th

percentile of the EBM is cut-off for better comparability of the other moments.

S4.2 Zonal moments

Figures S6 and S7 complement Fig. 5 in the main text and show the latitudinal profiles of the moments for the individual

simulations.

S4.3 Moments in space100

To highlight the differences with timescale, we here show the moments in space according to timescale that are not included

in the main text. Figure S8 first shows the mean changes of both surface temperature and precipitation for three examples

simulations — MPI-ESM r7, TraCE-21ka and ECBilt-CLIO — and reveals the simulated global warming and wetting from

LGM to Holocene across the ensemble. Figure S9 shows the spatial patterns of the higher order moments on centennial scales

for the same example simulations for surface temperature. Figures S10 and S11 show the same for precipitation on centennial105

and annual timescales, respectively.

To complete the analysis of the effects of forcings on the distributions from the main text, Fig. S12 starts by showing the

impacts of forcings on annual standard deviation of surface temperature. Further Fig. S13 and S14 display the same for decadal

and annual temperature skewness, while Fig. Fig. S15 and S16 present forcing impacts on decadal and annual temperature

kurtosis, respectively. For precipitation, we show annual standard deviation (Fig. S17) and skewness. Finally, Fig. S19 presents110

the spatial changes in mean, standard deviation, skewness and kurtosis for the LGMR.
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Table S2. LGM to Holocene changes in the moments of precipitation for all simulations and timescales. For the mean, the absolute value of

the difference is listed, for the other moments the ratios.

∆mhol−lgm vlgm/vhol slgm/shol klgm/khol

p pann

∣

∣ pdec

∣

∣ pcen pann

∣

∣ pdec

∣

∣ pcen pann

∣

∣ pdec

∣

∣ pcen

MPI-ESM ch4 0.27 1.23
∣

∣ 1.18
∣

∣ 1.27 1.16
∣

∣ 1.21
∣

∣ 2.33 1.60
∣

∣ 0.98
∣

∣ 0.17

MPI-ESM r1 0.39 1.11
∣

∣ 1.05
∣

∣ 1.19 1.07
∣

∣ 0.98
∣

∣ -0.73 1.03
∣

∣ 0.67
∣

∣ 0.27

MPI-ESM r2 0.31 1.18
∣

∣ 1.11
∣

∣ 1.07 1.05
∣

∣ 1.00
∣

∣ 0.18 1.03
∣

∣ 0.72
∣

∣ -0.40

MPI-ESM r3 0.34
∣

∣

∣

∣ 0.89
∣

∣

∣

∣ 1.12
∣

∣

∣

∣ -0.33

MPI-ESM r4 0.32
∣

∣

∣

∣ 1.05
∣

∣

∣

∣ 0.36
∣

∣

∣

∣ -0.30

MPI-ESM r5 0.30 1.22
∣

∣ 1.10
∣

∣ 0.95 1.06
∣

∣ 1.02
∣

∣ 0.21 0.92
∣

∣ 0.73
∣

∣ 2e-3

MPI-ESM r6 0.37 1.13
∣

∣ 1.08
∣

∣ 1.05 1.09
∣

∣ 0.94
∣

∣ 0.54 1.15
∣

∣ 0.65
∣

∣ -0.06

MPI-ESM r7 0.39 1.12
∣

∣ 1.09
∣

∣ 1.13 1.06
∣

∣ 0.95
∣

∣ 1.09 0.86
∣

∣ 1.11
∣

∣ -1.07

TraCE-21ka 0.20 0.82
∣

∣ 0.77
∣

∣ 0.57 1.00
∣

∣ 0.94
∣

∣ 0.76 1.00
∣

∣ 0.32
∣

∣ -1.29

HadCM3B r1 0.26 0.82
∣

∣ 0.84
∣

∣ 0.84 1.12
∣

∣ 1.19
∣

∣ 1.07 1.88
∣

∣ 1.53
∣

∣ -2.56

HadCM3B r2 0.27 0.83
∣

∣ 0.86
∣

∣ 0.91 1.15
∣

∣ 1.28
∣

∣ 0.77 2.03
∣

∣ 2.08
∣

∣ 0.47

FAMOUS 0.15
∣

∣

∣

∣ 1.03
∣

∣

∣

∣ 1.44
∣

∣

∣

∣ -31.55

ECBilt-CLIO 0.25 0.93
∣

∣ 0.93
∣

∣ 0.88 1.36
∣

∣ 1.33
∣

∣ 101.84 1.36
∣

∣ -0.13
∣

∣ -2.44

S5 Spectra

Figure S20 shows the global power spectra of the sensitivity set complementing Fig. 11 of the main text, which shows the same

for the main set simulations.

S5.1 Regional spectra115

Figures S21 (main set) and S22 (sensitivity set) show mean regional temperature spectra for the polar, mid-latitude and tropical

regions in the Southern and Northern Hemisphere. Figures S23 and S24 present the same but for precipitation.

S6 Mechanisms

S6.1 Variability of sea ice and its influence on temperature

Moments of centennial sea ice distributions120

To investigate the contribution of sea ice changes to changes in variability, Fig. S25, S26, S27 and S28 show the spatial patterns

of change in the moments of sea ice for mean, standard deviation, skewness and kurtosis, respectively.

Investigation of the 120–320 yr LGM periodicity in MPI-ESM ch4

The spectra of surface temperature and precipitation show a periodicity of roughly 200 years during the LGM in MPI-ESM

ch4 that is largest in the high southern latitudes (Fig. 12, S20–S24). A bandbass analysis of standard deviation for timescales125

from 120–320 years reveals that this originates in the sea ice of the Southern Ocean: MPI-ESM ch4 simulates particularly high

standard deviation in the Southern Ocean, with the exception of the Weddel Sea. The standard deviation during the LGM in

ch4 is similar or even higher than during the Deglaciation (Fig. S29) and it is larger than in any of the other simulations during

the LGM (Fig. S30).
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Figure S6. Changes of annual, decadal and centennial higher order moments of surface temperature (a-i) and precipitation (j-r) with latitude

as in Fig. 5, but for the individual simulations of the main set. Here, standard deviation (left column), skewness (middle column) and kurtosis

(right column) are shown. For each simulation LGM, Deglaciation and Holocene are shown. The sensitivity set of simulations are shown in

gray.

S6.2 Change in temperature gradient130

Figure S31 shows the simulated relationships between meridional temperature gradients and LGM-to-Holocene variance ratio

for all simulations. While an increased meridional temperature gradient during the LGM has been suggested as a cause for

increased LGM variance in comparison to the Holocene, our results cannot confirm this hypothesis.

S7 Robustness tests

To test the robustness of our results, we checked how the regridding, various versions of detrending (see Sec. S3) and the135

definition of the time periods affect the results. The results from a selection of these tests are shown here by showing the

changes in latitudinal moments without regridding and different time period definitions in comparison to the version used in

the main text.

We find that the effect of the regridding is negligible for all time periods (Fig. S32–S34). For the definitions of the time

periods, we find that extending the LGM up until 18kyr BP, results in Deglacial changes being included in the LGM for some140

of the simulations, but has still mostly limited effects, primarily on kurtosis (e.g. Fig. S32r, t, u). Limiting the LGM to run only

up until 20kyr BP, on the other hand, means that there is far less data for some simulations, e.g. ECBilt-CLIO (Fig. S32p–r). As
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Figure S7. Same as in Fig. S7, but for the sensitivity set.

such 19kyr BP as the end point of the LGM seems suitable, since it ensures enough data points for the computations without

including a strong warming trend.

Regarding the definitions of onset and close of the Deglaciation, the general patterns hold when these are changed (S33). The145

largest differences can be found for kurtosis, but the degree of change differs between simulations. There is a similar ranking

in overall levels of variability among most of the models: 20–8 > 20–9 & 19–8 > 20–10 & 19–9 > 19–10kyr BP. An earlier

onset and close thus tend to lead to slightly higher kurtosis. However, the differences do not impact any of the conclusions

drawn in the main text.

For the Holocene, too, a changing onset mostly has small impacts, primarily on kurtosis (Fig. )S34). For some simulations150

starting at 10kyr, and sometimes even 9kyr, means that the end of Deglaciation is included in the Holocene (e.g. in MPI-ESM

r7), impacting moments in high latitudes and especially the Northern Hemisphere. This is most notable for TransEBM (panels

v–x). Overall, we find limited effects from both regridding and the definitions of LGM, Deglaciation and Holocene on the

results. Where they exist, these are limited to kurtosis and change the overall levels of kurtosis slightly but not the patterns.
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Figure S8. Exemplary mean anomalies of surface temperature (a – l) and precipitation (m – x) for the LGM (left column), Deglaciation

(middle column) and Holocene (right column). For each of these, MPI-ESM ch4, MPI-ESM r7, TraCE-21ka and ECBilt-CLIO are shown.
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Figure S9. Exemplary patterns of change in centennial standard deviation (a – i), skewness (j – r) and kurtosis (s – aa) of surface temperature

for the LGM (left column), Deglaciation (middle column) and Holocene (right column). For each of these, MPI-ESM ch4, TraCE-21ka and

ECBilt-CLIO are shown. For skewness and kurtosis, the percentages of grid boxes with significant positive and negative deviations from a

Gaussian distribution are given and non-significant changes are hatched.
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Figure S10. Exemplary patterns of change in centennial standard deviation (a – i), skewness (j – r) and kurtosis (s – aa) of precipitation

for the LGM (left column), Deglaciation (middle column) and Holocene (right column). For each of these, MPI-ESM ch4, TraCE-21ka and

ECBilt-CLIO are shown. For skewness and kurtosis, the percentages of grid boxes with significant positive and negative deviations from a

Gaussian distribution are given and non-significant changes are hatched.
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Figure S11. Exemplary patterns of change in annual standard deviation (a – i), skewness (j – r) and kurtosis (s – aa) of precipitation for

the LGM (left column), Deglaciation (middle column) and Holocene (right column). For each of these, MPI-ESM ch4, TraCE-21ka and

ECBilt-CLIO are shown. For skewness and kurtosis, the percentages of grid boxes with significant positive and negative deviations from a

Gaussian distribution are listed and non-significant changes are hatched.
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Figure S12. Regional effects of forcings on annual standard deviation of surface temperature. Forcings are noted along with the run name

for each row.
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Figure S13. Regional effects of forcings on decadal skewness of surface temperature. Forcings are noted along with the run name for each

row. Percentages of grid boxes with significant positive and negative deviations from a Gaussian distribution are listed. Areas, where changes

are non-significant, are hatched.
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Figure S14. Regional effects of forcings on annual skewness of surface temperature. Forcings are noted along with the run name for each

row. Percentages of grid boxes with significant positive and negative deviations from a Gaussian distribution are listed. Areas, where changes

are non-significant, are hatched.
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Figure S15. Regional effects of forcings on decadal kurtosis of surface temperature. Forcings are noted along with the run name for each

row. Percentages of grid boxes with significant positive and negative deviations from a Gaussian distribution are listed. Areas, where changes

are non-significant, are hatched.
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Figure S16. Regional effects of forcings on annual kurtosis of surface temperature. Forcings are noted along with the run name for each row.

Percentages of grid boxes with significant positive and negative deviations from a Gaussian distribution are listed. Areas, where changes are

non-significant, are hatched.
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Figure S17. Regional effects of forcings on annual standard deviation of precipitation. Forcings are noted along with the run name for each

row.
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Figure S18. Regional effects of forcings on annual skewness of precipitation. Forcings are noted along with the run name for each row.

Percentages of grid boxes with significant positive and negative deviations from a Gaussian distribution are listed. Areas, where changes are

non-significant, are hatched.
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Figure S19. Spatial patterns in the surface temperature moments of LGMR for (a) – (c) mean, (d) – (f) standard deviation, (g) – (i) skewness

and (j) – (l) kurtosis. For skewness and kurtosis, percentages of grid boxes with significant positive and negative deviations from a Gaussian

distribution are listed and non-significant changes hatched.
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Figure S20. Spectra and spectral ratios of surface temperature (top row) and precipitation (bottom row) variability with chi-squared dis-

tributed confidence intervals. The spectra are separated by time period with (a, d) LGM, (b, e) Deglaciation and (c, f) Holocene. The spectral

ratios highlight the differences between the periods showing the LGM-to-Holocene (g, i) as well the Deglaciation-to-Holocene ratio (h, j).

Shown in gray are the simulations from Fig. 11.
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Figure S21. Global (a – c) and regional (d – u) surface temperature spectra for LGM (left column), Deglaciation (middle column) and

Holocene (right column) with chi-squared distributed confidence intervals for the main set simulations. The regional spectra correspond to

average timeseries of 30 degree wide latitude bands: northern polar region (60–90◦N, d–f), northern mid-latitudes (30–60◦N, g–i), northern

tropics (0–30◦N, j–l), southern tropics (0–30◦S, m–o), southern mid-latitudes (30–60◦S, p–r) and southern polar region (60–90◦S, s–u).
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Figure S22. Same as Fig. S21 but for the sensitivity set.
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Figure S23. Same as Fig. S21 but for precipitation.
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Figure S24. Same as Fig. S23 but for the sensitivity set.
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Figure S25. Global mean sea ice fraction from LGM to Holocene for simulations from the main and sensitivity set.
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Figure S26. Global standard deviation of sea ice fraction from LGM to Holocene for simulations from the main and sensitivity set.
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Figure S27. Global skewness of sea ice fraction from LGM to Holocene. Only areas where sea ice is constantly present were included.

Percentages of grid boxes with significant positive and negative deviations from a Gaussian distribution are listed.
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Figure S28. Global kurtosis of sea ice fraction from LGM to Holocene. Only areas where sea ice is constantly present were included.

Percentages of grid boxes with significant positive and negative deviations from a Gaussian distribution are listed.
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Figure S32. Centennial latitudinal moments during the LGM for different definitions of the LGM and without regridding. Shown are standard

deviation (left column), skewness (middle column), kurtosis (right column) for all main set simulations. The version used in the manuscript

is shown in dark blue. ECBilt-CLIO was at T21 resolution and thus did not require regridding. Therefore, for this simulation the versions

marked "manuscript" and "original resolution" are identical.
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Figure S33. Centennial latitudinal moments during the Deglaciation for different definitions of the Deglaciation and without regridding.

Shown are standard deviation (left column), skewness (middle column), kurtosis (right column) for all main set simulations. The version

used in the manuscript is shown in dark blue. Note that since LOVECLIM DG_ns only starts at 19kyr, only those versions exist for this

simulation. LOVECLIM DG_ns and ECBilt-CLIO were at T21 resolution and thus did not require regridding. Therefore, for them the

versions marked "manuscript" and "original resolution" are identical.
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Figure S34. Centennial latitudinal moments during the Holocene for different definitions of the Holocene and without regridding. Shown

are standard deviation (left column), skewness (middle column), kurtosis (right column) for all main set simulations. The version used in

the manuscript is shown in dark blue. LOVECLIM DG_ns and ECBilt-CLIO were at T21 resolution and thus did not require regridding.

Therefore, for them the versions marked "manuscript" and "original resolution" are identical.
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