
Internal climate variability and spatial temperature correlations
during the past 2000 years
Pepijn Bakker1, Hugues Goosse2, and Didier M. Roche1,3

1Department of Earth Sciences, Vrije Universiteit Amsterdam, the Netherlands
2Earth and Life Institute (ELI), UCLouvain, Louvain-la-Neuve, Belgium
3Laboratoire des Sciences du Climat et de l’Environnement, LSCE/IPSL, Université Paris-Saclay, Gif-sur-Yvette, France

Correspondence: Pepijn Bakker (p.bakker@vu.nl)

Abstract. The spatio-temporal structure of natural climate variability has to be taken into account when unraveling observed

climatic changes and simulate future climate change. However, based on the comparison of temperature reconstructions and

climate model simulations covering the past two millenia, it has been argued that climate models are biased. They would

simulate too little temporal temperature variability and too high correlations between temperature time series from different

continents. One of the proposed causes is the lack of internal climate variability in climate models on centennial time scales,5

for instance variability related to the Atlantic Meridional Overturning Circulation (AMOC).

We present a perturbed-parameter ensemble with the iLOVECLIM earth system model containing various levels of AMOC-

related internal climate variability to investigate the effect on the spatio-temporal temperature variability structure. The model

ensemble shows that indeed enhanced AMOC variability leads to more continental-scale temperature variability, but it also

increases the spatio-temporal temperature correlations between different continents. However, combining the iLOVECLIM10

results with CMIP5 model results and various PAGES-2k temperature field reconstructions, we show overall agreement for the

magnitude of continental temperature variability in models and reconstructions, but both the simulated and the reconstructed

ranges are large. This is even more true when considering higher order metrices like inter-continental temperature correlations

or temperature variability land-sea contrasts. For such metrices, uncertainties in both model results and temperature recon-

structions are so large that they hamper our ability to constrain simulated spatio-temporal structure of centennial temperature15

variability. As a result, we cannot determine the importance of AMOC variability for the climatic evolution over the past two

millenia.

1 Introduction

Comparing reconstructed and simulated past climate variability helps us to understand natural climate variability, which is

important in the light of ongoing climate change (Braconnot et al., 2012; Deser et al., 2012). The most recent two millennia20

forms an important period in this respect because it i) is described by what is probably the highest density of palaeoclimate

reconstructions of any past period (Ahmed et al., 2013; PAGES2k-Consortium, 2017), ii) is a period with relatively weak and

well constrained external forcings allowing for a better investigation of unforced climate variability (Jungclaus et al., 2017)

and iii) is a period which is very similar to the present and future climate in terms of mean climate, boundary conditions and
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climate forcings except for human-induced changes (Schmidt, 2010).25

Previous studies looking at temperature temporal variability have suggested that climate models simulate too little regional

variability on multi-decadal and longer time scales (Laepple and Huybers, 2014; PAGES-2k-PMIP3, 2015). One can also

compare reconstructed and simulated climate variability in the spatio-temporal domain, as the covariance varies as a function

of the spatial and time scales inviestigated (Kunz and Laepple, 2021). For instance, PAGES-2k-PMIP3 (2015) compared the

PAGES-2k temperature reconstructions (Ahmed et al., 2013) for seven continental-scale regions with transient climate model30

simulations over the past 2000 years from the third Palaeoclimate Modelling Intercomparison Projects (PMIP3; Braconnot

et al., 2012), and focused on the correlations between temperature time-series from different continental-scale regions. Based

on this analysis, PAGES-2k-PMIP3 (2015) found that the reconstructions show weak surface air temperature covariance across

continents, in contrast to relatively strong covariance found in climate models.

Several possible causes have been put forward to explain those model-data discrepencies, in both time domain and in the35

spatio-temporal domain. The model-data mismatches could be related to the reconstructions, with proxy-specific uncertainties

inherent to the data that lower the reconstructed covariance (Hartl-Meier et al., 2017). Other sources of uncertainty are the

model sensitivity to external forcings, such as volcanic eruptions and solar forcing, or the magnitude of the reconstructed exter-

nal forcings. Interestingly, it has both been argued that the model response to external forcings is too weak, thus explaining the

lack of model variability on long time-scales (Laepple and Huybers, 2014), and that the model response to external forcings is40

too strong (Anchukaitis et al., 2010; Braconnot et al., 2012; PAGES-2k-PMIP3, 2015; Stoffel et al., 2015), thus explaining the

large degree of temperature covariance in the models between different continents. Another explanation that has been put for-

ward to explain model-data mismatches in temperature variability is the lack in models of sufficient internal climate variability

(Laepple and Huybers, 2014; Valdes, 2011). The idea behind the latter is that increased internal climate variability would in-

crease temperature variability and potentially weaken temperature covariance across continental-scale regions because it would45

add ‘random noise’ to the system. On the other hand, modes of internal climate variability have a clear spatial structure and

can thus also enhance the spatio-temporal covariance by increasing the strength of climatic teleconnections between regions

(PAGES-2k-PMIP3, 2015).

Here, we will investigate the impact of ocean-induced multi-decadal to multi-centennial climate variability on the spatio-

temporal covariance of the temperature evolution. Hereby, we test if increased internal climate variability can indeed improve50

the model-data comparison of temperature variability over the last 2000 years. We will specifically investigate the impact of

ocean variability driven by the Atlantic Meridional Overturning Circulation (AMOC). To this end, we will present a perturbed-

parameter ensemble of climate model simulations for the past two millenia that cover a range from very weak to very strong

multi-decadal to multi-centennial AMOC variability. We will compare our model results with temperature reconstructions for

the past two millenia derived with different climate field reconstruction (CFR) methods (Neukom et al., 2019) and a subset55

of the CMIP5 last millennium simulations (Braconnot et al., 2012; Taylor et al., 2012). We will focus on two different spatial

scales to investigate the inter-regional temperature coherency, namely inter-continental and between ocean and land. This will

allow us to investigate the role of ocean-induced climate variability in altering spatial temperature variability coherency and

to determine which level of ocean variability yields model results that are in best agreement with proxy-based temperature
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reconstructions.60

We limit our analysis of reconstructed temperatures for the past two millenia to the data set published by Neukom et al. (2019),

but many others exist (e.g. Ljungqvist et al., 2019; Zhang et al., 2018; Wang et al., 2017; Moreno-Chamarro et al., 2017; Franke

et al., 2016; Luterbacher et al., 2016). All these temperature reconstructions are affected by, among others, the spatial distri-

bution of the underlying records, their temporal extent, seasonality effects and the climate response of the various proxy types

(Anchukaitis and Smerdon, 2022). Given the goals of our study as outlined above, the temperature reconstructions of Neukom65

et al. (2019) is the most suited as it covers sufficiently large spatial scales and includes an estimate of the methodological

uncertainties.

2 Methods

The work presented here is based on a perturbed-parameter ensemble of the iLOVECLIM Earth system model, on the PAGES-

2k temperature reconstructions (Neukom et al., 2019) and on a selected number of CMIP5 last millennium simulations.70

2.1 iLOVECLIM perturbed-parameter ensemble

iLOVECLIM (here in version 1.1) is a code fork of the LOVECLIM 1.2 model (Goosse et al., 2010). It consists of a free

surface ocean general circulation model with an approximately 3◦spatial resolution and 20 vertical layers. It is coupled to a

thermo-dynamical sea ice model and a quasi-geostrophic model atmospheric model, solved on a T21 spectral grid.

75

We performed a 70-member perturbed-parameter ensemble of pre-industrial control simulations with the iLOVECLIM

model. From this ensemble, we selected nine parameter sets that yield results that are both reasonable in comparison with

present-day observations (not shown) but also cover a large range of magnitudes in multi-decadal to multi-centennial AMOC-

related ocean variability. These nine parameter set include our default parameter set (experiment 1). Table A1 lists the values

that are used for the 10 perturbed parameters. Parameter selection was done using a Latin Hypercube sampling (LHS). The80

ranges that are used in the LHS are given in Table A2. The choice of parameters to perturb is based on previous research by

(Loutre et al., 2011; Shi et al., 2019) and personal experience. Note that for some of the experiments (2-5), a limited number

of parameters was excluded from the LHS and instead we imposed parameter changes based on our knowledge of the relation

between those specific parameters and changes in the AMOC behavior in the model. This is specifically the case for the pa-

rameters controlling the size of the imposed precipitation correction between the Atlantic and the Pacific (Tables A1 and A2).85

We assessed the degree of agreement with present-day observations for a selection of variables, namely the AMOC strength at

26◦N (Moat et al., 2020), Northern Hemisphere (NH) and Southern Hemisphere (SH) sea-ice extent (Niederdrenk and Notz,

2018; Roche et al., 2012), the top-of-the-atmosphere radiative imbalance (Schmidt et al., 2017) and the global mean temper-

ature (Rohde and Hausfather, 2020). Even though all ensemble members, including the default parameter set, show biases

with respect to observations no member of the nine-member ensemble can clearly be disgarded as unrealistic and we deem the90

perturbed parameter ensemble suited to investigate the role of AMOC variability on spatio-temporal temperature variability.
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Using these nine parameter sets and starting from long pre-industrial control simulations, we performed nine corresponding

2,000 year long experiments covering the past two millenia forced with time varying volcanic and solar forcings, changes in

greenhouse-gas concentrations and changes in the orbital parameters. We limit our analysis to the period before 1850 in order

to exclude the increasingly strong antropogenic warming signal over the last 150 years. All other boundary conditions are95

pre-industrial (Goosse et al., 2010).

2.2 PAGES-2k temperature reconstructions

Using a selection of 210 local temperature sensitive proxies from the PAGES-2k database (Ahmed et al., 2013), Neukom

et al. (2019) present six different climate field reconstruction (CFR) methodologies to extend the point-data to a full global

coverage. In our current study we will use these six different temperature field reconstructions to investigate the robustness of100

reconstructed temperature variability and spatial covariance, and to compare with model results. The CFR methods deployed

by Neukom et al. (2019) range from basic proxy composites, to advanced statistical techniques that combine the Ahmed et al.

(2013) proxy data-set with physical constraints and forcing information from climate-model simulations.

Here we will provide a short summary of the six different CFR methods of Neukom et al. (2019) because of their importance

for our investigation, further details can be found in the original publication: 1) Composite plus scale (CPS) is an index recon-105

struction method in which the input proxy data are averaged into composite time series, that are in turn scaled to the mean and

standard deviation of the reconstruction target over the calibration period. 2) Principal-component regression (PCR) reduces

the dimensions of both the target field and the proxy data using principal-component analysis. In this approach the covariance

structure of the temperature grid is based on the instrumental record and assumed to be constant for the whole reconstruction

period. 3) Canonical correlation analysis (CCA) uses singular-value decomposition to separately reduce the dimensions of the110

instrumental temperatures, the proxy data, and the regression coefficient matrix that describes their relationships. The main

assumption is that the first few leading modes of the empirical orthogonal function contain most of the variance in the target

climate field and the multi-proxy network. 4) GraphEM uses the theory of Gaussian graphical models to reduce the dimen-

sionality of the problem. 5) Data assimilation (DA) optimally combines proxy data with climate-model states. Here offline

data-assimilation is used. The climate model provides an estimate of the prior that is updated on the basis of the proxy obser-115

vations and an estimate of the errors in both the observations and the prior. 6) Analogue method (AM) is a method that requires

a pool of plausible climate fields for which in this case simulations from the PMIP3 project are used. In this method the spatial

structure of temperature is provided by the different climate models, while the temporal evolution is obtained from the informa-

tion contained in the proxy data. Generally one can say that three out of six CFRs are using observational information to obtain

information on the spatial correlation structure (PCR, CCA, GraphEM), two methods base their spatial correlation structure120

on climate model output (DA and AM) and the sixth method doesn’t use any form of additional spatio-temporal information

(CPS).

Following the recommendation by Neukom et al. (2019), we also include the multi-method-mean in our analysis. All the

CFR-based temperature reconstructions include an uncertainty estimate by means of a 100-member ensemble. In parts of our

analysis we use the ensemble mean, while in other parts the uncertainty is explicitly taken into account. For comparison,125
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we also include the original continental-scale temperature time series from Ahmed et al. (2013), to which we will refer as

PAGES2013 data.

By employing a single data set (Ahmed et al., 2013) of 210 local temperature sensitive proxies in six different CFR methods,

the data set of Neukom et al. (2019) allows for a good description of the uncertainties caused by the CFR methods. How-

ever, other sources of uncertainties are not (directly) sampled (e.g. spatial distribution, temporal extent, seasonality effects130

and climate response Anchukaitis and Smerdon, 2022). It is for instance important to remember that the spatial distribution is

strongly biased towards the mid-latitude of the NH and that the maximum number of 210 records quickly decreases to values

below 30 prior to the year 800 CE (Anchukaitis and Smerdon, 2022). The CFR methods that are used to extend the spatially

and temporally limited point-data to a full global coverage for the past 2000 years, thus become increasingly important going

further back in time.135

2.3 CMIP5 last millennium simulations

For further comparison we also include results from three randomly selected single member CMIP5 last millennium simulations

(MRI-CGCM3, GISS-E2-R and MIROC5) and the 13-members of the last millennium ensemble with CESM (Otto-Bliesner

et al., 2016). Including these CMIP5 simulations allows us to put the results of the iLOVECLIM perturbed parameter ensemble

and the PAGES-2k reconstructions in perspective.140

2.4 Observational data-sets

Three out of six CFR methods use the observational temperature data-set HadCRUT4-GraphEM, a data-set that is based on

HadCRUT4 (Morice et al., 2012), but that was infilled using the GraphEM method to obtain a complete global coverage over

the calibration period over the period 1850-2000 with a resolution of 5◦× 5◦(Neukom et al., 2019). For further comparison of

our results with observations, we used the ERA5 observational data-set (Copernicus Climate Change Service, 2017), covering145

the period 1979 to 2019. To remove the antropogenic global warming signal, the time-series are detrended using a second-order

polynomial fit. Note that the obtained results are not sensitive to the exact definition of the observational period.

2.5 Data processing

On all temperature time series presented here, a Butterworth filter was applied that effectively removes all variability on time-

scales smaller than 50 years. We tested the impact on our results of the window size of the Butterworth filter, and found that150

our findings are robust at least within a range of 20-100 years filter window (not shown). Leads and lags at multi-decadal time

scales are expected between the response of temperatures at a given location and either temperatures at another location or with

the AMOC. We investigate the importance of lead-lag relationships for the resulting correlation factors by allowing leads and

lags of maximum 100 years and thus finding the highest possible correlation. These results will be referred to as ’lagged’ in

the remainder of the manuscript while ‘non-lagged’ refers to a default lag of zero years. This calculation is generally done per155
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continental-scale region, except in Figure 3 where it is done for all grid cells. Our definition of the continental-scale regions is

shown in Figure A1.

3 Results

The iLOVECLIM perturbed-parameter ensemble of past two millenia simulations allows us to investigate the effect of the

amount of ocean-driven internal climate variability on both continental-scale temperature variability and on spatial temperature160

covariance. In the following the results for these two aspects will be presented together with a comparison with the results for

CMIP5 last millennium simulations, PAGES-2k temperature reconstructions and observational data-sets.

3.1 Temperature variability

The iLOVECLIM ensemble shows a wide range of temperature evolutions for the 8 continental-scale regions (Figure 1). Sub-

stantial differences between the ensemble members are simulated for North America, the Arctic, Asia and Europe. For those165

regions, the amount of variability varies up to a factor of three over the ensemble, showing the large impact of AMOC variabil-

ity on continental-scale temperature variability in the NH. For South America, Antarctic, Africa and Australasia, the amount

of temperature variability is largely unchanged.

Overall the amount of continental-scale temperature variability in the iLOVECLIM ensemble and the range found over all

ensemble members compares favourably with the results of the selected CMIP5 large millennium simulations (Figure 1). This170

is especially true for Antarctica, North America, Asia and Europe. For some regions iLOVECLIM underestimates variability

(South America, Australasia and to a lesser extent Africa) while for the Arctic iLOVECLIM overestimates variability.

When comparing the simulated results with the different CFR-based reconstructions of continental-scale temperature vari-

ability (including the original PAGES2013 reconstructions; Figure 1), a complex picture emerges. The range of variability in

both the iLOVECLIM and CMIP5 model results is in agreement with the reconstructions for some continental-scale regions175

(Antarctica, South America, North America, Asia and to some degree also Europe and Africa), while in others either the

iLOVECLIM (Australasia) or the CMIP5 (Arctic) are in better agreement.

The importance of the AMOC changes in driving temperatures as simulated with iLOVECLIM differs largely per continental-

scale region. We find that for Antarctic, South America and Australasia, the correlation between continental-scale temperature180

time-series and AMOC time-series is low to modest, ranging from 0.1 to 0.5 over the ensemble (Figure 2). For the other regions

the temperature-AMOC correlation is higher and ranges from 0.5 up to 0.9. Moreover, it seems that for all continental-scale

regions, ensemble members with little AMOC variability (Figure 3) tend to have smaller temperature-AMOC correlations and

those with higher AMOC variability tend to show higher correlations. However, the relationship is far from straighforward

and this will become more evident in the following section when we look at the corresponding spatial temperature covariance185

structure.
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3.2 Spatial temperature covariance

Inter-continental temperature correlations

The amount and characteristics of AMOC variability in a simulation not only impacts temperature variability on a site-by-

site basis, but it also strongly shapes the spatial temperature covariance structure. The different AMOC time-series (Figure190

3), show multi-decadal to multi-centennial AMOC variability in all simulations. However, the magnitude ranges from under

3Sv in experiment 1 to up to 10Sv in experiment 7. Moreover, these results show that not only the amplitude of the AMOC

variations is important, but also the dominant frequency. For instance, in ensemble members 3 and 6, we find strong but short-

lived variations in the AMOC that only correlate with temperature variations in the northern North Atlantic. On the contrary,

longer-lived AMOC variations as found in for instance ensemble members 2, 4 and 7, impact temperatures throughout the195

Northern Hemisphere. An in-depth discussion on the underlying mechanisms is not the scope of this manuscript, but various

AMOC modes have been described previously for the iLOVECLIM model (e.g. Friedrich et al., 2010; Goosse and Renssen,

2004; Kessler et al., 2020; Kim et al., 2021).

Because of the differences in the temperature fingerprint of the AMOC variations between the ensemble members, we also find

differences in the way inter-continental temperature correlations are affected. For a total of 7 out of all 28 possible temperature200

correlations between our continental regions, we find a significant (p<0.05) relationship with the amount of AMOC variability

(Figure 4), encompassing combinations of all continental-scale regions except Antarctica and South America. We note that

there can be two different reasons for a non-significant relationship between AMOC variability and a given inter-continental

temperature correlation, namely because both continents are not sufficiently affected by AMOC varibility, or that both conti-

nents are always strongly correlated to AMOC variability, no matter if this AMOC variability is strong or weak. We further205

note that all significant relationships are positive relationships, meaning that an increase in AMOC variability leads to a higher

degree of spatial coherency between continental-scale regions. Given that the impact of AMOC variability is mostly limited to

the Northern Hemisphere (Figure 3), one could expect inter-continental temperature correlations between continents on both

hemispheres to decrease with stronger AMOC variability (a negative slope in Figure 4), however, we do not find any such

relationships, neither significant or non-significant.210

Combining all inter-continental relationships creates an overview of the degree to which the temperature evolutions for the dif-

ferent continental-scale regions are related to one another (Figure 5, constructed following the approach of PAGES-2k-PMIP3,

2015). Overall we find that the characteristics of AMOC-induced temperature variability impacts the inter-continental tempera-

ture covariance structure. We use two members of the full iLOVECLIM perturbed parameter ensemble to illustrate the range of

possible solutions, while the results for all nine members of the iLOVECLIM ensemble can be found in Figure A2. Examples215

of clear changes in intercontinental correlations are between the Arctic and Africa, Africa and Europe or for instance Asia

and North America. For some other regions, the correlations remain mostly low (Antarctic, South America and Australasia),

while between other regions the correlations are always relatively high (North America with Europe, North America with the

Arctic, and between Europa, Africa and Asia). Whether or not we optimize the correlations by considering possible lead-lag

relationships does not lead to large changes (compare Figure A2 and Figure A3). The four CMIP5 last millennium simulations220
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that are used for comparison in our analysis, highlight that also for different climate models the strength of the inter-continental

temperature correlations ranges from overall low (MRI-CGCM3) to overall high (MIROC-ESM). Taking the CMIP5 simula-

tions into consideration it appears that the inter-continental temperature correlations that are always low or relatively high over

the iLOVECLIM ensemble are not a robust feature of climate models in general.

The inter-continental temperature correlations based on the temperature reconstructions yields widely varying results for the225

different CFR methods (Figure 6), a range that is not unlike the results obtained for the climate models. The CFR methods

that use climate model input to generate the field reconstructions (see method section) generally show high inter-continental

temperature correlations (AM and DA), while the CFR methods that use observational constraints to generate field recon-

structions show relatively low inter-continental temperature correlations (CCA, PCR and GraphEM). The CFR method that is

used to extend the point-data to a full global coverage thus has a large impact on the resulting spatio-temporal temperature230

covariance structure. Not applying a CFR method, but using the original PAGES2013 temperature time-series for the different

continental-scale regions (Figure 6) results in lower correlations than those found in the results based on any model or CFR.

The CFRs include an estimate of the uncertainty by means of an 100-member ensemble (Neukom et al., 2019). We find that

the inter-continental correlations are impacted by how we take this uncertainty into account. We show this by comparing two

different ways to compute the multi-method-mean (Figure 6). One can either calculate the inter-continental correlation for235

every individual ensemble member before calculating the ensemble mean inter-continental correlations (Figure 6); or one can

calculate the ensemble mean temperature time-series per grid cell and based on that calculate the inter-continental correlations

(Figure A4). In the latter approach one averages out some variability before calculating the inter-continental correlations, lead-

ing the overall higher multi-method-mean results.

Possibly, the low inter-continental correlations between the original PAGES2013 temperature time-series results from the sub-240

sampling of a small number of sites per continental-scale region. We test this using the iLOVECLIM ensemble by randomly

picking a small number of sites per region and calculate the correlations based on that. We find that depending on the sites that

are randomly picked, the inter-continental correlations are at best similar to those based on the full-region data, but can also

be much lower (Figure A5). The lower-end results for some perturbed parameter ensemble members approaches the original

PAGES2013 based inter-continental correlations (Figure 6).245

Land-sea contrast in temperature variability

Another way to compare reconstructed and simulated spatio-temporal temperature correlations are the differences in tem-

perature variability between land and ocean at a given latitude. Before studying simulated and reconstructed long-term (>50

years) land-sea temperature variability ratios in the past two millenia, we first investigate how well climate models and the250

PAGES-based CFR compare with observational data sets for the period 1850-2000 (Figure 7). Note that in contrast with all

other analyses presented in this manuscript, for this comparison with more recent observations the time series are too short to

use 50-year smoothed data and instead we use annual mean temperature time-series. However, the antropogenic global warm-

ing signal is removed by detrending the time-series using a second-order polynomial fit. The iLOVECLIM ensemble shows

land-sea temperature variability ratios close to one for nearly all latitudes. The exceptions are the high latitudes in both hemi-255
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spheres at which ocean temperature variability dominates, and the NH mid-latitudes where continental temperature variability

is larger. The spread over the iLOVECLIM perturbed-parameter ensemble is relatively small. For the mid-to-high latitudes of

both hemispheres the CMIP5 simulations and the iLOVECLIM are in reasonable agreement, however, for the latitudes roughly

between 40◦and 10◦in both hemispheres, the CMIP5 simulations suggest much more temperature variability over land than

over the oceans, with values up to a ratio of 2 to 3. The two observational data-sets that we show here for validation, ERA5 and260

HadCrut4_GraphEM generally show land-sea temperature variability ratios close to unity. This is not unlike the iLOVECLIM

ensemble, but quite different from the CMIP5 results for the latitudes between 40◦and 10◦. MIROC-ESM differs from the other

models and the obvservational data-sets with land-sea temperature variability ratio values of around two in the low latitudes.

It is notable that both observational data-sets are also rather different in many places. One possible cause of these differences

could be the fact that both observational products cover a different period in time (1850-2000 versus 1979-2019). However, we265

find that this has only a minor impact (Figure A6). The cause for the differences should thus be sought in underlying method-

ological differences of both observational products.

The PAGES-2k CFR methods also show many latitudes with land-sea temperature variability ratios close to unity (Figure 7),

in line with the observations and the iLOVECLIM ensemble. However, there is a substantial spread amongst the different CFR

methods and there is a large bias in the latitude-band 30◦N to 70◦N in which the CFR methods show substantially more tem-270

perature variability over the continents than over the oceans. Even though both models and most CFR methods are constructed

using observational information, this validation shows that this does not guarantee a good agreement for higher order metrics

like land-sea temperature variability ratios.

Now we turn again to variability on longer, multi-decadal to multi-centennial, time scales (Figure 8). The iLOVECLIM ensem-

ble shows results for the past 2000 years that are largely comparable with the observational period, except for much smaller275

land-sea temperature variability ratios for the mid-to-high latitudes of the NH. In that region, the model simulates a large impact

of the amount of AMOC variability, resulting in ratios that range between 50% more ocean variability than land variability,

up to 250% more ocean variability. The different CMIP5 last millennium simulations are overall in good agreement with each

other and they show results that are in line with CMIP5 results for the observational period. The main difference being, in line

with the iLOVECLIM ensemble, smaller ratios for the high latitudes of both hemispheres, indicating increased ocean temper-280

ature variability relative to land variability on these time-scales.

The PAGES CFR-based land-sea temperature variability ratios for the past two millenia are again largely comparable with the

CFR-based results for the observational period. The main difference is higher ratios in the DA-method for the mid-latitudes

of the SH and higher ratios in both the DA-method and the GraphEM-method for the mid-latitudes of the NH, meaning that

in both cases land temperature variability has increased relative to ocean variability. Comparing figures Figure A7 and Figure285

A9, it appears that the PAGES CFR-based land-sea temperature variability ratios for the past two millenia are biased high for

the mid-latitudes of the NH because they underestimate temperature variability over the mid-latitude oceans.

Because of the similarities for all data-sets between the results for the observational period and the past two millenia, we still

face a large discrepancy between the different model results, between models and the reconstructions and between the different

reconstruction-based CFR methods (Figure 8). The main differences are ratios larger than unity for the CMIP5 models at all290
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latitudes equatorward of 40◦, where the iLOVECLIM ensemble and the PAGES-2k results suggest values close to unity, except

for values smaller than one in the reconstruction close to the equator. For the mid-to-high latitudes of the SH the models agree

quite well with each other with more variability in the ocean than over land, while the reconstructed ratios are close to unity.

The main discrepancy is found in the mid-latitudes of the NH. There the iLOVECLIM ensemble shows much more variability

in the ocean and increasingly so with stronger AMOC variability, the CMIP5 results suggest land-sea temperature variability295

ratios close to or just below unity, and the CFR-based results show much stronger variability over the continents than over the

oceans.

It is important to note that these land-sea temperature variability ratios only give information on relative differences between

temperature variability over land and oceans. If we look at the individual terms we see, for instance, that the iLOVECLIM

ensemble simulates more variability both over the continents and over the ocean for the mid-to-high latitudes of the NH com-300

pared to the CMIP5 simulations (Figure A7). On the other hand, the iLOVECLIM ensemble simulates too little variability

over both the tropical oceans and continents (Figure A7), leading to land-sea temperature variability ratios in the tropics that

are very comparable to those simulated by the CMIP5 models (close to unity), but for the wrong reasons. The lack of tropical

climate variability in iLOVECLIM is a know bias in the model (Goosse et al., 2010).

305

4 Discussion & Conclusion

We have presented a perturbed-parameter ensemble of the iLOVECLIM Earth system model that is designed in order to have

a large spread in simulated AMOC behavior in terms of magnitude and frequency of centennial AMOC fluctuations. Com-

bined with the PAGES-2k temperature reconstructions (Neukom et al., 2019) and a selected number of CMIP5 last millennium

simulations, this allows us to discuss the potential importance of AMOC variability in driving centennial-scale temporal and310

spatio-temporal temperature variability over the past two millenia.

In the iLOVECLIM ensemble, the AMOC plays an important role in driving centennial temporal temperature variability,

however the spatial extent of this impact differs strongly, from a regional northern North Atlantic impact, to a hemispheric

wide impact. Previous work has also shown climate models in which the AMOC is an important driver of centennial climate315

variability (e.g. Knight et al., 2005).

Previous studies looking at temperature variability in the time-domain have suggested that climate models simulate too little

variability on multi-decadal and longer time scales compared to proxy-based reconstructions (Laepple and Huybers, 2014;

PAGES-2k-PMIP3, 2015). Comparing the iLOVECLIM ensemble and CMIP5 simulations for the past two millenia with the

PAGES-2k continental-scale temperature reconstructions we don’t find such a model-data mismatch on the multi-decadal to320

multi-centennial time scales. Given the spread in both reconstructed and simulated continental-scale temperature variability, we

find that model and data results either overlap, or that the models suggest slightly more variability. From our results and given

the large uncertainty in reconstructed continental-scale temperature variability, it is not clear if increased AMOC variability

10



would lead to a better model-data comparison in terms of continental-scale temporal temperature variability.

Increasing the strength of internal modes of climate variability like those related to the AMOC, not only increase temperature325

variability at a given site, but it can also change the temperature correlations between different continental-scale regions. We

find that for 7 out of the total of 28 possible inter-continental temperature correlations there is a positive correlation with the

magnitude of AMOC variability. None of the inter-continental temperature correlations show a significantly negative corre-

lation with the magnitude of AMOC variability. This happen whether or not we correct for possible lead-lag relationships

within the system. This implies that, in line with previous suggestions (PAGES-2k-PMIP3, 2015), enhanced internal climate330

variability, in our case driven by the AMOC, leads to an enhance in the spatio-temporal temperature covariance by increasing

the strength of climatic teleconnections between regions. Previous studies have suggested that models simulate too high inter-

continental temperature correlations (PAGES-2k-PMIP3, 2015), and our results suggest that enhanced AMOC-related climate

variability will not resolve such a model-data discrepancy. Possibly, mechanisms of centennial climate variability that have

a more local impact could lead to a decrease in the simulated spatio-temporal temperature covariance structure, or perhaps a335

mixture of various large-scale modes of variability. However, comparing the inter-continental temperature correlations based

on the iLOVECLIM ensemble, the CMIP5 models, the diferent CFR’s and the original PAGES2013 reconstructions, we con-

clude that the spread in the results based on both models and reconstructions is so large that we cannot confirm the previously

suggested model-data mismatch in terms of inter-continental temperature correlations.

340

Our comparison of reconstructed and simulated land-sea ratios in terms of temperature variability revealed large differences:

between the iLOVECLIM results and the CMIP5 results, between the various CMIP5 simulations and between the CFR’s. As

a result, we conclude that available temperature reconstructions of the past two millenia are very uncertain and do currently

not provide constraints on model results. Part of the reason why the reconstructed land-sea ratios are so uncertain is possibly

because they are based on continental temperature proxies, not directly on sea-surface temperature proxies. As a result, the345

CFR methods play a large role extrapolating continental atmospheric temperature onto neighboring ocean regions. Acknowl-

edging that the temperature reconstructions reflect atmospheric temperatures over the ocean rather than SSTs did improve the

model-data comparison in our analysis, but large biases remain (Figures A7 and A8). One can also compare the simulated SSTs

and the CFR-based ‘ocean temperatures’ with a data-set of actual SST reconstructions over the past two millenia (McGregor

et al., 2015). However, we find that the amount of reconstructed local SST variability (McGregor et al., 2015) is roughly an350

order of magnitude larger than the variability in either iLOVECLIM, CMIP5 or the CFR-based temperature estimates (Figures

A10 and A11). Note that the SST reconstructions are a collection of individual records, not a CFR, so this comparison is

done on a site-by-site basis. In fact, compared to the large discrepancy with the SST reconstructions, the iLOVECLIM and the

CFR-based temperature estimates are in much better agreement with each other (Figure A12). The mismatch we find with the

SST reconstructions of McGregor et al. (2015) seems relevant because some previous indications of model-data mismatches in355

terms of long-term temperature variability were based on similar SST reconstructions (Laepple and Huybers, 2014). More in-

depth studies are need to understand and resolve the differences between reconstructed point-based temperature variability on

the one hand, and temperature variability in coarse resolution products (2-5◦ in this study), like model results and CFR-based
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reconstructions, on the other hand. Our findings suggest that increasing AMOC-related climate variability does not signifi-

cantly improve the model-data comparison of multi-decadal to multi-centennial local ocean temperature variability.360

CFR-based reconstructions are in reasonable agreement with each other for first order variables like continental-scale temper-

ature time series and variability. However, for higher order metrics like inter-continental temperature correlations or land-sea

contrast, the differences between the various CFR methods is substantially increased. The uncertainty in these CFR-based

higher order metrices is even larger when taking into account the uncertainty within the individual CFR methods given by365

the 100 ensemble members (compare for instance the inter-continental temperature correlations in Figure A3 and Figure 6).

Neukom et al. (2019) suggest to only use the multi-method mean over the six CFR methods, but doing so it would remain

unclear how large the uncertainty of the resulting spatio-temporal temperature reconstructions is, hampering the model-data

comparison.

Despite the fact that over 500 reconstructed temperature time series cover the past two millenia with relatively small age un-370

certainties (Ahmed et al., 2013; PAGES-2k-PMIP3, 2015), uncertainties in the resulting CFR’s remain relatively large. This,

in combination with the relatively small magnitude multi-decadal to multi-centennial temperature variations on the continental

scale (for most regions the standard deviation is below 0.2 K), leads to unfavorable signal-to-noise ratios and continuing diffi-

culty to constrain climate model simulations using temperature reconstructions of the past two millenia.

375

AMOC variability is often thought to be a prominent player in driving multi-decadal to multi-centennial climate change.

Indeed our iLOVECLIM perturbed-parameter ensemble shows a large impact of AMOC variability on both continental-scale

temperature variability as well as the spatio-temporal temperature correlations between the various continents. However, com-

paring the iLOVECLIM results with the PAGES-2k continental scale temperature reconstructions and a selection of CMIP5

past millennium simulations, reveals that uncertainties in both model results and temperature reconstructions hamper our abil-380

ity to determine the importance of AMOC variability for the climatic evolution over the past two millenia from large-scale

diagnostics as the one applied here. It thus remains unclear which magnitude of AMOC variability would lead to a better

agreement between simulated and reconstructed temperatures for the past two millenia.
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Author contributions. PB designed the study and performed the climate model experiments. PB, HG and DR analyzed the results and wrote

the manuscript.

12

https://doi.org/10.5281/zenodo.6675429


Competing interests. The authors declare that no competing interests are present.

Acknowledgements. TEXT

13



References390

Ahmed, M., Anchukaitis, K. J., Asrat, A., Borgaonkar, H. P., Braida, M., Buckley, B. M., Büntgen, U., Chase, B. M., Christie, D. a., Cook,

E. R., Curran, M. a. J., Diaz, H. F., Esper, J., Fan, Z.-X., Gaire, N. P., Ge, Q., Gergis, J., González-Rouco, J. F., Goosse, H., Grab, S. W.,

Graham, N., Graham, R., Grosjean, M., Hanhijärvi, S. T., Kaufman, D. S., Kiefer, T., Kimura, K., Korhola, A. a., Krusic, P. J., Lara, A.,

Lézine, A.-M., Ljungqvist, F. C., Lorrey, A. M., Luterbacher, J., Masson-Delmotte, V., McCarroll, D., McConnell, J. R., McKay, N. P.,

Morales, M. S., Moy, A. D., Mulvaney, R., Mundo, I. a., Nakatsuka, T., Nash, D. J., Neukom, R., Nicholson, S. E., Oerter, H., Palmer,395

J. G., Phipps, S. J., Prieto, M. R., Rivera, A., Sano, M., Severi, M., Shanahan, T. M., Shao, X., Shi, F., Sigl, M., Smerdon, J. E., Solomina,

O. N., Steig, E. J., Stenni, B., Thamban, M., Trouet, V., Turney, C. S., Umer, M., van Ommen, T., Verschuren, D., Viau, A. E., Villalba, R.,

Vinther, B. M., von Gunten, L., Wagner, S., Wahl, E. R., Wanner, H., Werner, J. P., White, J. W., Yasue, K., and Zorita, E.: Continental-scale

temperature variability during the past two millennia, Nature Geoscience, 6, 503–503, https://doi.org/10.1038/ngeo1849, 2013.

Anchukaitis, K. and Smerdon, J.: Progress and uncertainties in global and hemispheric temperature reconstructions of the Common Era,400

Quaternary Science Reviews, 286, 2022.

Anchukaitis, K. J., Buckley, B. M., Cook, E. R., Cook, B. I., D’Arrigo, R. D., and Ammann, C. M.: Influence of volcanic eruptions on the

climate of the Asian monsoon region, Geophysical Research Letters, 37, 1–5, https://doi.org/10.1029/2010GL044843, 2010.

Braconnot, P., Harrison, S. P., Kageyama, M., Bartlein, P. J., Masson-Delmotte, V., Abe-Ouchi, A., Otto-Bliesner, B., and Zhao, Y.: Evaluation

of climate models using palaeoclimatic data, Nature Climate Change, 2, 417–424, https://doi.org/10.1038/nclimate1456, 2012.405

Copernicus Climate Change Service: ERA5: Fifth generation of ECMWF atmospheric reanalyses of the global climate. Data of access:

8-5-2022, Copernicus Climate Change Service Climate Data Store (CDS), https://cds.climate.copernicus.eu/cdsapp#!/home, 2017.

Deser, C., Phillips, A., Bourdette, V., and Teng, H.: Uncertainty in climate change projections: The role of internal variability, Climate

Dynamics, 38, 527–546, https://doi.org/10.1007/s00382-010-0977-x, 2012.

Franke, J., Brönnimann, S., Bhend, J., and Brugnara, Y.: A monthly global paleo-reanalysis of the atmosphere from 1600 to 2005 for studying410

past climatic variations, Quaternary Science Reviews, 4, 2016.

Friedrich, T., Timmermann, A., Menviel, L., Elison Timm, O., Mouchet, A., and Roche, D. M.: The mechanism behind internally generated

centennial-to-millennial scale climate variability in an earth system model of intermediate complexity, Geoscientific Model Development,

3, 377–389, https://doi.org/10.5194/gmd-3-377-2010, 2010.

Goosse, H. and Renssen, H.: Exciting natural modes of variability by solar and volcanic forcing: Idealized and realistic experiments, Climate415

Dynamics, 23, 153–163, https://doi.org/10.1007/s00382-004-0424-y, 2004.

Goosse, H., Brovkin, V., Fichefet, T., Haarsma, R., Huybrechts, P., Jongma, J., Mouchet, A., Selten, F., Barriat, P. Y., Campin, J. M.,

Deleersnijder, E., Driesschaert, E., Goelzer, H., Janssens, I., Loutre, M.-F., Morales Maqueda, M. A., Opsteegh, T., Mathieu, P. P.,

Munhoven, G., Pettersson, E. J., Renssen, H., Roche, D. M., Schaeffer, M., Tartinville, B., Timmermann, A., and Weber, S. L.: De-

scription of the Earth system model of intermediate complexity LOVECLIM version 1.2, Geoscientific Model Development, 3, 603–633,420

https://doi.org/10.5194/gmd-3-603-2010, 2010.

Hartl-Meier, C. T., Büntgen, U., Smerdon, J. E., Zorita, E., Krusic, P. J., Ljungqvist, F. C., Schneider, L., and Esper, J.: Temperature Co-

variance in Tree Ring Reconstructions and Model Simulations Over the Past Millennium, Geophysical Research Letters, 44, 9458–9469,

https://doi.org/10.1002/2017GL073239, 2017.

14

https://doi.org/10.1038/ngeo1849
https://doi.org/10.1029/2010GL044843
https://doi.org/10.1038/nclimate1456
https://cds.climate.copernicus.eu/cdsapp#!/home
https://doi.org/10.1007/s00382-010-0977-x
https://doi.org/10.5194/gmd-3-377-2010
https://doi.org/10.1007/s00382-004-0424-y
https://doi.org/10.5194/gmd-3-603-2010
https://doi.org/10.1002/2017GL073239


Jungclaus, J. H., Bard, E., Baroni, M., Braconnot, P., Cao, J., Chini, L. P., Egorova, T., Evans, M., Gonzalez-Rouco, J. F., Goosse, H.,425

Hurtt, G. C., and Joos, F.: Supplement of The PMIP4 contribution to CMIP6 – Part 3 : The last millennium , scientific objective , and

experimental design for the PMIP4 past1000 simulations, Geoscientific Model Development, 10, 4005–4033, 2017.

Kessler, A., Bouttes, N., Roche, D. M., Ninnemann, U. S., and Tjiputra, J.: Dynamics of Spontaneous (Multi) Centennial-Scale Variations

of the Atlantic Meridional Overturning Circulation Strength During the Last Interglacial, Paleoceanography and Paleoclimatology, 35,

https://doi.org/10.1029/2020PA003913, 2020.430

Kim, H. J., An, S. I., and Kim, D.: Timescale-dependent AMOC–AMO relationship in an earth system model of intermediate complexity,

International Journal of Climatology, 41, E3298–E3306, https://doi.org/10.1002/joc.6926, 2021.

Knight, J. R., Allan, R. J., Folland, C. K., Vellinga, M., and Mann, M. E.: A signature of persistent natural thermohaline circulation cycles in

observed climate, Geophysical Research Letters, 32, 1–4, https://doi.org/10.1029/2005GL024233, 2005.

Kunz, T. and Laepple, T.: Frequency-dependent estimation of effective spatial degrees of freedom, Journal of Climate, 34, 7373–7388,435

https://doi.org/10.1175/JCLI-D-20-0228.1, 2021.

Laepple, T. and Huybers, P.: Ocean surface temperature variability: large model-data differences at decadal and longer periods., Proceedings

of the National Academy of Sciences of the United States of America, 111, 16 682–16 687, https://doi.org/10.1073/pnas.1412077111,

2014.

Ljungqvist, F., Seim, A., Krusic, P., González-Rouco, J., Werner, J., Cook, E., Zorita, E., Luterbacher, J., Xoplaki, E., Destouni, G., García440

Bustamante-Bustamante, E., Melo-Aguilar, C., Seftigen, K., Wang, J.v Gagen, M., Esper, J., Fleitmann, D., Solomina, O., and Büntgen,

U.: Warm-season temperature and hydroclimate co-variability across Europe since 850 CE, Environ. Res. Lett., 14, 2019.

Loutre, M.-F., Mouchet, A., Fichefet, T., Goosse, H., Goelzer, H., and Huybrechts, P.: Evaluating climate model performance with various

parameter sets using observations over the recent past, Climate of the Past, 7, 511–526, https://doi.org/10.5194/cp-7-511-2011, 2011.

Luterbacher, J., Werner, J. P., Smerdon, J. E., Fernández-Donado, L., González-Rouco, F. J., Barriopedro, D., Ljungqvist, F. C., Büntgen, U.,445

Zorita, E., Wagner, S., Esper, J., McCarroll, D., Toreti, A., Frank, D., Jungclaus, J. H., Barriendos, M., Bertolin, C., Bothe, O., Brázdil,

R., Camuffo, D., Dobrovolný, P., Gagen, M., García-Bustamante, E., Ge, Q., Gómez-Navarro, J. J., Guiot, J., Hao, Zv Hegerl, G. C.,

Holmgren, K., Klimenko, V. V., Martín-Chivelet, J., Pfister, C., Roberts, N., Schindler, A., Schurer, A., Solomina, O., von Gunten, L.,

Wahl, E., Wanner, H., Wetter, O., Xoplaki, E., Yuan, N., Zanchettin, D., Zhang, H., and Zerefos, C.: European summer temperatures since

Roman times, Environ. Res. Lett., 11, 2016.450

McGregor, H. V., Evans, M. N., Goosse, H., Leduc, G., Martrat, B., Addison, J. A., Mortyn, P. G., Oppo, D. W., Seidenkrantz, M.-S., Sicre,

M.-A., Phipps, S. J., Selvaraj, K., Thirumalai, K., Filipsson, H. L., and Ersek, V.: Robust global ocean cooling trend for the pre-industrial

Common Era, Nature Geoscience, 8, 671–677, https://doi.org/10.1038/ngeo2510, 2015.

Moreno-Chamarro, E., Zanchettin, D., Lohmann, K., Luterbacher, J., and Jungclaus, J.: Winter amplification of the European Little Ice Age

cooling by the subpolar gyre, Nature Sci. Reports, 7, 2017.455

Morice, C. P., Kennedy, J. J., Rayner, N. A., and Jones, P. D.: Quantifying uncertainties in global and regional temperature change us-

ing an ensemble of observational estimates: The HadCRUT4 data set, Journal of Geophysical Research Atmospheres, 117, 1–22,

https://doi.org/10.1029/2011JD017187, 2012.

Neukom, R., Steiger, N., Gómez-Navarro, J. J., Wang, J., and Werner, J. P.: No evidence for globally coherent warm and cold periods over

the preindustrial Common Era, Nature, 571, 550–554, https://doi.org/10.1038/s41586-019-1401-2, 2019.460

Niederdrenk, A. L. and Notz, D.: Arctic Sea Ice in a 1.5°C Warmer World, Geophysical Research Letters, 45, 1963–1971,

https://doi.org/10.1002/2017GL076159, 2018.

15

https://doi.org/10.1029/2020PA003913
https://doi.org/10.1002/joc.6926
https://doi.org/10.1029/2005GL024233
https://doi.org/10.1175/JCLI-D-20-0228.1
https://doi.org/10.1073/pnas.1412077111
https://doi.org/10.5194/cp-7-511-2011
https://doi.org/10.1038/ngeo2510
https://doi.org/10.1029/2011JD017187
https://doi.org/10.1038/s41586-019-1401-2
https://doi.org/10.1002/2017GL076159


Otto-Bliesner, B. L., Brady, E. C., Fasullo, J., Jahn, A., Landrum, L., Stevenson, S., Rosenbloom, N., Mai, A., and Strand, G.: Climate vari-

ability and change since 850 ce an ensemble approach with the community earth system model, Bulletin of the American Meteorological

Society, 97, 787–801, https://doi.org/10.1175/BAMS-D-14-00233.1, 2016.465

PAGES-2k-PMIP3: Continental-scale temperature variability in PMIP3 simulations and PAGES 2k regional temperature reconstructions over

the past millennium, Climate of the Past, 11, 1673–1699, https://doi.org/10.5194/cp-11-1673-2015, 2015.

PAGES2k-Consortium: A global multiproxy database for temperature reconstructions of the Common Era, Scientific data, 4, 170 088,

https://doi.org/10.1038/sdata.2017.88, 2017.

Roche, D. M., Crosta, X., and Renssen, H.: Evaluating Southern Ocean sea-ice for the Last Glacial Maximum and pre-industrial climates:470

PMIP-2 models and data evidence, Quaternary Science Reviews, 56, 99–106, https://doi.org/10.1016/j.quascirev.2012.09.020, 2012.

Rohde, R. A. and Hausfather, Z.: The Berkeley Earth Land/Ocean Temperature Record, Earth System Science Data, 12, 3469–3479,

https://doi.org/10.5194/essd-12-3469-2020, 2020.

Schmidt, G. A.: Enhancing the relevance of palaeoclimate model/ data comparisons for assessments of future climate change, Journal of

Quaternary Science, 25, 79–87, https://doi.org/10.1002/jqs.1314, 2010.475

Schmidt, G. a., Bader, D., Donner, L. J., Elsaesser, G. S., Golaz, J.-C., Hannay, C., Molod, A., Neale, R. B., and Saha, S.: Practice and

philosophy of climate model tuning across six US modeling centers, Geoscientific Model Development, 10, 2307–3223, https://doi.org/

10.5194/gmd-10-3207-2017, 2017.

Shi, Y., Gong, W., Duan, Q., Charles, J., Xiao, C., and Wang, H.: How parameter specification of an Earth system model of intermediate

complexity influences its climate simulations, Progress in Earth and Planetary Science, 6, https://doi.org/10.1186/s40645-019-0294-x,480

2019.

Stoffel, M., Khodri, M., Corona, C., Guillet, S., Poulain, V., Bekki, S., Guiot, J., Luckman, B. H., Oppenheimer, C., Lebas, N., Beniston,

M., and Masson-Delmotte, V.: Estimates of volcanic-induced cooling in the Northern Hemisphere over the past 1,500 years, Nature

Geoscience, 8, 784–788, https://doi.org/10.1038/ngeo2526, 2015.

Taylor, K. E., Stouffer, R. J., and Meehl, G. A.: An Overview Of CMIP5 And The Experiment Design, Bulletin of the American Meteoro-485

logical Society, 93, 485–498, 2012.

Valdes, P.: Built for stability, Nature Geoscience, 4, 414–416, https://doi.org/10.1038/ngeo1200, 2011.

Wang, J., Yang, B., Ljungqvist, F., Luterbacher, J., Osborn, T., Briffa, K., and Zorita, E.: Internal and external forcing of multidecadal Atlantic

climate variability over the past 1200 years, Nature Geosci., 10, 512–517, 2017.

Zhang, H., Werner, J., García-Bustamante, E., González-Rouco, F., Wagner, S., Zorita, E., Fraedrich, K., Jungclaus, J., Zhu, X., Xoplaki, E.,490

Chen, F., Duan, J., Ge, Q., Hao, Z., Ivanov, M., Talento, S., Schneider, L., Wang, J., Yang, B., and Luterbacher, J.: East Asian warm season

temperature variations over the past two millennia, Nat. Sci. Reports, 8, 2018.

16

https://doi.org/10.1175/BAMS-D-14-00233.1
https://doi.org/10.5194/cp-11-1673-2015
https://doi.org/10.1038/sdata.2017.88
https://doi.org/10.1016/j.quascirev.2012.09.020
https://doi.org/10.5194/essd-12-3469-2020
https://doi.org/10.1002/jqs.1314
https://doi.org/10.5194/gmd-10-3207-2017
https://doi.org/10.5194/gmd-10-3207-2017
https://doi.org/10.5194/gmd-10-3207-2017
https://doi.org/10.1186/s40645-019-0294-x
https://doi.org/10.1038/ngeo2526
https://doi.org/10.1038/ngeo1200


Figure 1. Temperature variability (standard deviation in K) for different continental regions. Shown are the nine iLOVECLIM ensemble

members (left), results for the CMIP5 simulations (middle), ensemble means for the six different CFR-based results from the PAGES-2k

data-set (right; Neukom et al., 2019) and the temperature variability based on the original PAGES-2k time-series (Ahmed et al., 2013) for

the continental-scale regions for which this data is available. For North America, both the pollen-based and tree-based results are shown. For

the CESM results we show the mean of the standard deviation over the ensemble. Note the different y-axis. A 50-year Butterworth filter was

applied to all results except for the original PAGES-2k time-series which are 30-year averages.
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Figure 2. Correlation of continentally averaged temperature time-series with AMOC evolution in the iLOVECLIM ensemble. The different

experiments are shown in colors and the amount of AMOC variability (Sv) in the different experiment by the marker size. These results are

lagged correlations per continental time series.
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Figure 3. For the different ensemble members, the correlation factors (left-hand maps) between grid-based temperature time-series and the

AMOC anomalies (maximum overturning stream-function in North Atlantic below 500 m) are shown. These are lagged correlations on a

grid-cell basis. Also shown are the time-series of the AMOC (right-hand line-plots with units in Sv) with the AMOC standard deviation in

the top-left.
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Figure 4. Simulated relationship of lagged (red dots) inter-regional temperature correlations as a function of AMOC variability. Results and

the linear trend-lines are only shown when the relationship is significant (p<0.05; p-values given the bottom right). For reference, we also

show the non-lagged correlation results (blue dots). Calculating the lagged correlations is done per continental time series.
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Figure 5. Inter-continental temperature correlations for iLOVECLIM ensemble members 1 and 2, and for the CMIP5 last millennium simu-

lations. For the CESM results ensemble mean values were first calculated per grid cell before calculating the inter-continental correlations.

The iLOVECLIM results shown here are lagged correlations. See Figure A2 for the results of all iLOVECLIM ensemble members and see

Figure A3 for the non-lagged correlations.
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Figure 6. Reconstruction based inter-regional temperature correlations. Shown are the PAGES-2k results for the individual CFR meth-

ods (Neukom et al., 2019), two different ways to calculate the multi-method-multi-ensemble-mean, and the results based on the original

PAGES-2k temperature time series (Ahmed et al., 2013). The top six panels show the results in which individual inter-regional temperature

correlations are calculated for every ensemble member, after which the results are averaged for a single CFR. The multi-method-mean of

those results is shown on the left of the third row. Another method is to calculate ensemble mean temperature time series for every grid cell,

then regional averages and finally calculate inter-regional temperature correlations. The corresponding multi-method-mean is shown here in

the middle of the third row while the corresponding results for the individual CFRs are shown in Figure A4. Note that these results are non-

lagged correlations and that for the he results based on the original PAGES-2k temperature time series partially different continental-scale

regions are shown.
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Figure 7. Zonally averaged contrast in land-ocean temperature variability as a function of latitude over the observational period (>1850).

Atmospheric 2-m temperatures over the oceans are used to calculate ocean temperature variability. Results are shown for the 9-members

perturbed-parameter iLOVECLIM ensemble (numbers 1 to 9 in top panel), for four different CMIP5 last millennium simulations (top panel)

and the results for the six different CFR methods (lower panel). For comparison, in both panels results are shown for the ERA5 and HadCrut4

observational data sets. Note that the ERA5 data-set covers only the period 1979 to 2019. Grey (colored) shading in the top (lower) panel

shows the 1-sigma range of all CESM (CFR) ensemble members. Note that the y-axis scale in the right-hand panel is non-linear with for

instance 1/1.5 or 1/2 meaning that there is 50% or 100% more variability over the ocean than there is over the continents.
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Figure 8. Simulated (left) and reconstructed (right) zonally averaged contrast in land-ocean temperature variability as a function of latitude.

Atmospheric 2-m temperatures over the oceans are used to calculate simulated ocean temperature variability. In the left-hand panel results

are shown for the 9-members perturbed-parameter iLOVECLIM ensemble (numbers) and for four different CMIP5 simulations for the last

1000 years. Grey shading shows the 1-sigma range of all CESM ensemble members. The right-hand panel shows for all six different CFR

methods the 100-member 1-sigma range. Note that the y-axis scale is non-linear with for instance 1/1.5 or 1/2 meaning that there is 50%

or 100% more variability over the ocean than there is over the continents. Add CESM to legend in left-hand panel. The corresponding

temperature variability over the continents and over the oceans can be found in Figure A7 (model results) and Figure A9 (reconstructions).

The corresponding figure showing the simulated results when using SST’s instead of atmospheric 2-m temperatures over the ocean can be

found in Figure A8.
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Figure A1. Definition of the continental-scale regions that are used in the analysis. Shown here is the iLOVECLIM grid.

Appendix A: Appendix
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Figure A2. Inter-continental temperature correlations for all ensemble members. Top-left is the default simulation. Also indicated per exper-

iment is the magnitude of AMOC variability (standard deviation in Sv) by the size of the red dot in the upper right corner. These values are

lagged correlations. See Figure A3 for the results of the non-lagged correlations.
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Figure A3. Inter-continental temperature correlations for all iLOVECLIM ensemble members. Top-left is the default simulation. Also indi-

cated per experiment is the magnitude of AMOC variability (standard deviation in Sv) by the size of the red dot in the upper right corner. In

contrast to Figure 5, the values shown here are non-lagged correlations.
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Figure A4. PAGES-2k (Neukom et al., 2019) inter-regional temperature correlations for the individual CFR methods. In contrast to Figure

6, ensemble mean temperature time-series per grid cell are used here as the basis to calculate inter-regional temperature correlations for the

different CFRs. The multi-method-mean is shown in the lower left. Note that these results are non-lagged correlations.
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Figure A5. Inter-continental temperature correlations for all iLOVECLIM ensemble members based on a subsampling of all grid-cells.

We randomly pick 10 locations per continental region on which we base the continental-scale average temperature evolution. We do this a

total of 30 times and show here the resulting maximum (lower-left corner) and minimum (upper-right corner) inter-continental temperature

correlations. Top-left is the default simulation. The values shown here are lagged correlations.
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Figure A6. Zonally averaged contrast in observed land-ocean temperature variability as a function of latitude for different observational

periods. The full observational period for HadCrut4 (red) is 1850-2013 and for ERA5 (dark blue) 1979-2019. Shown for comparison are the

result for HadCrut4 (orange) and ERA5 (light blue) when only the period of overlap is used in the calculations (1979-2013). Note that the

y-axis scale in the right-hand panel is non-linear with for instance 1/1.5 or 1/2 meaning that there is 50% or 100% more variability over the

ocean than there is over the continents.
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Figure A7. Simulated zonally averaged contrast in land-ocean temperature variability as a function of latitude. Depicted are continental

variability (left-hand column), ocean variability (middle column) and the ratio of continental over ocean variability (right-hand-column).

Atmospheric 2-m temperatures over the oceans are used to calculate simulated ocean temperature variability. Results are shown for the

9-members perturbed-parameter iLOVECLIM ensemble (colors) and for three different CMIP5 simulations for the last 1000 years. Grey

shading shows the 1-sigma range of all CESM ensemble members. Note that the y-axis scale in the right-hand panel is non-linear with for

instance 1/1.5 or 1/2 meaning that there is 50% or 100% more variability over the ocean than there is over the continents.
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Figure A8. Simulated zonally averaged contrast in land-ocean temperature variability as a function of latitude. Depicted are continental

variability (left-hand column), ocean variability (middle column) and the ratio of continental over ocean variability (right-hand-column).

SSTs are used to calculate ocean temperature variability. Results are shown for the 9-members perturbed-parameter iLOVECLIM ensemble

(colors) and for three different CMIP5 simulations for the last 1000 years. Grey shading shows the 1-sigma range of all CESM ensemble

members. Note that the y-axis scale in the right-hand panel is non-linear with for instance 1/1.5 or 1/2 meaning that there is 50% or 100%

more variability over the ocean than there is over the continents.
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Figure A9. Reconstructed zonally averaged contrast in land-ocean temperature variability as a function of latitude. Depicted are continental

variability (left-hand column), ocean variability (middle column) and the ratio of continental over ocean variability (right-hand-column).

Resuls show for all six different CFR methods the 100-member 1-sigma range. Note that the y-axis scale is non-linear with for instance 1/1.5

or 1/2 meaning that there is 50% or 100% more variability over the ocean than there is over the continents.
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Figure A10. Local Ocean2K (McGregor et al. 2015) SST variability versus PAGES-2k data (Neukom et al., 2019) temperature variability at

same sites for the different CFR methods.
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Figure A11. Local Ocean2K (McGregor et al. 2015) SST variability versus simulated iLOVECLIM SST variability at same sites for the

iLOVECLIM ensemble members.
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Figure A12. Local temperature variability in the PAGES-2k dataset (Neukom et al. 2019) versus simulated iLOVECLIM SST variability at

Ocean2K locations. For the PAGES-2k dataset the six different CFR methods are shown in the individual panels. The vertical bars in the

panels shows the range of simulated iLOVECLIM variability over all ensemble members.
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Table A1. For the individual experiments of the perturbed-parameter ensemble of iLOVECLIM, the values of the 10 perturbed parameters

are given. Note that experiment 1 is the default. More information on the parameters is given in Table A2.

Exp. corAC corAS corAN ampwir expir relhmax evfac albcoef albice avkb

1 -0.25 -0.085 -0.085 1.0 0.4 0.83 1.0 0.95 0.44 1.50E-5

2 -0.1 -0.136 -0.085 1.0 0.4 0.83 1.0 0.95 0.44 1.50E-5

3 -0.1 -0.136 -0.085 0.51 0.52 0.68 0.98 0.92 0.41 8.53E-6

4 -0.1 -0.136 -0.085 0.85 0.22 0.8 0.55 0.98 0.43 8.53E-6

5 -0.1 -0.136 -0.085 0.77 0.29 0.82 0.56 0.92 0.38 1.8E-5

6 -0.25 -0.11 -0.11 0.51 0.52 0.68 0.98 0.92 0.41 8.53E-6

7 -0.25 -0.09 -0.09 0.59 0.24 0.86 0.97 1.03 0.41 1.01E-5

8 -0.25 -0.04 -0.04 0.74 0.32 0.8 0.94 1 0.42 3.97E-6

9 -0.25 -0.09 -0.09 0.55 0.41 0.88 0.51 0.94 0.4 1.1E-6
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Table A2. Meaning of the 10 parameters that are in used to construct the perturbed-parameter ensemble. Also given are the minimum and

maximum values that are used in the LHS procedure.

Parameter min max Description

corAC - - Precipitation correction in the Arctic [Sv]. Water moved from the Arctic to the Pacific.

Note: not part of the LHS, fixed values used.

corAS -0.1275 0 Precipitation corrections in the South Atlantic [Sv]. Water moved from the South Atlantic to the Pacific.

Note: in experiments 2-5 this parameter is not part of the LHS, instead fixed values are used.

corAN -0.1275 0 Precipitation corrections in the North Atlantic [Sv]. Water moved from the North Atlantic to the Pacific.

Note: in experiments 2-5 this parameter is not part of the LHS, instead fixed values are used.

ampwir 0.5 1.5 Scaling coefficient for the longwave radiation scheme

expir 0.2 0.6 Exponent for the longwave radiation scheme

relhmax 0.5 0.9 Precipitation also occurs if the total precipitable water below 500 hPa is above this relevant threshold.

evfac 0.5 1 Maximum evaporation factor over land.

albcoef 0.9 1.1 multiplied factor for the albedo of the ocean in LOVECLIM

albice 0.38 0.46 albedo of sea ice and snow.

avkb 1E-6 2.5E-5 Scaling factor for the minimum vertical diffusion coefficient in the ocean at all depths
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