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1 
Introduction 

 

Based on the instrumental temperature data, global mean surface air temperature has been 

increasing since at least the 1880s. The warming rate is around 0.05 °C decade−1 over the 

twentieth century but it has accelerated to 0.15–0.20 °C decade−1 since the 1970s [Morice et 

al., 2021; Osborn et al., 2021]. Putting those recent changes on a longer perspective, our planet 

has not yet experienced such warming characterized by its near-global spatial consistency over 

at least the past 2000 years according to the current Sixth Assessment Report from Working 

Group I of the Intergovernmental Panel on Climate Change (IPCC) [IPCC, 2021].  

  In the framework of the current global warming, polar regions are of great concern because 

of their critical importance for the global sea level rise [e.g., The IMBIE Team, 2020], carbon 

cycle [e.g., Wadham et al., 2019], and large-scale atmospheric/oceanic circulation changes 

[e.g., Post et al., 2019; Timmermans and Marshall, 2020]. Moreover, polar regions have 

already expressed high sensitivity and vulnerability to global warming. For instance, West 

Antarctica experienced one of the most rapid increase in surface air temperature (SAT) of the 

planet from 1951 to 2000, more than twice as fast as the global average [Steig et al., 2009; 

Bromwich et al., 2013]. This amplified warming, combined with complex atmosphere-ocean-

ice interactions in this region [e.g., Turner et al., 2016], could lead to large impacts on the mass 

balance of the Antarctic Ice Sheet and potentially to its stability [Etourneau et al., 2019; 

Verfaillie et al., 2022]. The Antarctic Ice Sheet is known to be the largest reservoir of fresh 

water on earth, thus becoming the largest potential source of global sea level rise. It is 

estimated to contribute to the sea level rise by 3 to 7 m by the year 2300 [Edwards et al., 2019], 

albeit the values remain highly uncertain [e.g., Pattyn and Morlighem, 2020].  

  Naturally occurring internal interactions between the atmosphere, ocean, land, and ice 

combined with the response to external forcings, such as orbital and solar variability, are 

responsible for climate variability from synoptic to multimillennial and longer time scales [e.g., 

Kunz and Laepple, 2021; Franzke al., 2020]. The climate variability at the multi-decadal and 

centennial time scales is particularly interesting because it occurs at the same time scale as 

anthropogenic climate change and may determine future changes in the coming decades and 
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centuries. If centennial variability is mainly forced by external influences on Earth's climate, 

then future changes may be predictable to the extent that future forcing trajectories can be 

known. If internally generated centennial variability is also large, then future changes will be 

strongly influenced by this internal variability too. As for Antarctica, such low-frequency 

variability is closely linked to the stability of the regional glaciers and the whole ice sheet mass 

balance [e.g., Etourneau et al., 2019]. In this thesis, we explore how to improve the 

reconstructions of centennial variability at high southern latitudes over the past two millennia 

by comparing and combining various sources of information derived from climate models and 

observations. 

1.1 Physical geography of Antarctica 

Antarctica is situated almost entirely south of the Antarctic Circle (66°33′49.1″) and is 

surrounded by the Southern Ocean (Fig. 1.1). Its unique position in the high latitudes of the 

Southern Hemisphere means that almost all of Antarctica has temperatures below freezing all 

year long. Snowfall is the main form of precipitation there and snow is transformed in ice 

through time. Nowadays, roughly 98% of the Antarctic continent is covered by the largest 

single mass of ice on Earth [Fretwell et al., 2013]. This ice mass is referred to as the Antarctic 

Ice Sheet (AIS), with an area of almost 14 million square kilometers and an average thickness 

of 2160 m [Fretwell et al., 2013].  

  The AIS is often divided into three main sectors: East Antarctica, West Antarctica, and the 

much smaller Antarctic Peninsula (AP). The physical geography of these three sectors is 

briefly introduced below. 

• The Antarctic Peninsula is covered by a narrow rocky mountain range, like a finger 

pointing towards the tip of South America (Fig. 1.1). Those mountains reach more than 

2,000 meters high and run north-south, forming a very effective barrier to the 

circumpolar winds. This topographic barrier is thus associated with strong Foehn winds 

over the western Antarctic Peninsula, raising air temperature there, and inducing 

melting of the snow and the ice shelves [e.g., Kirchgaessner et al., 2021] 

• East Antarctica, lying on the east of the Transantarctic Mountains, constitutes the 

majority (two-thirds) of the Antarctic continent. Most of the East Antarctic coastline is 

adjacent to the Indian Ocean, and thus the coastal regions are largely influenced by 

marine air intrusions. The interior of East Antarctica is covered by the Antarctic Plateau, 

which ranges from 2,000 to 4,100 meters above sea level (Fig. 1.1). This large 

difference in altitude induces distinct climates between the coastal and interior regions 

[e.g., Ghilain et al., 2022].  

• West Antarctica is situated west of the Transantarctic Mountains. It lies between the 

Ross Sea (partly covered by the Ross Ice Shelf), and the Weddell Sea (partly covered 

by the Filchner-Ronne Ice Shelf), and is bordered by the Pacific sector of the Southern 
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Ocean (Fig. 1.1). It is covered by the West Antarctic Ice Sheet (WAIS), flowing down 

from the Transantarctic Mountains. The relatively low altitude (850 m on average) 

allows frequent interactions with the surrounding seas.  

 

 

Figure 1.1：  Location of Antarctica on the earth (left) and the sites mentioned in the 

manuscript. Background map from British Antarctic Survey Data 

(https://www.bas.ac.uk/data/our-data/maps/geological-maps/).  

1.2 Current Antarctic climate changes and possible mechanisms 

The Antarctic climate is characterized by a strong coupling between the atmosphere, the ocean 

and the ice [Thompson and Solomon, 2002; Goosse et al., 2009; Fan et al., 2014]. One 

hallmark of the recent climate changes is the large spatial asymmetry for the recent trend in 

the surface air temperature between East and West Antarctica [Nicolas and Bromwich, 2014; 

Turner et al., 2020; Smith and Polvani, 2017; Jun et al., 2020]. Over 1979-2014 CE, a strong 

surface warming was observed over West Antarctica and the Antarctic Peninsula, in stark 

contrast with the insignificant cooling trend over East Antarctica (Fig. 1.2).  

https://www.bas.ac.uk/data/our-data/maps/geological-maps/
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  In addition to the changes over the continent, heterogeneous spatial trends are also observed 

over the ocean. Sea ice in the Amundsen–Bellingshausen Sea sector largely shrank since 1979, 

but in the Ross Sea sector, the sea ice expanded substantially during the same period [Hobbs 

et al., 2016; Parkinson, 2019]. Consistent with sea ice changes, the pattern of the sea surface 

temperature (SST) trend over the Southern Ocean shows warming in the southeast Indian 

Ocean sector, the Weddell Sea, and Bellingshausen and Amundsen Seas, while widespread 

cooling in the rest of the Southern Ocean [Fan et al., 2014]. 

 

Figure 1.2: Spatial pattern of trend in annual mean surface air temperature (blue–red 

shading), sea ice concentration (red and blue contours denote negative and positive trends 

respectively), sea surface temperature (purple–red shading), and near-surface winds (vectors). 

The significant trends at the 95% level are shown with hatching and teal vectors. The 

surrounding small panels display the time series of station-based surface air temperature from 

the East Antarctic plateau (b), East Antarctic coast (c), West Antarctica (h), and Antarctic 

Peninsula (j), sea ice extent (SIE) over the Ross-Amundsen Sea sector (g; in 105km2), the 

Amundsen-Bellingshausen Sea sector (i; in 105km2), and the total Southern Ocean SIE (f), the 

SAM index (d; unitless), and zonal mean SST (e; in °C). Figure from Jones et al. [2016]. 
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  Imprinted on these trends over past decades, large decadal variability has also been observed, 

for instance, in the surface air temperature. During the second half of the twentieth century, 

West Antarctica and the Antarctic Peninsula warmed twice faster than the global average, but 

in the first two decades of the twenty-first century, the temperature remains relatively stable, 

which may appear as a surprising reversal in the context of the global warming [Turner et al., 

2016]. This halting warming is in contrast with the change at the South Pole, where a record-

high warming trend was observed from 1989 to 2018 [Clem et al., 2020].  

  The Southern Ocean and Antarctic climate are strongly influenced by the extratropical 

Southern Hemisphere atmospheric circulation and teleconnections between the tropics and 

high southern latitudes. The strongest large-scale mode of atmospheric variability in the 

Southern Hemisphere is the Southern Annular Mode (SAM). A positive (negative) SAM phase 

is associated with an increased (decreased) pressure gradient between the polar circle (65 °S) 

and midlatitudes (40 °S) and with a strengthening (weakening) and shifting towards (away 

from) Antarctica of the Southern Hemisphere westerly winds (Fig. 1.3). The SAM has a broad 

influence on the SAT pattern over Antarctica, with a large-scale spatial asymmetry between 

East and West Antarctica. The geographical position of the Antarctic Peninsula extending 

northward into the circumpolar westerlies results in warming there, in particular through the 

Foehn effect [e.g., Kirchgaessner et al., 2021], and northerly meridional winds related to the 

SAM [e.g., Lefebvre et al., 2004; Marshall et al., 2011]. Concurrently, the positive SAM is 

characterized by stronger zonal flow, reducing meridional exchanges of warm air mass 

between the Antarctic interior and the midlatitude, thus broadly cooling East Antarctica.  
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Figure 1.3: The SAM pattern in the ERA-Interim 500 hPa level. The shading denotes the 

covariance between the SAM index time series and 500 hPa geopotential height anomalies 

over 1981–2010.  

  A semi-permanent low-pressure system (as shown in Fig. 1.3), referred to as the Amundsen 

Sea low (ASL), is present over the high-latitude South Pacific Sector of the Southern Ocean. 

The ASL tends to be deepened in the positive SAM phase, but its strength and position are 

also modulated by tropical sea surface temperature through Antarctic-tropical teleconnections 

[e.g., Turner et al., 2013; Raphael et al., 2016]. A deeper ASL induces stronger northern winds 

over the Antarctic Peninsula, the eastern part of West Antarctica, and the surrounding seas, 

resulting in a SAT increase and decreasing sea ice extent in the Amundsen-Bellingshausen 

Sea. Conversely, southerly winds caused by deepening ASL blow in West Antarctica and the 

Ross Sea region, leading to SAT decrease and sea ice expansion [Hosking et al., 2013].  
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  The SAM index has displayed a positive trend since 1979 as evident in the SAM index time 

series in Fig. 1.2 d. This trend, particularly in summer, has been attributed to the reduction of 

stratospheric ozone and the increase in greenhouse gas concentration [Gillet and Fyfe, 2013]. 

Nevertheless, as an internal mode of variability of the atmosphere, the SAM index is also 

changing without any perturbations of external forcings [Thompson and Wallace, 2000], for 

instance because of tropical-extratropical teleconnections [Li et al., 2021]. 

  In addition to the SAM, there are other climate modes known to influence temperature 

variability across the Antarctic continent. For instance, the two Pacific–South American 

patterns (PSA1 and PSA2) represent atmospheric Rossby wave trains of alternating circulation 

anomalies, which are initiated by anomalously deep tropical convection during El Niño–

Southern Oscillation events (ENSO) and are directed toward West Antarctica and the Antarctic 

Peninsula [Mo and Higgins, 1998]. The positive phase of PSA1 is associated with anticyclonic 

wind anomalies in the South Pacific centered at ∼120° W, which has been linked to an 

anomalous cold southerly flow to the Antarctic Peninsula and a warm northerly flow to the 

Ross Ice Shelf and western West Antarctica [Marshall and Thompson, 2016]. The positive 

phase of the PSA2 corresponds to a shift of the anticyclonic anomaly westward to the Ross 

Sea, around 150° W. This pattern allows winds to transport more marine air masses along the 

western Ross Ice Shelf but simultaneously enhances katabatic flow along the eastern Ross Sea 

coast [Marshall and Thompson, 2016].  

  The recent climate variability over Antarctica is thus strongly influenced by the combined 

effects of a positive SAM trend, an intensification of the westerlies, and the teleconnections 

from the tropics [Li et al., 2021]. Recent studies have emphasized that low‐frequency tropical 

variability, for instance, the Pacific Decadal Oscillation (PDO)/Interdecadal Pacific 

Oscillation [IPO; Meehl et al., 2016; Purich et al., 2016] and the Atlantic Multidecadal 

Oscillation [AMO, Li et al., 2014], may affect climate variability on decadal time scales over 

Antarctica. The IPO is an index that is defined as the leading empirical orthogonal functions 

(EOF) mode of decadal low-pass filtered SST variability over the entire Pacific, while AMO 

denotes an average over the entire North Atlantic basin of the linearly detrended SST yearly 

anomalies on which a 10-year running mean is applied, as proposed by Enfield et al. [2001]. 

Changes in the tropical ocean have been demonstrated to intensify the Southern Hemisphere 

westerly winds via both the AMO [Li et al., 2014]and the IPO [Meehl et al., 2016]. The IPO 

affects Antarctic atmospheric circulation through Rossby wave trains, with anomalies 

persisting for decades [Meehl et al., 2016; Purich, 2016]. The positive phase of the IPO favours 

weakened westerlies and an anomalous high pressure in the Amundsen/Bellingshausen seas. 

This disturbance originates from the central equatorial Pacific and propagates southwards 

through Rossby waves leading to changes in the ASL [Clem and Fogt, 2015]. Similarly, SST 

variability in the north and tropical Atlantic generates a stationary Rossby wave train that 

propagates to the Southern Ocean, and ultimately influences the atmospheric circulation 

around Antarctica. The positive (negative) phase of the AMO may intensify (weaken) the 
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westerlies and deepen (shallow) the ASL [Simpkins et al., 2016]. In fact, both the positive 

phase of the AMO since the late 1970s and the negative phase of the IPO beginning in the 

early 2000s have potentially contributed to the deepening of the ASL and intensification of the 

SAM, with a potential effect on the observed long-term increase of the total sea ice cover 

around the Antarctic before 2015 [Eayrs et al., 2022]. However, the short instrumental record 

makes it hard to understand climate variability on those time scales. 

1.3 Proxy data in Antarctica and proxy-based climate reconstructions 

Proxy records provide an invaluable tool to place the recent changes in a longer temporal 

context. Over the past few decades, many studies have proposed reconstructions of climate on 

global and regional scales, combining high (i.e., annual to sub-decadal) and low (decadal or 

longer time scales) temporal resolution records to estimate the climate variability over the past 

millennium [e.g., Jones et al., 2009; PAGES 2k Consortium, 2013; Neukom et al., 2014, 2019]. 

In this section, several proxy records over Antarctica that are commonly used for climate 

reconstruction are introduced, focusing on their ability to record high- and low-frequency 

climate variability, and presenting some of the key reconstructions based on those records.  

1.3.1 Antarctic ice cores 

Ice cores are cylinders of ice drilled from ice sheets and glaciers. They have become one of 

the golden standards in paleoclimate research, because of their high accuracy in dating, high 

time-resolution, and well-preserved paleoclimate information [e.g., Masson-Delmotte et al., 

2013]. Water stable isotopic composition, primarily hydrogen and oxygen elements, is one of 

the main proxy records retrieved from ice cores. This proxy has been developed as an “isotopic 

thermometer”, expressed as oxygen isotope ratios (δ18O) and deuterium isotope ratios [Jouzel 

et al., 2007; Masson-Delmotte et al., 2008]. 

  The basis for paleoclimatic interpretations of the stable isotope content of water molecules is 

that the vapor pressure of H2
16O is higher than that of HD16O and H2

18O. Thus, water 

evaporation produces a vapor that contains less deuterium (D) and 18O than the initial water, 

while the remaining water is rich in deuterium and 18O. This process is referred to as “isotopic 

fractionation”. In contrast, when condensation occurs, the lower vapor pressure of HD16O and 

H2
18O induces a larger transfer of those molecules from the vapor state to the liquid state. As 

the air mass moves away from its source and releases water through precipitation, the 

remaining water becomes increasingly depleted in heavy isotopes. Since this isotopic 

fractionation process is inversely proportional to the temperature at which condensation occurs, 

the isotopic composition of precipitation is theoretically linked with local temperature.  

  The relationship between the water isotopic composition and temperature has been validated, 

in particular on long time scales (e.g., millennial time scales), from models [e.g., Jouzel et al., 

2003] and observational evidence [e.g., Masson-Delmotte et al., 2008]. Nevertheless, 
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converting the stable isotopic signal from ice cores to paleotemperature is still a complex task 

due, for instance, to the changes in moisture origins and the intermittency of Antarctic 

precipitation [Masson-Delmotte et al., 2008; Sime et al., 2009] that could influence the isotopic 

composition of snowfalls and stratigraphic noise that could mask climate signals preserved in 

ice cores from interannual to multi-decadal scales [Münch et al., 2016].  

  To extract a reliable signal of past temperature changes in Antarctica from water isotopic 

records, previous studies mainly focused on two aspects: the combination of multiple ice core 

records from a given site or region and the finding of appropriate calibration methods for the 

relationship between water isotopic composite and surface air temperature [PAGES 2k 

Consortium, 2013; Stenni et al., 2017].  

  A first attempt to reconstruct SAT over the past millennium in Antarctica relies on seven 

standardized water stable isotope records [Goosse et al., 2012]. This study took advantage of 

a spatial isotope–temperature relationship for the last millennium to transfer the water isotope 

to surface air temperature. Then, within the coordinated efforts of the Past Global Change 

(PAGES)-2K Network project, 11 annual-resolution water isotopic records over Antarctica 

were selected to obtain the Antarctic SAT reconstruction spanning the past 2000 years, based 

on a statistical-based method referred to as composite-plus-scaling (CPS). Nevertheless, the 

very limited number of ice core water isotopic records in PAGES 2k Consortium [2013] does 

not allow for estimating changes on smaller spatial scales (Fig 1.4 a). Therefore, Stenni et al. 

[2017] further enlarged the database, collecting 112 high-resolution isotopic records. For the 

methodology, Stenni et al. [2017] used more complex like-CPS methods than the one used in 

PAGES 2k Consortium [2013], and implemented unweighted/weighted composite methods 

and model-based scaling for the regional δ18O–temperature relationships. The reconstructions 

consistently show a long-term cooling from 1-1900 CE over Antarctica, but Stenni et al. [2017] 

suggests clear regional variations. Some large centennial variabilities are also observed, for 

instance a significant warming over 1-500 CE in the Antarctic Plateau (Fig 1.4 a). However, 

it should be noted that some regional reconstructions of Stenni et al. [2017] rely simply on a 

few records (for instance three records over the Antarctic Plateau) with the temporal span 

extending the full past two millennia (Fig 1.4 a). The relatively small number of records may 

cause considerable uncertainty in climate reconstructions. For instance, a new climate record 

derived from ice-core water stable isotopes in East Antarctica suggests that the long-term 

cooling in East Antarctic Plateau from 1 to 1900 CE proposed by Stenni et al. [2017] is only 

robust between 550 and 1550 CE [An et al., 2021]. Therefore, confirmation of the robustness 

of these signals and understanding of the mechanisms remain necessary. 
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Figure 1.4: (a) Statistical-based Antarctic temperature reconstruction (T anomalies in ◦C, 

referenced to the 1900–1990 CE period) for the past 2000 years from Stenni et al. [2017]. The 

centre map shows the seven Antarctic regions selected for the regional reconstructions. The 

dots within this map show the site locations, and the white ones denote the sites that have been 

used in the previous continent-scale reconstructions [PAGES 2k Consortium, 2013]. (b) The 

temporal distribution of the records in Stenni et al. [2017]. The figure is modified from Stenni 

et al. [2017]. 

Snow accumulation is another proxy that could be derived from ice cores, indicating the 

variability of paleo-precipitation (or snowfall) on interannual to millennial time scales. For the 

past 1000 years, a database containing 79 ice-core based snow accumulations has been recently 

developed, but most of them only cover several past centuries (only four covering the full past 

millennia from 1000-2000 CE as shown in Fig 1.5 i) [Thomas et al., 2017]. The corresponding 

snow accumulation reconstructions for several Antarctic regions show little consistency 

between them [Thomas et al., 2017, Fig 1.5 a-g], reminding us of the large spatial variability 

of snow accumulation and that a few records may not be enough to estimate accurately large-

scale variability.  
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Figure 1.5: Regional reconstruction of the surface mass balance (SMB) during the period 

1000-2010 CE for (a–g) the East Antarctic Plateau (EAP, dark blue); Wilkes Land coast (WL, 

cyan), Weddell Sea coast (WS, green), Antarctic Peninsula (AP, yellow), West Antarctic Ice 

Sheet (WAIS, orange), Victoria Land (VL, red), and Dronning Maud Land (DML, brown). 

Panel (i) represents the temporal distribution of snow accumulation records (solid grey) and 

the number of records by region. The figure is modified from Thomas et al. [2017]. 

  Both the large-scale atmospheric circulation and thermodynamic processes (e.g., Clausius-

Clapeyron relation) could be responsible for the variability of snow accumulation [Frieler et 

al., 2015; Fudge et al., 2016; Dalaiden et al., 2020]. Consequently, in addition to the 

reconstruction of surface mass balance [e.g., Medley and Thomas 2019; Thomas et al., 2017], 

there is great potential to perform reconstructions of surface air temperature and atmospheric 

circulation using snow accumulation. In particular, a recent study using data assimilation has 

suggested that snow accumulation may be a better proxy for past surface temperature than 

stable water isotopes [Dalaiden et al., 2020]. Furthermore, by combining ice core water 

isotopic and snow accumulation records, skillful reconstructions for some surface variables, 

e.g., sea ice, SAT, and atmospheric circulation at an interannual scale have been obtained for 

the past two centuries [Dalaiden et al., 2021; O’Connor et al., 2021].  

Ice sheet borehole temperature corresponds to the temperature of the ice in a hole left 

after collecting an ice core (Fig. 1.6 a). It is always analyzed in conjunction with ice core 

studies. Since heat diffuses through the snow and ice, the signal related to the evolution of 
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surface air temperature propagates downward (Fig. 1.6 b) and ice sheet borehole temperature 

contains thus information about past surface temperatures [MacAyeal et al., 1991]. The biggest 

advantage of borehole temperature is that it provides an absolute temperature measurement, 

and is not a proxy that needs to be calibrated [e.g., Cuffey, 2007]. However, the time resolution 

and length of borehole-based surface temperature reconstructions are severely limited by the 

physics of the heat transfer process [Clow, 1992]. It is this physical constraint that allows 

recording low-frequency climate variability or long-term averaged temperatures., e.g., at a 

centennial or multi-centennial scale.  

 

Figure 1.6: (a) Ice borehole and its temperature; (b) Schematic illustration of the borehole 

temperature profile.  

  Ice borehole reconstructions are based on a heat diffusion-advection process model and an 

inversion model [Cuffey and Paterson, 2010, Chapter 9]. The forward model could be different 

according to the specific conditions at the location of interest, but it generally considers heat 

and ice flow processes [Cuffey and Paterson, 2010, Chapter 9]. The goal of the inversion 

model is to find potential temperature histories that fit the measured ice borehole temperatures. 

However, since the diffusion process blurs the temperature history, there could be many 

potential temperature histories fitting the observations, which indicates large uncertainty in the 

reconstruction [e.g., Dahl-Jensen et al.,1998].  

  Over the past decades, several ice borehole temperatures-based reconstructions have 

provided valuable information on the SAT changes over Antarctica. For instance, the 

reconstruction from the borehole at the West Antarctic Ice Sheet (WAIS) Divide indicated that 
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the SAT in the 15th-19th centuries was about 0.5°C cooler than the average temperature of the 

past 1000 years and that the estimated warming over 1957-2007 was 0.15-0.3°C per decade, 

comparable to instrumental data [Orsi et al., 2012]. This reconstruction was used as a 

benchmark for adjusting the magnitude of temperature changes over the past millennium 

derived from isotopic records as Stenni et al. [2017].  

1.3.2 Marine proxy records 

Marine sediments in the Southern Ocean usually preserve a variety of surface condition-related 

deposits, from which a range of biological, chemical, and physical proxies can be extracted to 

reconstruct past sea surface temperatures (SST), primary productivity, ocean currents, and sea 

ice variations [Lamping et al., 2021, Thomas et al., 2019, Allen and Weich, 2022]. Compared 

to the continental proxy records with annual or nearly annual resolutions, marine proxy records 

retain in general lower-frequency signals because of their low sedimentation rate, although 

some tropical corals are also able to preserve SST information at the interannual time scale 

[Jones et al., 2001; Hetzinger et al., 2012]. Regarding the SST reconstructions for the Southern 

Ocean, in particular for those targeting the sub-Antarctic ocean (e.g., along the Southern 

Chilean coast), the alkenones-based reconstructions are the main records for estimating the 

SST over the past two millennia [e.g., Collins et al., 2018; Caniupán et al., 2014; Haddam et 

al., 2018]. Additionally, diatom-based proxy records in marine sediments are the primary 

means to estimate sea ice changes in the Antarctic marginal zone [Allen and Weich, 2022]. 

Therefore, in this thesis, we focus on these two types of proxy records and describe their main 

features below. 

Alkenones are organic compounds preserved in marine sediments that can be the basis for a 

robust biogeochemical proxy for estimating SSTs or very near-surface (upper mixed layer) 

ocean temperatures in paleoceanography [Müller et al., 1998; Herbert, 2006]. Determining the 

seasonal signal included in alkenone records, which are typically calibrated to mean annual 

temperatures, is still an open question. Alkenone-based SST reconstruction records have been 

suggested to be influenced by the seasonal variation in alkenone production [e.g., Kim et al., 

2006]. However, a recent study did not detect any seasonal bias from the samples in the high-

latitude oceans [Tierney and Tingley, 2018]. The nonlinearity of alkenone response to SST is 

also an important issue for the calibration of the alkenone paleothermometer [e.g., Tierney and 

Tingley, 2018]. Until now, there are several alkenone-based SST reconstructions for the past 

two millennia in the mid-latitude Pacific sector of the Southern Ocean, in particular along the 

southern Chilean coast. They show consistent and significant centennial variability in this 

region, reflecting either multi-centennial internal variability (e.g., related to the SAM) or 

external forced response [e.g., Collins et al., 2019].  

Diatoms are microscopic single-celled algae that inhabit a wide range of aquatic and sub-

aquatic environments [e.g., Allen and Weich, 2022]. Since diatoms have different tolerances 

and preferences for sunlight, temperature, salinity, nutrient availability, etc., they usually 
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occupy certain conditions that could be beneficial to their production and export, such as the 

environment close to or within the sea ice [Crosta et al., 2005; Abram et al., 2013]. 

Accordingly, diatoms preserved in marine sediments offer excellent potential for 

reconstructing Antarctic sea-ice conditions. Currently, two general approaches using fossil 

diatom assemblages to reconstruct past sea ice conditions have been developed. The first is to 

use a type of diatom (e.g., Fragilaropsis curta and F. cylindrus) that is known to be associated 

with sea ice to identify qualitatively specific sea ice conditions [e.g., Etourneau et al., 2013; 

Allen and Weich, 2022]. The second is to link the quantitative sea-ice conditions to relative 

abundance of diatoms using statistical methods [e.g., Barbara, et al., 2013; Crosta et al., 2021].  

  With adequate chronological control and resolution of the marine sediments, particularly 

from the sites with high accumulation rates, the reconstructions based on sea ice related diatom 

have provided important information for the sea ice conditions over the past two millennia. 

For instance, a decadal-resolved diatom record located at Adélie Land coast has been used to 

reconstruct quantitatively the sea ice presence and to identify significant multi-decadal 

variability related to ENSO and SAM over the past two millennia [e.g., Crosta et al., 2021]. 

Even the qualitative reconstructions based on links between specific diatom taxa and their 

preferred environment suggest that the sea ice extent has experienced several centennial or 

multi-centennial expansion or retreat periods over the past centuries [Thomas et al., 2018]. 

1.4 Antarctic climate changes in climate models 

Climate models are essential tools to better understand past climate variations by simulating 

the evolution of the key variables describing the climate system [e.g., Hegerl et al., 2007]. 

According to the complexity of model physics, current climate models can be grouped into 

three main categories. They range from 0-D or 1-D energy balance models (EBMs) that 

provide highly simplified and globally-averaged dynamics of the system [e.g., Mann et al., 

2014] to general circulation models (GCMs) that have fully interactive atmospheric and 

oceanic components, being able to account for all the important properties of the system at 

current grid resolutions from 50 KM to 200 KM [e.g., Schmidt et al., 2011]. Such GCMs are 

also referred to as Earth system models (ESM) if they include more components, i.e., the 

terrestrial and marine carbon cycle, atmospheric chemistry, vegetation dynamics and ice sheets 

[e.g., Otto-Bliesner et al., 2015]. In the last decades, water isotope capabilities have been 

incorporated into all the components of some GCMs, such as isotope-enabled Community 

Earth System Model version 1 [iCESM1, Brady et al., 2019]. Between these two extremes, 

Earth System Models of Intermediate Complexity (EMICs) present more sophisticated 

atmospheric and oceanic components than EBMs but contain some simplification and 

parameterization of processes to improve computational efficiency [e.g., Goosse et al., 2010].  

  Within the framework of the Past Model Intercomparison Project Phase III [PMIP3; Otto-

Bliesner et al., 2009] and the Coupled Model Intercomparison Project Phase V [CMIP5; Taylor 

et al., 2012], coordinated climate modelling activities (based on GCMs) have produced a series 
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of the simulations for different past periods. Regarding the Antarctic climate for the historical 

period (1850-2005 CE), the simulations performed with the PMIP3-CMIP5 models have been 

comprehensively evaluated by comparison with observational data, in particular for the 

changes since the 1950s. Climate simulations of the SAM response to rising atmospheric 

greenhouse gas levels and stratospheric ozone depletion over the last century compare 

reasonably well to observations and proxy data [Miller et al., 2006; Raphael and Holland, 2006; 

Swart and Fyfe, 2012; Gillett and Fyfe, 2013; Zheng et al., 2013]. However, the simulated 

spatially homogeneous warming over Antarctica disagrees with the observed West-East 

Antarctic asymmetry in the temperature trend [Jones et al., 2019; Klein et al., 2019; Jun et al., 

2020]. Additionally, the CMIP5 models have generally been unable to reproduce the observed 

long-term sea ice extent increase since 1979, instead simulating ice loss over this period [e.g., 

Turner et al., 2013; Zunz et al., 2013]. It should be noted that those inconsistencies are smaller 

between the multi-model ensemble mean and the observations than for some individual 

simulations as the observed trends are not inconsistent within the available ensemble of 

simulations [Klein et al., 2019, Chemke and Polvani, 2020]. This suggests that the observed 

changes in those surface variables for past decades may not be attributed to the forced response, 

and natural climate variability may play a large role in some current climate changes in 

Antarctica [e.g., Jones et al., 2016; Turner et al., 2020; Jones et al., 2019; Previdi and Polvani, 

2016].  

  In addition, there is also a suite of simulations for the past millennium (850-1850 CE) 

performed with CMIP5–PMIP3 models. Following the common protocols in the framework 

of the CMIP5–PMIP3 project, climate models are driven by forcing datasets that include 

volcanic aerosols, greenhouse gas concentrations, solar radiation associated with changes in 

orbital configuration and changes in solar output and anthropogenic land use. [Fig. 1.7; 

Schmidt et al., 2011]. For Antarctica, these simulations show a consistent millennia-scale 

cooling from 850-1850 CE [Fig. 1.8]. This long-term cooling trend is more due to the relatively 

cold period between the 15th and 19th centuries [Fig. 1.8, Klein et al., 2018] since the warming 

phase during the first centuries of the last millennium over Antarctica is not as significant as 

the one in the North Hemisphere [e.g., PAGES consortium, 2013]. This simulated temperature 

evolution has been evaluated by comparison with the ice core water isotope-based 

reconstructions using statistical methods derived from Stenni et al. [2017]. The result shows a 

good consistency between the reconstruction and simulations for the SAT trend during past 

millennia at the continental scale [Fig. 1.8, Klein et al., 2018].  

  However, obtaining unambiguous conclusions from the comparison between reconstructions 

and modeling results remains difficult. On the one hand, observations or proxy-based 

reconstructions are describing the real evolution of the system which can be considered as the 

realization of the climate system evolution that occurred among all possible ones. By 

comparison, a comprehensive climate model could theoretically achieve all the potential 

realizations, in particular through an ensemble of simulations [e.g., Otto-Bliesner et al., 2016], 
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if it was able to represent the real world in a satisfactory way. Therefore, the basic criteria for 

claiming consistency between simulations and reconstructions is that reconstructions should 

be within the range of the modeling results, when considering all the potential realizations 

[PAGES 2K-PMIP3 group, 2015]. This appears to be the case for the statistical-based 

Antarctic SAT reconstructions for the past millennium in Stenni et al. [2017] and the 

simulations with CMIP5–PMIP3 models (Fig. 1.8). However, several regional reconstructions, 

for instance over the Antarctic Plateau (Fig. 1.4), remain highly uncertain as they are strongly 

dependent on one or two δ18O water isotope records covering the whole period [An et al., 

2021]. In addition, due to computational constraints, it remains impossible to generate an 

ensemble using a comprehensive climate model (e.g., ESM) that contains a large number of 

members for the past two thousand years, in order to completely follow the observed time 

evolution of the climate system. 

 

Figure 1.7: Climate forcings through the last millennium in the CMIP5 models. (a) Aerosol 

optical depth (AOD) from Crowley et al. [2008] (blue bars) and estimated from Gao et al. 

[2008] (red bars). (b) Concentrations of CO2, CH4, and N2O [Gerber et al., 2003]. (c) 

Changes in insolation at 65°N in JJA (blue) and 65°S in December–February (DJF; red) were 

calculated from Berger [1978]. (d) Globally averaged insolation anomalies (relative to 950–

1200 CE) for the solar forcing datasets (VSF from Vieira et al. [2011]; SBF from Steinhilber 

et al. [2009]; WLS from Wang et al. [2005]). The figure is modified from Atwood et al. [2016].  
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Figure 1.8: The simulated surface air temperature derived from the CMIP5–PMIP3 models 

(colorful lines) and the statistical-based reconstruction from Stenni et al. [2017] (dash lines) 

over the 850–2000 CE over (a) Antarctica, (b) West Antarctica, and (c) East Antarctica. The 

mean slopes (in degrees per century) over the 850–1850 and 1958–2010 CE periods are shown 

to the right of each panel. Figure from Klein et al. [2019]. 

  In addition to this analysis of temperature evolution in models and reconstructions, it is also 

instructive to compare their representations of the changes in SAM. According to the 

reconstructions, SAM displayed large centennial variability during the last millennium as 

evidenced in the paleoclimate proxies [Abram et al., 2014; Dätwyler et al., 2018]. For instance, 

a minimum in the SAM index (i.e., negative SAM) occurred during the 1400s, and a positive 

trend in the SAM (with superimposed interannual to century-scale variability) is evident since 

then. Although current climate model simulations reproduce well the observed positive trend 

in the SAM over the past decades, models are unable to reproduce the structure or magnitude 

of pre-industrial SAM trends that are reconstructed from proxies further back in time, [Abram 

et al., 2014]. Some studies argued that volcanic forcing or solar forcing plays a role in the 

SAM variations [Fogt et al., 2017], but the mechanisms responsible for the centennial 

variability of the SAM are still on debate.  

  Currently, the Paleoclimate Model Intercomparison Project has progressed into the phase 

CMIP6-PMIP4 [Eyring et al., 2016]. However, the corresponding simulations for the past 

millennium (and for the past two millennia) were still not publicly available at the time of our 

analysis. Recent studies show that CMIP6 models generally show a modest improvement in 

performance compared to the CMIP5 models in simulating the Antarctic climate over the past 
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decades [Roach et al., 2020; Bracegirdle et al., 2020; Mohrmann et al., 2021; Lee et al., 2021]. 

For instance, the simulated regional distribution of Antarctic sea ice by the CMIP6 models has 

slightly improved and the intermodel spread in mean sea ice quantities has decreased compared 

to CMIP5. Consequently, the results derived from the CMIP5 models are likely also valid for 

the CMIP6 models. 

  Throughout this  thesis, the climate model results are mainly drawn from simulations 

performed with the iCESM1. Critical for our purpose, iCESM explicitly simulates the 

transport and transformation of stable water isotopes (e.g., δ18O and δD) in all of the model 

components. This model has been shown to reproduce key features of climate and isotopes in 

the present day and paleoclimate observations [Brady et al., 2019]. Dalaiden et al. [2020] has 

evaluated its ability to simulate the present Antarctic climate by comparing it to the latest 

ECMWF’s atmospheric reanalysis ERA5 [Hersbach et al., 2020], as shown in Fig. 1.9. Over 

the 1979–2005 CE period, the patterns of geopotential height at 500-hPa, the near surface air 

temperature and snow accumulation are well simulated in iCESM1. However, iCESM1 is not 

able to reproduce the high spatial variability of snow accumulation at a local scale, especially 

on the coast of Dronning Maud Land and the Ross Sea, because of its coarse horizontal spatial 

resolution. In addition, the precipitation-weighted δ18O pattern over Antarctica captures well 

the general gradient between the coast (with the highest values, less negative) and the Plateau 

(with the lowest values, more negative). 
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Figure 1.9: (a) Mean of 500-hPa geopotential height (m), (b) near-surface air temperature 

(K) and (c) snow accumulation (mm w.e. eq. year-1) from ERA5, and iCESM1, and the 
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difference between iCESM1 and ERA5 (%) over the 1979–2005 period. For the 500-hPa 

geopotential height maps, contours represent the sea-level pressure (hPa). (d) Mean of 

precipitation-weighted 18O (‰) from iCESM1 over the 1979–2005 CE period. Figure from 

Dalaiden et al. [2020]. 

1.5 Combination of modeling results and proxy records using data 

assimilation 

Observations and modeling results are two complementary ways to study climate change. The 

optimal combination of modeling results and proxy records is potentially achieved by one 

approach, data assimilation (DA). This method is able to constrain climate models to follow 

the observed trajectory and provide a full spatial estimate for all variables simulated in climate 

models [e.g., Goosse et al., 2012; Hakim et al., 2016]. Therefore, it is very helpful to 

understand the mechanisms that might be responsible for the origin of the signals preserved in 

proxy records.  

  The basic state update equation of DA [e.g., Kalnay, 2003, chapter 5] is given by: 

𝑋a = 𝑋b+𝑊(𝑌 − 𝐻(𝑋b)) 

In this equation, 𝑋b is the prior (or “background”) estimate of the state vector and 𝑋a is the 

posterior (or “analysis”) state vector. Vector 𝑌 denotes the observations (or proxies). 𝐻(𝑋b) is 

referred to as an “observation operator”, mapping 𝑋b  from the model state space to the 

observation space. 𝑊 is a weight matrix determined by accounting for uncertainties in model 

results and observations.  

  Several methods are available to define the matrix 𝑊 but the ones that have been applied in 

paleoclimatology over the past millennium are ensemble-based particle filters [e.g., Dubinkina 

and Goosse, 2013] and Kalman filters [Kalnay, 2003, Chapter 5]. The particle filter is based 

on a weighted mean across all ensemble members, and the weights are determined according 

to the closeness of each member to the available observations [van Leeuwen, 2009; Dubinkina 

and Goosse, 2013]. In this way, the particle-filters based DA method requires a large ensemble 

to provide a sufficiently good analogue to the observed state and thus particles with a large 

enough weight. However, when a few of particles close to the observation receive significant 

weights while others are discarded, one issue called particle degeneracy could occur, thus 

inducing the extra uncertainty for DA results. Such problems could be alleviated by reducing 

the degree of freedom such as performing appropriate time averaged or spatial filtering 

[Goosse et al., 2009; 2011; Mathiot et al., 2013]. In contrast, Kalman filters are more efficient 

with a limited number of ensemble numbers [Liu et al., 2017]. However, the particle-filters 

based DA method does not rely on any assumptions regarding the prior distribution of the 

prior, while Kalman filters assume that 𝑋b and 𝐻(𝑋b) are Gaussian-distributed and that their 
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errors are unbiased [van Leeuwen, 2009]. Consequently, particle-based data assimilation is 

applied in this thesis. 

  Data assimilation enables the propagation of information provided by proxy observations to 

other regions where proxy records are not available and is able to infer multiple climate fields 

consistent with available data and model physics at the same time. For instance, the 

assimilation of observed surface air temperature allows estimating the 500-hPa geopotential 

height by relying on the co-variance between the two variables in the model, as long as a co-

variance between the assimilated variable and the analyzed variable exists. However, the 

covariance between climate variables could be non-stationary across different time scales [e.g., 

Steiger et al., 2014]. For instance, a two-timescale response to the strengthened westerlies has 

opposing effects on sea-ice cover. On interannual and shorter timescales, strengthened 

westerlies drive cooling and sea-ice expansion by advecting cold, surface mixed-layer waters 

northwards by the Ekman effect. On decadal to multidecadal timescales, this enhanced 

northward transport is thought to drive upwelling of warm, deep waters from below the mixed 

layer and lead to sea-ice reduction [Ferreira et al., 2015]. Therefore, it is essential to test the 

sensitivity of the reconstruction to the assimilation window (i.e., the temporal step in DA 

process) when applying data assimilation.  

  Some caveats and limitations of DA must be taken into account. Since DA uses a prior 

derived from the model states to fill in missing information from proxy records, the accuracy 

of DA-based reconstructions is limited by the ability of the models to reproduce real-world 

ocean and atmospheric circulation patterns. As a consequence, it is important to assess the 

performance of the model used in the data assimilation, at least for this thesis in simulating the 

near-surface climate over the Antarctic illustrated in Section 1.4. In addition, when the patterns 

present in the proxy data do not fit with the patterns produced by the models, the DA-based 

reconstruction represents an imperfect compromise between the conflicting sources of 

information that could smear out any real-world climate features [Mann, 2020]. Therefore, 

systematic validation of DA-based reconstructions against the independent proxy records is 

always necessary to ensure that the trade-off made by DA is reasonable. 

  There are two types of ensemble-based DA approaches applied in paleoclimatology [e.g., 

Matsikaris et al., 2015; Okazaki et al., 2021]. First, data assimilation can be used to update an 

ensemble of simulations at regular intervals (on-line data assimilation). In this process, the 

ensemble is generated sequentially and thus temporal consistency is ensured over the whole 

period. Another DA method is referred to as off-line data assimilation, which uses an existing 

ensemble of simulations as prior modeling results. It means that the prior is identical for all 

the time intervals and the reconstructed state at one time is not constrained by the previous 

ones. Therefore, the offline DA method using an existing ensemble of simulations allows to 

establish a DA scheme based on higher resolution GCMs or ESMs and thus larger ensemble 

size, while the on-line approach is currently achieved within EMICs or Linear Inverse Model 
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to achieve the balance between computer resources and generating sufficient ensemble 

members [e.g., Goosse, 2017; Perkins and Hakim, 2017]. The offline DA is fine for those states 

that can be considered independent of each other, but online data assimilation is more adapted 

if the slow component, such as the oceans, plays the dominant role in the state of the climate 

system [e.g., Goosse, 2017]. In other words, if the predictability of the variables of interest is 

shorter than the assimilation step, for instance for the interannual variations of atmospheric-

related processes, an on-line technique would not outperform an off-line one [Matsikaris et al., 

2015; Okazaki et al., 2021]. Consequently, particle-based offline data assimilation is applied 

in this thesis (the detailed mathematics related to this method in Supplementary D).  

    1.6 Objectives and outlines of this thesis 

Characterizing Antarctic centennial climate fluctuations over the past two millennia is critical 

to understanding how the region may evolve with present human-induced climate change. To 

this end, the priority is to provide as reliable as possible reconstructions of past Antarctic 

climate variations. However, previous SAT reconstructions for Antarctica over the past two 

millennia based on ice-core water isotope records [i.e., Stenni et al., 2017] have demonstrated 

large uncertainties, in particular at the regional scales [Klein et al., 2019; An et al., 2021]. As 

a consequence, the physical processes ruling the Antarctic centennial temperature variability 

over the past two millennia are still unclear, and thus separating the contribution of internal 

versus forced variability is difficult.  

  Most of the ice-core water isotopic records used in Stenni et al. [2017] resolve high-frequency 

variations (i.e., at annual resolution). There are additional available ice core records with 

longer time coverage, such as those extending to the Holocene [e.g., Masson et al., 2000; 

Kaufman et al., 2020]. These records thereby are able to expand the spatial and temporal 

coverage over Antarctica, and in particular over the full Common Era, although with lower 

temporal resolutions (e.g., at decadal or multi-decadal time scale). They could potentially give 

us more information related to low-frequency processes in the climate system [e.g., Dee et al., 

2017]. However, the main reason for not including those records in previous statistical-based 

reconstructions is the small overlap periods with instrumental data and thus a too short 

calibration period (e.g., 1979-2000) including a few data points at the low temporal resolutions 

of those records.  

  Such drawbacks shown in the statistical-based reconstructions could be overcome by data 

assimilation in paleoclimatology [e.g., Goosse et al., 2009; Widmann et al., 2010; Steiger et 

al., 2017; Hakim et al., 2016; Klein et al., 2019]. In particular, with the availability of the 

simulations performed with isotopic-enable GCMs (such as iCESM1), the current data 

assimilation version allows for achieving a direct comparison and combination between the 

modeled water isotopes and the observed ones [e.g., Steiger et al., 2017; Klein et al., 2019; 

Dalaiden et al., 2020]. The interest in the approach has been highlighted in a reconstruction of 

the regional SAT from the regional δ18O composites of Stenni et al. [2017] with two isotope-
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enabled climate models over the last two millennia [Klein et al., 2019]. Furthermore, since 

there is no need for calibration of the isotope-temperature relationship as for the statistical 

method, data assimilation allows combining additional water isotopic records with lower 

temporal resolutions and longer time coverage the during past two millennia over Antarctica.  

  Nevertheless, the number of δ18O records is still limited and the recorded signals are too 

complex to faithfully capture the SAT over Antarctica for the past two millennia, and Klein et 

al. [2019] proposed to use additional climate-sensitive proxies, rather than simply relying on 

δ18O records to estimate past temperature change. This is confirmed by Dalaiden et al., [2020]. 

Their results suggest that the reconstruction using the assimilation of both ice core snow 

accumulation and δ18O data has higher skill than the one based on δ18O records alone. In 

particular, the reconstruction of the surface climate state (e.g., surface air temperature, snow 

accumulation, and sea ice extent) in West Antarctica and surrounding seas is greatly improved 

by incorporating different records from recent compilations including δ18O and snow 

accumulation, as well as the records in lower latitudes [Dalaiden et al, 2021; O’Connor et al., 

2022].  

  In addition to those terrestrial records over Antarctica, there are some marine records 

reflecting the low-frequency changes in surface conditions of the Southern Ocean (e.g., sea 

surface temperature and sea ice) over the past two millennia [e.g., Crosta et al., 2021; Collins 

et al., 2018]. For instance, several alkenone sea surface temperature records from the Southern 

Chilean Coast suggest a clear cooling trend over the past millennium [Sepúlveda et al., 2009; 

Haddam et al., 2018; Caniupán et al., 2014; Collins et al., 2018]. This signal, however, does 

not fully coeval with the changes, in particular over West Antarctica as reconstructed by Stenni 

et al. [2017]. This difference between the Antarctic continent and the Southern Ocean may 

appear inconsistent with the expected strong interconnections in the Antarctic climate system 

as illustrated by close relationships between atmosphere and ocean (including sea ice) over the 

past decades [e.g., Goosse et al., 2005; Jones et al., 2016]. Therefore, understanding those 

signals preserved in marine records have the potential to inform on the past centennial-scale 

climate variability in Antarctica and the Southern Ocean during the Common Era by taking 

advantage of those links.  

  Although Klein et al. [2019] have assessed the compatibility between the reconstruction from 

Stenni et al. [2017] and the simulations performed with the PMIP3-CMIP5 models for seven 

regional means, the spatially heterogeneous nature of the Antarctic climate makes comparisons 

at smaller spatial scales also necessary. In this framework, borehole temperature measurements 

provide valuable reconstructions for some regional surface temperatures over the past two 

millennia in Antarctica [Barrett et al., 2009; Muto et al., 2011; Orsi et al., 2012; Zagorodnov 

et al., 2012; Roberts et al., 2013; Yang et al., 2018]. These independent long-term temperature 

records can thus give us important benchmarks for evaluating those modeling results, 

complementary to existing studies focused on other records. This has been done for some 
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regions of the world such as North America for which the performance of climate models over 

the last millennium, particularly in the aspect of the low-frequency surface temperature 

changes, has been assessed by the comparison with observed thermal profiles obtained from 

boreholes using a borehole forward model [Stevens et al., 2007; Gonzalez-Rouco et al., 2009]. 

Consequently, it would be very interesting to apply the same methodology to investigate the 

compatibility between modeling results and reconstructions based on borehole temperatures 

in Antarctica.  

  Finally, Klein et al. [2019] have focused their model-data comparison on the SAT over 

Antarctica during the past millennium. However, over the first millennia (1-1000 CE) the 

reconstruction from Stenni et al. [2017] also suggests large centennial variability, in particular, 

a significant asymmetry in SAT trends between East and West Antarctica. This potentially 

complex spatial structure of multi-centennial trends may differ significantly from that 

observed one between 1000 and 1850 CE, and thus may bring relevant information about the 

dynamics of the system. 

  In this thesis, our goal is to reconstruct the centennial variability of the Antarctic surface air 

temperature over the past two millennia and to understand the related physical processes by 

combining low and high-frequency records with climate model results using data assimilation. 

This joined use of different sources is needed as none is able alone to provide a complete 

picture of observed variations but, to our knowledge, it is the first time that it is applied to 

reconstruct Antarctic SAT over the past two millennia. Specifically, including here the low 

frequency records offers the ability to reproduce better the amplitude of the centennial 

variations. Furthermore, compared to previous reconstructions with data assimilation (e.g., 

Goosse et al. [2012]) focused on Antarctica, the longer time period covered allows for 

comparing the dynamics during the last millennium when forcing variations are larger and the 

first one where the forcing is more muted. 

Therefore, to achieve this research goal, the thesis is divided into three chapters, each 

addressing a specific scientific question: 

• Are current models able to reproduce the observed signals derived from borehole 

temperature over the past two millennia?  

• Are there robust multi-centennial trends during the past two millennia observed in East 

and West Antarctica? 

• Is there a coherent SAT evolution over Antarctica and surrounding seas over the past 

two millennia?  

  The main objective of Chapter 2 is to evaluate the GCMs’ ability to reproduce the low-

frequency SAT (multidecadal to centennial-scale) variability observed in borehole 

temperatures. To this end, we use the one-dimensional heat advection and diffusion model 

from Orsi et al. [2012] to simulate the propagation of the signal coming from the surface 
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temperature history into the subsurface of ice as borehole temperatures are exceptional at 

capturing low-frequency temperature variabilities. More specifically, four measured borehole 

temperatures in Antarctica and corresponding reconstructions are used to perform model–data 

comparisons using two different methods. The most straightforward way is to directly compare 

the surface temperature reconstructed from the borehole measurements with the surface-

temperature time series simulated by the climate model at the grid cell closest to each site. 

However, due to the imposed-temporal smoothing on the time window of the reconstructions, 

which changes over time, the classical way of model-data comparison could be difficult 

[Beltrami et al., 2006; Harris and Gosnold, 1999]. Therefore, the alternative way is to compare 

the simulated subsurface borehole temperature with the observation by driving the forward 

model with climate model outputs. In this case, we analyze the temperature at a fixed time as 

a function of depth. The advantage of using a forward model is that the simulated subsurface 

temperature profile can be directly compared to the measured borehole temperature profile. 

Finally, some metrics derived from the corresponding reconstructions are proposed to be used 

more widely in model evaluation. 

  In Chapter 3, we aim to identify the robust low-frequency variability of the surface air 

temperature over Antarctica. In particular, we focus on the first millennia during which the 

proxy records show a clearly contrasted signal between East and West Antarctica at multi-

centennial scale. We first present the general characteristics of the simulated SAT changes 

over the full Common Era in climate models and a comparison with several previous 

reconstructions, as until now no modeling study has been specifically devoted to the 1-1000 

CE period. Since the flexible framework of data assimilation also makes it possible to combine 

high- and low-resolution isotope data, we then use this methodology to estimate the changes 

in surface air temperature over Antarctica over the past two millennia constrained by the ice 

core water isotope records with different temporal resolutions in order to identify robust 

signals.  

  While the analyses in Chapter 3 are specifically dedicated to the ice core records, in Chapter 

4 we combine marine and terrestrial proxy records together using data assimilation to 

investigate the potential existence of a widespread cooling over West Antarctica and adjacent 

seas over the past millennium and the underlying mechanisms. We first study whether 

covariance relationship between several key climate variables (SAT, sea ice, and atmospheric 

circulation) in the DA process is timescale dependent. To achieve this, we compare two DA 

experiments that assimilate the same terrestrial proxy records but with the annual and decadal 

temporal resolutions. Then, to clarify the contributions of continental and marine records on 

the reconstructions, we separately perform two DA experiments: one assimilating the 

continental proxies and another assimilating continental and marine records. The assimilation 

of marine records is useful to have a stronger and more direct constraint on the evolution of 

the ocean-atmosphere coupled system. Both reconstructions are validated against independent 

sea ice-related marine records in order to identify which reconstruction is more faithful. Finally, 
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based on our reconstruction for multiple variables, we analyze the contribution of external 

forcing (e.g., volcanic forcing) and atmosphere internal processes on the long-term changes 

over the past millennium in West Antarctica.  

  The general conclusions, the main contributions as well as some perspectives of this thesis 

are discussed in Chapter 5. 
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2 

Comparison of observed borehole temperatures in 

Antarctica with simulations using a forward model driven 

by climate model outputs covering the past millennium 

 

Abstract 

The reconstructed surface temperature time series from boreholes in Antarctica have 

significantly contributed to our understanding of multi-decadal and centennial temperature 

changes and thus provide a good way to evaluate the ability of climate models to reproduce 

low-frequency climate variability. However, up to now, there has not been any systematic 

model-data comparison based on temperature from boreholes at a regional or local scale in 

Antarctica. Here, we discuss two different ways to perform such a comparison using borehole 

measurements and the corresponding reconstructions of surface temperature at the West 

Antarctic Ice Sheet Divide (WAIS), Larissa, Mill Island and Styx Glacier in Antarctica. The 

standard approach is to compare the surface temperature simulated by the GCMs at the grid 

cell closest to each site with the reconstructions in the time domain derived from the borehole 

temperature observations. Although some characteristics of the reconstructions, for instance, 

the non-uniform smoothing, limit to some extent the model-data comparison, several robust 

features can be evaluated. In addition, a more direct model-data comparison based on the 

temperature measured in the boreholes is conducted using a forward model that simulates 

explicitly the subsurface temperature profiles when driven by the climate model outputs. This 

comparison in the depth domain is generally consistent with observations made in the time 

domain, but also provides information that cannot easily be inferred from the comparison in 

the time domain. The major results from these comparisons are used to derive metrics that can 

be applied for future model-data comparison. We also describe the spatial representativity of 

the sites chosen for the metrics. The long-term cooling trend in West Antarctica from 1000 to 

1600 CE (-1.0 °C) is generally reproduced by the models, but often with a weaker amplitude. 

The 19th century cooling in the Antarctic Peninsula (-0.94 °C) is not reproduced by any of the 

GCMs, which tend to show warming instead. The trend over the last 50 years is generally well 

reproduced in West Antarctica and at Larissa (Antarctic Peninsula), but overestimated at other  
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sites. The wide range of simulated trends indicates the importance of internal variability on 

the observed trends and shows the value of model-data comparison to investigate the response 

to forcings. 
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2.1 Introduction 

Although most of the world has been steadily warming over the last few decades, the 

temperature trend in Antarctica is not homogeneous [Jones et al., 2016]. Several syntheses 

relying on instrumental air temperature records have shown a large recent warming over the 

Antarctic Peninsula (AP) and parts of West Antarctica, but the trend for the other parts of the 

Antarctic continent remains less clear [Chapman and Walsh, 2007; Nicolas and Bromwich, 

2014; Steig et al., 2009; Turner et al., 2005]. It remains difficult to characterize the large 

interannual to multi-decadal variability at high southern latitudes because instrumental data 

are sparse, and limited to the last 60 years, at best. The mechanisms at the origin of recent 

changes are thus still uncertain [Goosse et al., 2012; Jones et al., 2016; Nicolas and Bromwich, 

2014]. 

  Proxy-based reconstructions offer the opportunity to place the recent temperature changes 

in a longer context. Thanks to their relatively good spatial coverage and high resolution, the 

reconstructions based on water stable isotopes derived from ice cores have provided important 

information on temperature variability during the past two millennia over Antarctica. They 

indicate a significant cooling trend during the preindustrial period across all Antarctic regions 

and confirm the strong spatial heterogeneity of the recent warming [Goosse et al., 2012; 

Schneider et al., 2006; Stenni et al., 2017]. However, the link between the isotope records and 

local climate is complicated, and this introduces significant uncertainties in the reconstructions 

[Stenni et al., 2017, Klein et al., 2019]. 

  Borehole temperature observations provide another opportunity to reconstruct surface 

temperature and several studies have demonstrated their interest, particularly over Antarctica 

[e.g., Barrett et al., 2009; Muto et al., 2011; Orsi et al., 2012; Zagorodnov et al., 2012; Roberts 

et al., 2013; Yang et al., 2018]. The most significant advantage of borehole palaeothermometry 

is that temperature is directly measured with a thermistor calibrated in the laboratory. 

Therefore, the calibration is independent of the climate at the measurement site. Nevertheless, 

the characteristics of heat conduction that blur the surface temperature history make the 

reconstruction mathematically underdetermined: several temperature histories can result in the 

same borehole temperature profile, because diffusion will smooth out high frequency 

temperature variations. Consequently, the temperature history cannot be determined 

unequivocally. Several approaches have been proposed to overcome the problem, as 

synthesized by Orsi et al. [2012], for instance, the Bayesian Reversible Jump Markov chain 

Monte Carlo [Dahl-Jensen et al., 1999] and the generalized least-squares inversion [Muto et 

al., 2011; Orsi et al., 2012; Yang et al., 2018]. By applying these methods, the reconstructed 

temperature series have presented evidence of the existence of cold conditions corresponding 

to the Little Ice Age in West Antarctica from 1300 to 1800 CE [Orsi et al., 2012], as well as 

of a recent warming trend in West Antarctica [Barrett et al., 2009; Orsi et al., 2012; Yang et 

al., 2018], at some high elevation sites of East Antarctica [Muto et al., 2011; Roberts et al., 
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2013] and over the AP [Zagorodnov et al., 2012], though the timing and magnitude vary 

between regions. 

  The reconstructed temperatures based on isotopic composition have been compared to the 

results of climate models. Most models display a relatively large and homogenous warming 

over Antarctica since 1850 CE, which is inconsistent with the signal inferred from the isotope 

records [Goosse et al., 2012; Klein et al., 2019; Stenni et al., 2017, Abram et al., 2016]. This 

disagreement may be due to the uncertainties in the reconstructions, or due to the biases in the 

climate models that may overestimate the response to greenhouse gas forcing or underestimate 

the natural climate variability in the region [Jones et al., 2016; Neukom et al., 2018]. However, 

a recent study assessing the link between isotope records from ice cores and regional climate 

over Antarctica using pseudoproxy and data assimilation experiments has not been able to 

identify any systematic bias in reconstructions on continental scale temperatures based on δ18O 

[Klein et al., 2019].  

  Up to now, there were no systematic model-data comparison for temperature reconstructed 

from boreholes at a regional or local scale in Antarctica. This is, on the one hand, due to the 

characteristics of the inversion that imposes smoothing on a time window that increases as we 

go back in time and makes the comparison with the simulated surface temperature difficult 

[Beltrami et al., 2006; Harris and Gosnold, 1999]. Additionally, some reconstructions have an 

uncertainty range of the same magnitude as the full variability provided by the climate model 

results, which seriously limits the interest in model-data comparison.  

  As some of the difficulties in the comparison between the simulated surface temperature 

from climate model results and the reconstructions from boreholes come from the inversion 

procedure, comparing directly the observed profile with the one obtained using a one-

dimensional heat advection and diffusion forward model can provide new insight. This 

approach is an example of the application of Proxy System Models (PSMs) that reproduce 

directly processes responsible for the signal recorded in the archive [Evans et al., 2013]. PSMs 

have been applied recently for several proxies, such as tree ring width or water-isotope in ice 

cores, corals, tree ring cellulose, and speleothem calcite [Evans et al., 2013; Dee et al., 2014]. 

The application of climate model outputs to drive a borehole temperature forward has 

demonstrated the strong coupling between near-surface air and ground temperature changes 

over decades to centuries [e.g., Beltrami et al., 2005; García-García et al., 2016; González-

Rouco et al., 2003, 2006], and has also been used to validate climate model outputs [e.g., 

Beltrami et al., 2006; Stevens et al., 2008].  

  Nevertheless, using a PSM introduces some uncertainties that must be taken into account. 

A critical point for borehole temperature is the potential influence of long-term climate 

changes, such as glacial to inter-glacial cycles, which is difficult to estimate [Orsi et al., 2012, 

Rath et al., 2012]. In addition, the simulated subsurface temperature profiles in Antarctica are 

sensitive to model parameters and inputs, such as snow accumulation, ice thickness, 
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geothermal heat flow, and the physical properties of ice or ground, which may have significant 

uncertainties. 

  Previous studies using forward models driven by climate model outputs were focused on 

ground temperature [e.g., Beltrami et al., 2005; García-García et al., 2016; González-Rouco et 

al., 2003, 2006] and not on boreholes obtained in the ice. Here, we will fill in this gap by 

simulating directly subsurface temperature for the publicly available borehole profiles 

covering the past centuries in Antarctica, using the one-dimensional heat advection and 

diffusion forward model of Orsi et al. [2012]. Our goal is to provide a protocol for evaluating 

the climate model ability to reproduce observed low-frequency (multi-decadal to centennial 

scale) variability. We will analyze two model-data comparison methods to identify the 

potential advantages and drawbacks of each approach. The easiest way is to directly compare 

the surface temperature reconstructed from the borehole measurements with the surface 

temperature time series simulated by the climate model at the grid cell closest to each site. The 

second way is to compare the simulated subsurface borehole temperature with the observation 

by driving the forward model with climate model outputs. In this case, we analyze the 

temperature at a fixed time as a function of depth. For simplicity, we will later refer to those 

two methods as a comparison in the time domain and depth domain, respectively.  

  This study is organized as follows. The borehole temperature observations, the climate 

model results, the forward model and the sensitivity of the results to key parameters of the 

forward model are briefly described in Section 2.2. Section 2.3 presents the comparison of 

simulated and reconstructed surface air temperatures, and the comparisons of simulated and 

observed borehole temperature profiles. Some metrics of the Antarctic climate for model 

validation are proposed and discussed in Section 2.4. Conclusions are given in Section 2.5. 

2.2 Data and methods 

2.2.1 Borehole temperature observations and reconstructed surface temperature 

The data used in this study include measured temperature in four boreholes in Antarctica. We 

refer to them as ‘WAIS’, ‘Larissa’, ‘Mill Island’, and ‘Styx’ respectively. Fig. 2.1 and Table 

2.1 provide their locations and corresponding references. The borehole temperature profiles 

were sampled in January 2008 and January 2009 (WAIS), December-February 2009/10 

(Larissa), the summer of 2009/10 (Mill Island), and the summer of 2014/15 (Styx). As shown 

in Fig. 2.1 (in red rectangles), the borehole temperature is affected by the seasonal cycle in the 

upper 15 meters [Bodri, et al., 2011, Chap. 1], which is not adequate for the reconstruction of 

annual mean surface temperature. Consequently, only the depth under 15 meters is used to 

reconstruct the surface temperature history and to compare it with simulated borehole 

temperature profiles. 
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Figure 2.1: The observed borehole profiles and corresponding surface temperature 

reconstructions at the four sites in Antarctica. The symbols (+) show the measured borehole 

temperature. The dashed lines represent the reconstructed uncertainty and the thick black lines 

are the mean reconstructed temperature. In (a), (b), (c), and (d), the red rectangles represent 

the borehole temperatures that are influenced by the seasonal cycle. The bottom panel shows 

the location of these four boreholes and their corresponding elevation over Antarctica. 
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Table 2.1: Location of the four boreholes. The elevation is in meters above sea level (m a.s.l.). 

Depth is in meters (m). 

 

The temperature reconstructions and their uncertainty estimates for the four boreholes are 

shown in Fig. 2.1. For WAIS, Mill Island, and Styx, the reconstructed surface temperature 

series (Fig. 2.1 a, c, d) are computed using a generalized least-squares algorithm [e.g., Orsi et 

al., 2012]. For Larissa, the surface temperature is recovered by the Tikhonov regularization 

algorithm [Zagorodnov et al., 2012]. This method has been proved to be valid for inverse 

problems such as the reconstructions based on borehole temperature observations, and the 

details of this method are explained in Nagornov et al. [2001, 2006]. Since the temperature 

reconstructions are sensitive to the technique used, when we drive the borehole temperature 

model selected in this study by the published reconstructed temperature histories and compare 

them to the observed borehole temperature, differences are found. They are likely attributed 

to the different methodologies and hypotheses. However, they are relatively small (Fig. A6), 

suggesting that they do not have a major impact on the conclusions. 

2.2.2 Climate model simulations 

The simulated surface air temperatures used in this study (Table 2.2) are extracted from general 

climate model (GCM) simulations covering the past millennium performed in the framework 

of the third phase of the Past Model Intercomparison Project [PMIP3; Otto-Bliesner et al., 

2009] and the fifth phase of the Coupled Model Intercomparison Project [CMIP5; Taylor et 

al., 2012]. These simulations cover the period 850-1850 CE (referred to as the past1000 

experiment in CMIP/PMIP nomenclature) and the years 1850-2005 CE (historical period). For 

the majority of the models, the simulations start thus in 850 CE and finish in 2005 CE. 

However, for two of the models, CESM1-CAM5 and MPI-ESM-P, the historical simulations 

covering 1851-2005 CE were performed independently of the simulations covering 850-1850 

CE. In order to obtain results over the full millennium, we adopt the approach from Klein and 

Region  Referenced 

Name 

Latitude Longitude Depth 

(m) 

Elevation 

(m a.s.l) 

Reference 

West 

Antarctica 

WAIS 79°28′S 112°05′W 3400 1766  Orsi et al. 

[2012] 

Antarctic 

Peninsula 

Larissa 66°02′S 64°04′W 447.73 1975.5 Zagorodnov et 

al. [2012] 

East 

Antarctica 

Mill Island 65°33′25.84″S 100°47′11.44″E 500 503 Roberts et al., 

[2013] 

Western 

Coast of the 

Ross Sea 

Styx 73°51.10′S 163°41.22″E 550 1623 Yang et al., 

[2018] 
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Goosse [2018] and merge the first ensemble members (r1i1p1) of the past1000 experiment 

with the corresponding ensemble members of the historical experiment. Although not 

continuous, there is no large discrepancy in 1850 CE between the two merged simulations 

[e.g., Klein and Goosse, 2018]. 

  These simulations are driven by natural (orbital, solar irradiance, volcanic) and 

anthropogenic (well-mixed greenhouse gases, ozone, aerosols, land use/land cover) forcings 

[Schmidt et al., 2011, 2012]. Note that, BCC-CSM1-1 and IPSL-CM5A-LR ignore the impact 

of land use/land cover, and IPSL-CM5A-LR does not consider any variations in aerosols and 

tropospheric ozone. Further description of the simulations and the forcing can be found, for 

instance, in Klein et al. [2016]. For CESM1-CAM5, it produces 12 different simulations with 

the same physics and same input forcings but slightly different initial conditions in the model. 

Therefore, the differences between ensemble members attributable to the process internal to 

climate system provide an estimate of the internal variability. For CCSM4, GISSE2-R, IPSL-

CM5A-LR, MPI-ESM-P and BCC-CSM1-1, there is only one simulation available. In addition, 

although we can obtain the simulated surface mass balance (SMB) from these models [e.g., 

Dalaiden et al., 2020], we do not use it here and keep the observed accumulation rate in the 

forward model since biases in the simulation of SMB may affect our conclusions and the focus 

here is on the simulated temperature evolution. 

Table 2.2: Climate model simulations used to drive the forward model. 

Name Model resolution 

(lat × lon) 

Number of 

simulations for 850-

1850  

Number of 

simulations for 

1850-2005  

Reference 

CESM1-CAM5 96 × 144 12 12 Otto-Bliesner et al., 

(2016) 

GISS-E2-R 90 × 144 1 1 Schmidt et al. [2014] 

IPSL-CM5A-LR 96 × 96 1 1 Dufresne et al. [2013] 

MPI-ESM-P 96 × 192 1 1 Stevens et al. [2013] 

CCSM4 192 × 288 1 1 Gent et al. [2011] 

BCC-CSM1-1 64 × 128 1 1 Wu et al. [2014] 

 

2.2.3 The forward model description 

The forward model used herein to simulate the propagation of the signal coming from the 

surface temperature history into the subsurface is based on the one-dimensional heat and ice 

flow equation [Alley and Koci, 1990]: 
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      𝜌𝑐𝑝
𝜕𝑇

𝜕𝑡
=

𝜕

𝜕𝑧
(𝑘

𝜕𝑇

𝜕𝑧
) − 𝜌𝑐𝑝𝑤 

𝜕𝑇

𝜕𝑧
+ 𝑄                (1) 

where T is the temperature, t is the time, 𝑐𝑝 is the heat capacity, 𝜌 is the density of firn/ice, 

𝑧 is the depth, 𝑤 is the downward velocity of the firn/ice, 𝑄 is the heat production term. In 

the Eq. 1, the term on the left side represents the change in heat content. On the right side, the 

first term corresponds to the rate of temperature change due to conduction based on the 

Fourier’s law. Ice moving vertically (z-direction) with downward velocity, 𝑤, conveys a heat 

flux 𝜌𝑐𝑝𝑤T across a plane of unit area, oriented perpendicular to z, which is accounted for in 

the heat transfer by advection shown as the second term. The third term, 𝑄, consists of two 

parts: (1) ice deformation [Cuffey and Ocean Sea 2010, Chap. 9, Eq. 9.30] and (2) firn 

compaction [Cuffey and Paterson, 2010, Chap. 9, Eq. 9.33]. Important model parameters are 

obtained from the references given in Table 2.1, and they are summarized in Table 2.3. A 

detailed description of the model is available in the supplement material. 

 

Table 2.3 Optimal parameters used to simulate subsurface temperature profile in the forward 

model driven by the reconstruction for each site: (a) WAIS; (b) Larissa; (c) Mill Island; (d) 

Styx.  

Site Surface temperature 

for steady state (℃) 

Accumulation 

rate (m/second) 

Temperature 

(T) at bottom 

(℃) 

T gradient at 

bottom 

(℃/m) 

Ice thickness 

(m) 

WAIS -29.73 6.97×10-9 -4.685 0.0256 3400 

Larissa -16 4.147×10-8 -10.2 -0.04 447.73 

Mill Island -14.6 4.53×10-8 -14.6 0 500 

Styx -32.5 2.6985×10-9 -20.5 0.022 550 

 

2.2.4 Sensitivity of subsurface temperature to model parameters 

According to the original studies describing the records and the surface temperature 

reconstructions, the various parameters in the forward model have effects of different 

magnitudes on the results for the different sites. Consequently, in order to assess the 

uncertainty in the model-data comparison related to the parameters of the forward model, we 

perform a series of sensitivity experiments on the parameters which have been shown to have 

the largest effects on each of the borehole profiles shown in Fig. 2.2. 
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Figure 2.2: Comparison of borehole temperature profile outputs for the forward model driven 

by GCM surface temperature time series with optimal parameters (solid lines), and sensitivity 

tests using the temperature history of one CESM member (dashed lines) at each site. (a) WAIS: 

15-300 m; (b) WAIS: 15-50 m; (c) Larissa: 15-430 m; (d) Larissa:15-50 m; (e) Mill Island:15-

150 m; (f) Mill Island:15-50 m; (g) Styx:15-200 m; (h) Styx:15-50 m. The shaded area 

represents the simulated subsurface temperature ensemble driven by CESM using optimal 

parameters. The thick dash-dot line denotes the stationary profile at each site. 
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  At WAIS-Divide, the spread of the sensitivity tests is lower than the spread in the simulated 

borehole profiles driven by different climate model results (solid lines in colour in Fig. 2.2 a 

and b). However, the initial temperature derived from a steady state profile has an influence 

on the slope of the profile in the deeper part and on the depth of the temperature minimum, 

contributing to the uncertainty in the intensity of the pre-1900 cooling trend and the timing of 

the temperature minimum.  

  At Larissa, the effect of the bottom boundary conditions is important in setting up the 

temperature gradient from the bottom to 300 m, and therefore, we will not interpret that 

segment of the data in terms of climate. It is also evident in Fig. 2.2 c that the different 

temperature histories produce a very similar depth profile over that interval.  

  At Mill Island, the borehole profile is shallow and covers only a fraction of the full thickness 

of the ice sheet. At sites with such a deep ice sheet and with a high accumulation rate, the 

optimal surface temperature history was found to be essentially independent of the location of 

the imposed bottom boundary condition for depths in excess of 180 m below the surface 

[Roberts et al., 2013]. Consequently, here we modelled the temperature by assuming a zero 

heat flux bottom boundary. Although the initial temperature has an influence on the slope of 

the profile deeper than 120 m, this sensitivity is weak at the depth shallower than 80 m, and 

the borehole profile is dominated by the surface temperature history. 

  At Styx, the bottom boundary condition is adjusted to reproduce the slope of the temperature 

profile in the deeper part (100-200 m). The simulated borehole profiles driven by GCMs (solid 

lines in Fig. 2.2 e) show the large deviation in the top 100 m compared to the stationary 

temperature profile, which suggests that there is climate information stored in the upper part 

of the profile. Meanwhile, At depths below 50 m, the effect of boundary conditions is weaker 

than the differences in the temperature histories from the different models, which implies that 

the borehole temperature data can be used to discriminate between temperature histories 

provided by the different models.  

  The internal variability also has a significant impact on the shape of the simulated borehole 

profiles. At these four sites, the range of simulations driven by the CESM ensemble is much 

larger than the range of the different sensitivity tests in the top of 50 m (shown as the shaded 

area in Fig. 2.4 b, d, f, and h). This confirms that internal variability is a dominant source of 

uncertainty in a model-data comparison, at least in the top 50 m. For the deeper part of WAIS, 

as the shape of subsurface temperature profiles is influenced by the parameters of the forward 

model, the evaluation of the long-term cooling trend is more uncertain. 
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2.3 Results 

3.1 Comparison between the simulated temperature and reconstructions  

 
 

Figure 2.3: Comparison between reconstructed surface temperature series from boreholes 

and the climate model outputs at the grid cell closest to each borehole site. The borehole 

reconstructions are in black and their uncertainty ranges are given by the dashed lines. Colour 

lines correspond to the climate model results. The shaded area represents the mean ±1 

standard deviation of the CESM model ensemble. For the left column, a 50-year Lowess 

smoothing has been applied for the WAIS and Styx time series; Larissa and Mill Island are 

smoothed using 10-year and 3-year windows respectively. The time series in the right column 

is smoothed using 3-year from 1900 to 2005 CE.  
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Figure 2.4: Linear trends for the four boreholes over different periods: (a) WAIS: 1000 to 

1600 CE; (b) WAIS: 1900 to 2005 CE; (c) Larissa: 1825 to 1925 CE; (d) Larissa: 1900 to 

2005 CE; (e) Mill Island: 1950 to 2005 CE; (f) Styx: 1900 to 2005 CE. 

Figure 2.3 displays the comparisons between climate model results and temperature 

reconstructions from the boreholes. The simulated temperatures displayed in Fig. 2.3 come 

directly from the surface temperature calculated by the climate model, based on its own 

dynamics and the forcing applied as discussed in Section 2.2. In order to ensure that the climate 

model results have the same mean over the reference period (which is the whole period derived 

from the reconstruction) as the reconstruction, we applied a very simple, constant correction 

to remove the mean bias of the climate model results as shown in Fig. 2.3. Due to the nature 

of physical diffusion, the heat propagation acts similarly as a low-pass filter. The 

reconstructions thus suffer from an attenuation of high frequency temperature variability that 

becomes stronger as time goes back [Beltrami et al., 2006; Harris and Gosnold, 1999]. For 

instance, in the reconstructed surface temperature of Styx, the point corresponding to 1800 CE 

in the curve may represent an average temperature between around 1600 CE and 1900 CE, 

while in 1900 CE it corresponds to an average over around 200 years. This characteristic 

complicates the model-data comparison. Therefore, in order to facilitate the comparison 

between the reconstruction and climate model results, we use variable smoothing to mimic the 

characteristic as much as possible. Since the reconstructions have much wider ranges than 

those from the climate model results, the basic compatibility between the model and data will 

not be changed due to various smoothing. Nevertheless, Fig. 2.3 must be interpreted carefully 

because of this inhomogeneous smoothing.  
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  Because of the internal variability of the system, a single simulation without error bound is 

not expected to reproduce well all the characteristics of the observed variations. The difference 

can be large, in particular at the local level [e.g., Goosse et al., 2005], but the observations 

should correspond to a credible member of an ensemble of simulations. Ensuring this 

compatibility can be achieved using various techniques but the first step is to simply check if 

the reconstruction is within the range provided by the ensemble [e.g., PAGES2k-PMIP, 2015].  

  Considering the large uncertainty range in these reconstructions, the climate models are 

visually able to reproduce the general characteristics of reconstructed temperature variability, 

particularly the long-term cooling during the last millennium and the recent warming (Fig. 2.3 

and 2.4). Nevertheless, disagreements have also been identified.  

  The first major feature in the data is this long-term cooling trend, visible at the WAIS-Divide 

and Larissa sites. At Larissa, the borehole temperature reconstruction gives a cooling trend of 

-0.94 ± 0.12 °C/century from 1825 to 1925 CE [Zagorodnov et al., 2012]. None of the models 

is able to reproduce this observation, and instead, they all show a warming trend of comparable 

magnitude (Fig. 2.3 c and 2.4 c). At WAIS-Divide, the borehole temperature inversion also 

shows a long-term cooling trend, from 1000 CE to about 1600 CE, with a magnitude of -0.10 

± 0.07 °C/century (Fig. 2.3 a). The large uncertainty in the long-term trend is principally due 

to the uncertainty in the initial surface temperature [Fig. 2.2 a; Orsi et al., 2012, their Fig. 3]. 

The quantitative comparison between the trend of reconstructions and climate model outputs 

(Fig. 2.4 a) indicates that the simulations generally show a cooling trend over 1000-1600 CE, 

in agreement with previous studies [e.g., Goosse et al. 2012, Abram et al. 2016, Klein et al. 

2019]. The amplitude of the trend is lower, particularly for GISS (-0.01 °C/century) and IPSL 

(-0.03 °C/century) models, but most remain within the lower end of the reconstructed 

uncertainty range. This long-term cooling trend is a feature of the Antarctic climate that is 

visible in many other ice core records [Stenni et al., 2017]. A recent compilation of PAGES 

Antarctica 2k datasets calculated a trend of -0.26 to -0.4 °C/1000 years for the period 0-1900 

CE for the Antarctic continental average [Stenni et al., 2017]. In the high latitudes of the 

Southern Hemisphere, the origin of this millennial-scale cooling is currently not well 

understood, but an intermediate complexity model has shown a multi-millennial cooling in 

summer because of a delayed response to the decrease in local spring insolation [Renssen et 

al., 2005] with also a potential influence of volcanic forcing [Goosse et al. 2012, Abram et al. 

2016, Stenni et al. 2017].  

  A second feature of the data is a warming trend in the twentieth century, which started at 

different times in the different records. Styx shows an early warming trend from 1900 to 1980 

CE, and general stabilization of the temperature afterward (Fig. 2.3 h). This signal is consistent 

with the data from weather stations, and ice core isotope-derived records [Yang et al., 2018]. 

Models tend to show the opposite timing, with nearly no trend from 1900 to 1960 CE, and a 

late warming trend that differs in amplitude between models. Overall, the simulated warming 
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of the 20th century is about half of what is observed (Fig. 2.4 f), with bcc (1.63 °C/century) 

and CCSM4 (1.23 °C/century) having the largest trends, closest to the observations 

(1.81 °C/century). 

  Larissa shows a temperature minimum in the 1940s, followed by a steady warming trend 

until around 1995. The magnitude of the 20th century trend is 1.99 °C/century. Most models 

reproduce the timing of the warming reasonably well, with the exception of MPI, which shows 

an early warming, but no trend in 1940-2005, and GISS, which has a very muted trend. If the 

trend present in the other models is too low, it seems rather due to a lack of cooling in the 

preceding century, than because of errors in the latest decades. 

  Mill Island shows a late warming trend starting in the 1980s. Models tend to overestimate 

this trend (Fig. 2.4 e), in particular IPSL, bcc and CCSM4. Similarly to Mill Island, WAIS-

Divide also shows a positive trend over the period 1900-present that intensifies after 1980. 

The amplitude of the 20th century warming (0.53 °C/century) is well simulated, but the start 

of the trend occurs sometimes too early, with the exception of CESM, bcc and IPSL, which 

show a late warming trend (Fig. 2.3 b).  

  Overall, for WAIS (Fig. 2.4 b) and Larissa (Fig. 2.4 d), the reconstructed trends lie in the 

CESM ensemble range, suggesting many apparent model disagreements for those sites can be 

due to internal variability. For Styx (Fig. 2.4 f) and Mill Island (Fig. 2.4 e), the reconstructed 

trends are larger than the spread of the CESM ensemble, which means the disagreements are 

not only due to internal climate variability but are related to a systematic climate model bias 

in this region. 

  However, as stated above, borehole temperature reconstructions are “underdetermined”, 

which means that there are many possible temperature histories that can fit the data (a more 

detailed explanation of “underdetermined” is given in the Introduction). The next step is to 

determine if the differences between simulated and reconstructed time series can be 

discriminated when analyzing observed and simulated temperature profiles. 

2.3.2 Comparison of the simulated subsurface temperature with observation 

The simulated subsurface temperature profile is the result of the superposition of two 

components: (1) the initial temperature profile that incorporates the effects of basal heat flux 

and vertical advection due to ice accumulation; (2) the subsurface temperature deviations 

arising from the surface temperature variability. Since the initial temperature profile for each 

borehole is obtained by driving the forward model with the optimal parameters obtained from 

the original publications (see Section 2.4), the differences among the simulated borehole 

profiles for each location are caused only by the changes in the upper boundary, i.e., in the 

climate model outputs. The simulated subsurface temperature profiles for each borehole are 

displayed in Fig. 2.5.  
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Figure 2.5: Comparisons between simulated subsurface temperature and measurements for: 

(a) WAIS: 15-300 m; (b) WAIS: 15-50 m; (c) Larissa: 15-430 m; (d) Larissa:15-50 m; (e) Mill 

Island:15-150 m; (f) Mill Island:15-50 m; (g) Styx:15-200 m; (h) Styx:15-50 m. The shaded 

area represents the simulated subsurface temperature ensemble driven by the CESM ensemble. 

The right panel is a zoom over the upper 50m for each borehole.  

  As previous studies shown [e.g., Bodri, Louise, and Vladimir Cermak, 2011, Chap. 2], a ‘U’ 

shape subsurface temperature profile is direct evidence of past climate change with a minimum 

that separates the deeper warming trend due to geothermal heating and the shallower warming 

trend related to a recent temperature increase [Orsi et al., 2012; Stevens et al., 2008]. Among 

these four sites, WAIS and Larissa have such characteristics of a ‘U’ shape. For Mill Island, 

this is less clear but a significant breaking point in each simulated subsurface temperature 

profile reflects the surface temperature warming over recent decades. For Styx, such a break 

does not seem to be present at all and the slope does increase with depth.  

  Aided by these key properties, we can identify a link between the interpretation in the depth 

domain and in the time domain. The analysis of the simulated and observed temperature profile 

confirms the main conclusion obtained in Section 2.3.1, in particular the agreement between 

the model and data on the general tendencies, characterized by a long-term cooling trend over 

the last millennium and the recent warming. For the deeper part of the profile, the simulated 
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temperature profiles driven by MPI, IPSL, and GISS at WAIS almost coincide with the 

corresponding observation, but they fail to reproduce the depth of the temperature minimum 

around 120 m in the data. This is consistent with the fact that IPSL and MPI are at the edge of 

the reconstructed cooling trend of the last millennium and GISS presents a significant 

underestimation of this trend (Fig. 2.4 a). On the other hand, the CESM ensemble follows the 

borehole temperature profile (shaded area in Fig. 2.5 a), and can also reproduce the magnitude 

of the cooling trend for some of the members (Fig. 2.4 a). Specifically, the minima in the 

simulated profiles driven by MPI, IPSL, GISS, and CESM are -30.06 ℃, -30.06 ℃, -30.07 ℃, 

and a range of -30.8 ℃ to -30.17 ℃ respectively, which is very close to the minimum of -

30.08 ℃ in the observation.  

  At Larissa, the bottom (270-450 m) of the profile is controlled by boundary conditions (Fig. 

2.2 c), and contains no climate information, as demonstrated by the fact that all curves are on 

top of each other in Fig. 2.5 c. Additionally, no simulation has a pronounced inflection point 

around 170 m as shown in the observations. These characteristics are perfectly consistent with 

the lack of a cooling trend from the mid~19th century to the early 20th century in the 

simulations (Fig. 2.3 c). We conclude from this that the cooling trend of 1825-1925 CE is a 

robust feature in the data that can be used to benchmark climate models.  

  For the recent warming, we see some significant discrepancies among the simulated 

subsurface temperature profiles driven by different climate models at the four boreholes in the 

depth domain that are consistent with the signal analyzed in the time domain. For WAIS, in 

the uppermost part, the simulated subsurface temperature profiles driven by GISS, CCSM4, 

and bcc display significantly higher temperatures than those in the observations, while IPSL 

and MPI-simulated profiles are close to the observations (Fig. 2.5 b). This is in perfect 

agreement with the too high temperatures in models compared to the reconstructions in the 

second half of the 20th century (Fig. 2.3 b).  

  For Larissa, all simulated profiles display an increasing temperature toward the surface as 

in observations but with different magnitudes and shapes (Fig. 2.5 c). The temperature in the 

simulation driven by the MPI displays a relatively rapid increase until around 100 m and then 

is constant, which is consistent with the near constant temperature from 1940-2005 CE (Fig. 

2.3 d). For the ones driven by CCSM4 and bcc, they are warmer than the observations between 

the depth of 15 to 50 m, which reflects the consistently larger temperature shown in Fig. 2.3 

d. The IPSL-simulated subsurface temperature profile displays the largest similarity to the 

observations, whilst the simulations performed with CESM can cover almost all the 

observations in the shallow zone. 

  For Mill Island, the simulated subsurface temperatures are larger than observations above 

50 m, confirming the too large warming trend deduced from the analysis of surface 

temperature. In particular, the IPSL model has the largest warming trend (Fig. 2.3 e and 2.3 f) 
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and also has the warmest temperature profile (Fig. 2.5 e and f), followed by MPI. For Styx, 

the main discrepancies occur over the shallow depths, between 15 to 60 m, where all the 

simulations depict colder conditions compared with observations (Fig. 2.5 g and h), as for the 

surface temperature over the recent decades on Fig. 2.3. 

  We also find in the depth domain some signals that are not obvious in the time domain. In 

particular, for WAIS, one of the CESM runs matches the warming trend of the top 100 m, 

while in the time domain, the CESM ensemble is significantly colder than the reconstruction 

over recent decades. The CESM outputs generally follow the data in the deeper part of the 

profile (200-300 m), and have an even steeper slope between 100 and 200 m (Fig. 2.5), while 

in the time domain, the cooling trend is underestimated (Fig. 2.4 a). In addition, for WAIS, the 

simulated subsurface temperature profiles driven by CCSM4 and bcc in the deeper part of the 

profile are colder than observations, but the warming trend starts deeper, at about 200 m 

against 120 m in the observations. This seems puzzling because, in the time domain, the 

cooling trend continues until 1800 CE for CCSM4 (Fig. 2.2 a, yellow). However, the larger 

warming in the last 100 years is probably shifting the temperature minimum downwards. This 

example shows that it is difficult to pinpoint the date corresponding to a temperature minimum 

in the depth profile, because it depends on the respective speed of warming and cooling before 

and after. At Mill Island, in the deeper part (around 140 to 100 m) of the profile, the simulated 

subsurface temperature profile driven by IPSL, is very different from the other ones, with a 

slightly decreasing temperature and a colder climate than observations. However, in the time 

domain, the difference compared to other time series for IPSL was much less clear (Fig. 2.3 e) 

but the consistency between these two domains still exists, and especially the temperature 

minimum in 1980 CE might correspond to the deeper part (around 100 m) in the depth domain.  

  The comparison between the analyses in the two domains appears thus complementary and 

instructive as it illustrates that the interpretation may be easier in one case or the other. It also 

shows the observations can help to evaluate the models by comparing different borehole 

temperature profiles driven by different climate model results with the corresponding 

observations. In particular, the analysis of the simulated temperature profiles confirms that the 

CESM ensemble can reproduce the multi-decadal and centennial climate variability at WAIS. 

2.4 Proposed metric of Antarctic climate for model validation 

In this section, we use the results of the previous section to describe a few metrics that can be 

used easily to evaluate the next generation of climate model simulations [e.g., PMIP4-CMIP6, 

Jungclaus et al., 2017], and investigate the spatial representativity of the records.  

2.4.1 Metric 1: last millennium cooling at WAIS Divide 

Of the four records presented here, WAIS-Divide has the longest retrievable history. We 

propose here to use the temperature trend of the period of 1000 to 1600 CE as a metric, with a 
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magnitude of -0.102 ± 0.07 ℃/century (Fig. 2.4 a). The end of the cooling trend is not 

clearly defined by the data, due to the complex time-varying smoothing of the borehole 

temperature record, but 1600 CE seems to be safely in the cold interval [see Orsi et al., 2012, 

for details]. The start of the period is more open, and we chose 1000 CE to be compatible with 

the last millennium simulations. External evidence from a compilation of water isotope records 

indicates that the cooling trend extended likely from 0 to 1900 CE in many parts of Antarctica 

[Stenni et al., 2017]. It is a robust feature of the Antarctic climate of the last 2 ka, and the 

WAIS-Divide record is unique in providing a clear quantification of the temperature trend. 

 

Figure 2.6: The simulated (blue-red shading area) and observed (circle) surface temperature 

trend from 1000 to 1600 CE in Antarctica.  
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Figure 2.7: The ratio of the surface temperature trend (blue-red shading area) from 1000 to 

1600 CE between other grid cells in Antarctica and WAIS-Divide. The black circle denotes 

the location of the WAIS-Divide. 

  In Fig. 2.6, we show the 1000 to 1600 CE surface temperature trend at WAIS-Divide and 

other sites in Antarctica from the model output. Visually, for most simulations, the cooling at 

the grid cell of WAIS-Divide is similar to the one obtained at many locations in West 

Antarctica. Only the first member of CESM and GISS show a small warming trend in West 

Antarctica. The large spatial coherence of the trend indicates that, although we are making a 

single point comparison, it represents a signal common to a large part of the continent. It is 

also important to estimate the magnitude of the trend at WAIS compared to other regions. To 

do so, we calculate the ratio of the trend of surface temperature from 1000 to 1600 CE at any 

location with the one at WAIS-Divide (Fig. 2.7). Except the first member of CESM, if the 

value is greater than 1 (shown in red tones), it means that the trend at the grid cell is larger 

than that at WAIS-Divide; if the value lies between 0 and 1 (shown in blue tones), it means 

that the trend at the grid cell is less than that observed at WAIS-Divide. Negative values (i.e., 

a trend of a different sign compared to WAIS) are not shown and the corresponding region is 

blank. Since the goal of Fig. 2.7 is to show the intensity of cooling at WAIS compared with 

other points in Antarctica, the first member of CESM 1, which shows a warming trend close 
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to zero at WAIS, is not very meaningful but it is still included for completeness. 75% models 

show WAIS displays a larger cooling from 1000 to 1600 CE than other locations in Antarctica 

(shown in blue) but with a magnitude similar to other grid cells in West Antarctica. This is 

consistent with the reconstruction of Stenni et al. [2017] which shows the largest cooling in 

this region over the period 0-1900 CE [Stenni et al., 2017]. The spatial patterns of the trends 

(Fig. 2.7) are different between models, but also within the CESM ensembles, showing that 

the changes in Antarctica are strongly influenced by internal variability, even at century 

timescale. Future work including more sites, or using water isotopes and the Antarctica-2K 

database will help constrain the spatial pattern of this trend.  

2.4.2 Metric 2: nineteenth century cooling at Larissa 

The second metric is the surface temperature trend over the period from 1825 to 1925 CE at 

Larissa, with a magnitude of -0.94 ± 0.12 ℃/century. Fig. 2.8 shows the spatial correlation 

between the temperature from 1825 to 1925 CE at Larissa and other grid cells for each climate 

model. As there are no significant differences between each member in the CESM ensemble 

(see the Fig. A1), only one member CESM1 is presented in Fig. 2.8. Despite the correlation 

coefficient decreasing with the distance from the Larissa, the values are higher than 0.6, at 

least around Larissa, showing that this metric is representative of part of the AP region, and 

not extremely site-specific.  

 

Figure 2.8: The correlation map (blue-red shading area) showing the relationship between 

the temperature from 1825 to 1925 CE at Larissa and other grid cells in Antarctica for each 

climate model. The black dotted contour lines show a significant correlation at the 99 % 

significant level. 
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  None of the models is able to capture the observed temperature trend from 1825 to 1925 CE 

(Fig. 2.9). Overall, models are showing a warming trend (largest for CCSM4, MPI and BCC), 

contradicting the observations, as highlighted already in Fig. 2.4 c. Only four members of 

CESM (CESM1, 7, 8, and 9) show a cooling trend over AP, but their magnitudes are still less 

than the observed one.  

 

Figure 2.9: The simulated (blue-red shading area) and observed (circle) surface temperature 

trend from 1825 to 1925 CE.  

  The 19th century is a time period when the Northern Hemisphere has started warming, 

whereas Southern Hemisphere records [Neukom et al., 2014], and specifically Antarctica, 

show no general warming trend [Stenni et al., 2017]. Models tend to overestimate the 

interhemispheric synchronicity [Neukom et al., 2014], and show a warming trend also in 

Antarctica, possibly in response to the anthropogenic forcing. This metric is thus an important 

tool for future research to evaluate whether the model data mismatch is due to internal 

variability (which will be investigated with more ensembles of the same model), or to an 

overestimated sensitivity to the anthropogenic forcing.  

2.4.3 Metric 3: recent warming trend 

The warming trend of the last 50 years is one of the clearest features of the observations. Here 

we propose a metric of the warming trend from 1950 to 2005 CE at each of the four sites, to 

investigate whether model can reproduce these features.  
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  First we look at the spatial correlation of the temperature between each site and other grid 

cells for all GCMs (Fig. 2.10). Only one member of CESM1 is presented in Fig. 2.10 since no 

significant difference is observed between each member in CESM ensemble (see in the Fig. 

A2-A5). The correlation is calculated on annual data for 1950 to 2005 CE. It is clear that each 

of our borehole temperature sites gives information about different sectors of Antarctica. 

Generally speaking, WAIS is representative of the West-Antarctic continent, with a more 

pronounced dipole between WAIS and the Weddell Sea sector in MPI, and to a lesser extent 

CESM and GISS. Larissa is representative of the AP as a whole, and from this resolution of 

climate model results, there is no evidence of a dipole between both sides of the Transantarctic 

mountains. Similar to WAIS, MPI has the strongest expression of a dipole between the AP and 

East Antarctica, a feature that is weaker but also present in GISS. Mill Island is generally 

representative of the Wilkes Land sector of East Antarctica, with the largest spatial 

homogeneity for BCC and IPSL (Fig. 2.10 c). Finally, for Styx, the models with the largest 

spatial homogeneity (BCC and IPSL) show a strong correlation between Victoria Land and 

the rest of East Antarctica.   

  Figure 2.11 shows the surface temperature trend from 1950 to 2005 CE. The strong warming 

trend at Larissa is underestimated in all the models except the CESM ensemble (Fig. 2.11 b). 

Additionally, three out of twelve CESM simulations indicate cooling in West Antarctica, 

which is coherent with the hypothesis that part of the observed warming is due to unforced 

variability and that models are not expected to match this trend perfectly. The warming at Mill 

Island is relatively well reproduced. However, none of the models can reproduce the muted 

recent warming seen at Styx. The lower spatial representativity of this site (Fig. 2.10) leads us 

to interpret this as local processes missing in low resolution GCMs, such as the influence of 

topography on katabatic wind forcing, rather than a large scale failure of models to represent 

reality. 
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Figure 2.10: The correlation map showing the relationship between the temperature from 

1950 to 2005 CE at WAIS (a), Larissa (b), Mill Island (c), Styx (d) and other grid cells for 

each climate models. The red dashed contour lines show a significant correlation at the 99 % 

significant level. 

 

Figure 2.11: Linear trends for the four boreholes from 1950 to 2005 CE: (a) WAIS; (b) Larissa; 

(c) Mill Island; (d) Styx. 
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2.5 Conclusion 

In this study, we test two complementary ways to evaluate the climate model performance 

using borehole temperature observations. The standard way is to compare the reconstruction 

of surface temperature with simulated values in the time domain. The successful application 

here of a forward model driven with climate model results provides an additional way to jointly 

analyze model results and borehole temperature measurements. In contrast to the model-data 

comparison in the time domain, the forward model allows us to reproduce the subsurface 

temperature profile and compare it directly with the measured borehole temperature profile. 

  The comparison of the surface temperature time series is simpler and more straightforward 

but it is limited by the different resolutions of the reconstructions and climate model results. 

Nevertheless, some robust conclusions can be derived from this model-data comparison that 

is confirmed by the direct analyses of the temperature profiles as a function of the depth. For 

instance, the long-term cooling trend over the last millennium observed at WAIS is relatively 

well reproduced in all models but with a weaker amplitude, which means the model maybe 

miss some feedback or low-frequency internal variability. Most simulations agree with data 

on a recent warming but the magnitude and timing vary a lot between models for the four sites. 

The large variability of the trends over the 20th century within the CESM ensemble for WAIS 

and Larissa suggests that many apparent model disagreements for those sites can be due to 

internal variability while the disagreement for Styx and Mill Island may be related to local 

processes not captured by global models.  

  The comparison of the model output and data in the depth domain is useful because the 

borehole temperature inversion is an under-determined problem, and many different 

temperature histories could fit the data equally well. The comparison of the temperature 

profiles confirms the conclusions found in the time domain, and validates the significance of 

some of the differences found. Some features are however difficult to interpret, such as the 

depth of the temperature minimum at the WAIS Divide site. This points to the complexity of 

the interpretation of the borehole profiles, and the complementary use of the analyses in the 

depth and time domain.  

  Finally, some metrics derived from the corresponding reconstructions are proposed to be 

used more widely in model evaluation. The metrics used are demonstrated to be generally 

representative of a large spatial area, although they are calculated at a specific site. The results 

confirm that no models can reproduce the cooling during the 19th over the AP and a 

stabilization of the temperature over the last 50-years in northern Victoria Land. Nevertheless, 

these models can capture the larger long-term cooling from 1000 to 1600 CE in West 

Antarctica, and the recent 50-years warming in West Antarctica and the AP. This work brings 

quantitative tools to evaluate models and better simulate the Antarctic climate and its response 

to forcings. 



Chapter 2 
 

52 
 

 



Chapter 3 
 

Lyu, Z., Goosse, H., Dalaiden, Q., Klein, F., Shi, F., Wagner, S., & Braconnot, P. (2021). Spatial patterns of multi–
centennial surface air temperature trends in Antarctica over 1–1000 CE: Insights from ice core records and 
modeling. Quaternary Science Reviews, 271, 107205. Supplementary materials are in Appendix B. 
 

3 
Spatial patterns of multi–centennial surface air temperature 

trends in Antarctica over 1–1000 CE: Insights from ice 

core records and modeling 

 

Abstract 

The spatial pattern of Antarctic surface air temperature variability on multi-decadal to multi-

centennial time scales is poorly known because of the short instrumental records, the relatively 

small number of high-resolution paleoclimate observations, and biases in climate models. Here, 

changes in surface air temperature over Antarctica are reconstructed over the past two 

millennia using data assimilation constrained by different ice core water isotope records in 

order to identify robust signals. The comparison between previous statistically based 

temperature reconstructions and simulations covering the full Common Era driven by natural 

and anthropogenic forcings shows major discrepancies occurring in the period 1-1000 CE over 

East Antarctica, with the reconstructions displaying a warming over 1-500 CE that is not 

reproduced by the simulations. This suggests that the trends in the first millennium deduced 

from the statistically based reconstructions are unlikely to be entirely forced by external 

forcings. Our reconstructions show the high sensitivity of the multi-centennial temperature 

trend in Antarctica and its spatial distribution to selection of the records for the reconstructions, 

especially during 1-500 CE. A robust cooling over Antarctica during 501-1000 CE has been 

obtained in three data assimilation–based reconstructions with a larger magnitude in the WAIS 

than elsewhere over Antarctica, in agreement with previous estimates but with the larger 

changes than simulated in climate models. The reconstructions for atmospheric circulation 

indicate the pattern of temperature changes over 501-1000 CE is related to the positive trend 

of Southern Annular Mode and the deepening of the Amundsen Sea Low. This confirms the 

role of internal variability in the temperature trends on multi-centennial scales.  
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3.1 Introduction 

Changes in surface air temperature (SAT) over Antarctica during the past decades are 

characterized by a spatially heterogeneous pattern. A general cooling is observed in many 

regions of East Antarctica that contrasts with the large warming in the Antarctic Peninsula 

(AP) and the West Antarctica Ice Sheet (WAIS) [e.g., Marshall et al., 2013; Smith and Polvani 

2017; Jones et al., 2019]. This spatial pattern is influenced by changes in atmospheric 

circulation, particularly by the positive trend of the Southern Annular Mode (SAM), a 

dominant mode of atmospheric variability associated with opposing pressure anomalies over 

middle and high southern latitudes and thus changes in the intensity of the westerly winds over 

the Southern Ocean [Marshall 2003]. However, the short instrumental records in Antarctica, 

with the majority of the observations starting after the International Geophysical Year of 

1957/58 [e.g., Bromwich and Fogt, 2004], limit our knowledge of multi-decadal to centennial 

climate changes and their underlying mechanisms. 

In order to put the recent changes into a long-term context, previous studies have reconstructed 

Antarctic SAT over the past thousand years at the regional and continental scales on the basis 

of ice core water stable isotope records [Goosse et al., 2012; PAGES 2k Consortium, 2013; 

Stenni et al., 2017; Klein et al., 2019]. Different methods and observational networks have 

been used. For instance, Goosse et al. [2012] proposed a simple averaging of seven ice core 

water stable isotope records to calculate a composite representing Antarctic SAT. PAGES 2k 

Consortium [2013] utilized a composite-plus-scaling approach based on eleven ice core 

isotopic records to reconstruct Antarctic SAT during the past two thousand years. Stenni et al. 

[2017] based their reconstructions on an expanded ice core water isotopic database including 

112 records and applied three different statistically based methods to estimate past Antarctic 

SAT changes at regional scales. Klein et al. [2019] provided a data assimilation-based SAT 

reconstruction over Antarctica by directly assimilating the regional composite δ18O of Stenni 

et al. [2017]. All these reconstructions consistently show a general cooling from 850 CE to 

1850 CE over Antarctica. Furthermore, model-data comparisons suggested that an increase in 

the frequency of major volcanic events during this period could explain this long-term cooling 

over the second millennium [Goosse et al., 2012; PAGES 2k Consortium, 2013]. 

Although these studies have provided SAT reconstructions covering the past two millennia 

over Antarctica [e.g., PAGES 2k Consortium, 2013; Stenni et al., 2017; Klein et al., 2019], 

few of them focus on changes in the Antarctic SAT during the first millennium, as noticed also 

for other regions [e.g., Esper and Büntgen 2021]. In addition, no modeling study has been 

specifically devoted to the 1-1000 CE period up to now. Compared to the ice core records 

covering the past millennium, a smaller number of data is available during 1-1000 CE [nine 

records in the database of Stenni et al., 2017]. Furthermore, they display contrasted signals. 

For instance, the δ18O signal from Plateau Remote, an ice core located in the interior of the 

Antarctic Plateau, has a large positive linear trend during the first five centuries, while the 
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record in West Antarctica (e.g., at WDC06A) shows no significant change (or even a low 

negative trend) superimposed on large centennial variability during this period [e.g., Steig et 

al., 2013]. The signals from these individual records have left an evident fingerprint on the 

regional composite of δ18O and the corresponding reconstructed SAT provided by Stenni et al. 

[2017] that shows a large warming during 1-500 CE in East Antarctica. Accordingly, the 

statistically based reconstructions present a significant east-west asymmetry in SAT trends 

during 1-500 CE. The signal appears more homogenous between 501 to 1000 CE with an 

overall cooling of Antarctica, albeit more pronounced in West Antarctica.  

Consequently, we only have a very fragmentary knowledge of the changes in the SAT during 

the first millennium. Yet, the potentially complex spatial structure of multi-centennial trends 

inferred from the existing studies may be substantially different from the one observed 

between 1000 and 1850 CE and thus may bring relevant information on the dynamics of the 

system. In this study, we aim to understand better the signals included in ice core δ18O records 

over the first millennium of the Common Era and, in particular, to determine the differences 

in SAT evolution between East and West Antarctica on multi-centennial scales. To identify 

the most robust signals and investigate the underlying mechanisms, we will first quantify 

similarities and differences between simulations in climate models and the reconstructed 

Antarctic SAT over the past two millennia, and then perform a spatial reconstruction of SAT 

changes using a data assimilation approach that combines the available ice core water isotope 

records from Antarctica with the information of the physics of the system derived from climate 

models.  

Many previous studies have successfully applied data assimilation to estimate past climate 

states [Goosse et al., 2010; Widmann et al., 2010; Steiger et al., 2018]. We follow the same 

approach as Klein et al. [2019] and Dalaiden et al. [2020], using results from an isotopic-

enabled model so that the δ18O records can be directly compared to the simulated δ18O in the 

process of data assimilation. A distinct advantage is that the δ18O-temperature relationship can 

vary with time as a function of the conditions and the link is physically consistent. In contrast, 

the statistically based reconstructions must rely on a short calibration period (e.g., the past 

decades) to infer the covariances between δ18O and SAT that will be applied to estimate SAT 

changes over the past two millennia [Stenni et al., 2017]. This can have a clear influence on 

the skill of those reconstructions as the covariances between δ18O and SAT can display large 

variations over the past millennium among different Antarctica regions [Klein et al., 2019]. 

The paper is organized as follows. Section 3.2 describes the methodology, including the 

climate model simulations (Section 3.2.1), the data (Section 3.2.2), the data assimilation 

technique (Section 3.2.3), and the experimental design (Section 3.2.4). The general 

characteristics of the simulated SAT changes over the full Common Era in climate models and 

a comparison with data are shown in Section 3.3. The reconstructions of δ18O and SAT 

obtained by data assimilation are presented in Section 3.4.1 and 3.4.2, respectively, and the 
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corresponding mechanisms are analyzed in Section 3.4.3. Results from sensitivity experiments 

are discussed in Section 3.5, and the robustness of our results is assessed in Section 3.6 by 

comparison with independent proxies over Antarctica. Finally, conclusions are given in 

Section 3.7. 

3.2 Data and methods 

3.2.1 Climate model simulations 

The climate model simulations selected for this study are divided into two categories according 

to their time span. We will refer to them as corresponding to (1) the full pre-industrial Common 

Era (1-1850 CE); and (2) the pre-industrial past millennium (850-1850 CE). The latter 

category mainly contains simulations performed with general circulation models (GCMs) in 

the framework of the Paleoclimate Modeling Intercomparison Project Phase 3-Coupled 

Modelling Intercomparison Projects 5 (PMIP3-CMIP5 models). They are driven by natural 

(orbital, volcanic, and solar) and anthropogenic (greenhouse gases, land use, aerosol) forcings 

[Schmidt et al., 2012, Taylor et al., 2012]. The list of selected models with some key 

characteristics is provided in the supplementary material (Table B.1). In addition, a simulation 

covering the past millennium (850-1850 CE) performed with an isotope-enabled general 

circulation model (iGCM), iCESM1 [Brady et al., 2019], is also used here. This simulation is 

driven by the same transient external forcing as those for PMIP3. Cavitte et al. [2020] have 

evaluated the iCESM1 simulations of Antarctic SAT, precipitation, and atmospheric 

circulation for 1979-2000 CE against the latest version of the Regional Atmospheric Climate 

Model [RACMO2.3p2, hereafter RACMO, van Wessem et al., 2018], showing good 

agreement. The precipitation-weighted δ18O pattern under the present-day condition in iCESM 

underestimates the spatial variability of δ18O for most of the ice sheet surface compared to ice 

core records [Cavitte et al., 2020], but this bias is small, justifying the use of this model here 

(see Section 3.2.3). 

For climate model simulations covering the full pre-industrial Common Era, we collected three 

simulations performed with GCMs: CESM1 [Zhong et al., 2018], MPI-ESM-P [Stevens et al., 

2013], and IPSL-TR6A-MR [Braconnot et al., 2019], as well as an ensemble of simulations 

performed with Earth System Model (ESM) of intermediate complexity LOVECLIM [Shi et 

al., 2021]. These simulations are chosen because they were available at the time of the analysis. 

The MPI-ESM-P simulation does not follow the PMIP4 protocol [Jungclaus et al., 2017] 

because it was launched before the definition of this protocol. The main difference is in the 

volcanic forcing as the volcanic forcing driving the MPI-ESM-P simulation is based on the 

sulfate data set of Sigl et al. [2013] with Crowley and Unterman's algorithm [Crowley and 

Unterman., 2013], while PMIP4-CMIP6 protocol uses the latest volcanic reconstruction of 

Toohey and Sigl [2017]. This difference does not induce major changes in the 500-year SAT 

trends over Antarctica compared to other simulations performed with GCMs driven by PMIP4-

CMIP6 protocol (see details in Section 3.3). The simulation spanning the past two millennia 



Chapter 3 
 

57 
 

performed with CESM1 uses the same configuration as for the CESM Last Millennium 

Ensemble [Otto-Bliesner et al., 2016] and is forced following PMIP4 recommendations 

[Jungclaus et al., 2017]. IPSL-TR6A-MR is the version of the IPSL Earth System Model (ESM) 

that includes interactive dynamical vegetation and carbon cycle [Braconnot et al., 2019]. Since 

it was initially used to study the climate-vegetation dynamics over Mid-Holocene, it uses the 

PMIP4-CMIP6 forcings for the Holocene, which includes only the changes in the astronomical 

parameters and trace gases. One portion of the simulation spanning 1 to 1850 CE is analyzed 

in this study. 

As an Earth System model of intermediate complexity (EMIC), LOVECLIM has a simpler 

representation of physical processes and a coarser resolution than GCMs [Goosse et al., 2010]. 

It thus runs much faster than GCMs, so that a large ensemble of simulations can be performed 

to explore internal variability [70 members in this study, Shi et al., 2021]. LOVECLIM has 

been used to analyze the Antarctic SAT changes over the past millennium, showing a good 

agreement with the ice core water isotopic records for the long–term cooling during 850-1850 

CE [Goosse et al., 2012]. Here, the forcings follow the latest PMIP4-CMIP6 protocol too.  

3.2.2 Data used in data assimilation and for independent validation. 

In this study, three sets of ice core δ18O data are employed, corresponding to three groups of 

experiments with data assimilation (Table 3.1). The first set is the same as the one used in the 

Last Millennium Climate Reanalysis project (referred to as LMR hereafter) [Tardif et al., 2019] 

for a direct comparison with their results. According to the LMR specific criterions, only the 

records in the PAGES 2k 2017 database [PAGES 2k Consortium, 2017] with sub-annual to 

annual resolutions are selected to be assimilated [Tardif et al., 2019]. This consists of five 

records covering (almost completely) the period 1-1000 CE, which is the focus of the present 

study: Plateau Remote (1), Law Dome (2), DML (3), WDC06A (4), and James Ross Island 

(5). The general information about those cores has been listed in Table B.2, and their locations 

are shown in Fig. 3.1. 
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Figure 3.1: Antarctic regions and the geographical locations of ice core water isotopic 

records used in this study. 

The second data set is derived from the database of Stenni et al. [2017]. It contains 112 records, 

but only nine cover almost completely the CE: Plateau Remote (1), Law Dome (2), DML (3), 

WDC06A (4), James Ross Island (5), RICE (6), Taylor Dome (7), Talos Dome (8), and Dome 

C (9) (Fig. 3.1).  

The third data set is obtained by adding two low time-resolution ice core records from a 

database of Holocene paleotemperature records [Kaufman et al., 2020] to the ones of Stenni 

et al. [2017]. These records are named Vostok (10) and Dome F (11), having a time resolution 

of 35 years and 20 years, respectively. These data are linearly interpolated to the same annual 

average as the ones in the database of Stenni et al. [2017].  

We have also collected 17 additional proxies (Table B.3). Those records are not used for the 

data assimilation nor in previous reconstructions, so they can provide an independent 

assessment of the reconstructions. These data are selected according to the following criteria: 

1. The proxy is derived from Antarctic terrestrial records. 

2. The minimum mean sample resolution for each proxy is at least one observation every 

200 years. 

3. The records cover the period (or nearly) 1-1000 CE. 

We follow the interpretation of those paleoclimatic records proposed in their original 

publications. For the time series not available in public databases, we have used 

WebPlotDigitizer (https://automeris.io/WebPlotDigitizer/) to digitize the plots from the 
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original publication to obtain the data displayed in our analyses. General information for these 

proxies is listed in the supplementary Table B.3. 

3.2.3 Data assimilation method 

The goal of data assimilation is to obtain an optimal estimate of past climate by combining 

observational data (ice core δ18O data here) and climate model simulations. There are two 

types of applications of data assimilation in paleoclimatology, based on the way the model 

ensemble is generated: offline and online methods. The online method corresponds to an 

ensemble generated sequentially as the transient simulation is running, constrained by 

available proxies at each assimilation step. The information brought by the records can thus 

be propagated forward in time through the model. Therefore, it is well adapted to studies that 

focus on relatively slow processes like the one controlled by ocean dynamics because of the 

large inertia of the ocean [e.g., Goosse et al., 2017]. However, the main limitation of the online 

method is the computational cost of running the ensemble simulations. A sufficiently large 

ensemble is required in data assimilation, and running tens to hundreds of simulations over the 

past 2000 years is prohibitive for high complexity models such as isotope-enabled GCMs. 

In contrast to the online method, the offline method generates an ensemble of model states 

from existing simulations [e.g., Hakim et al., 2016; Steiger et al., 2018]. If the contribution of 

external forcing to climate evolution can be considered weak compared to internal variability, 

the model states could be chosen from any time step in the simulation. In this context, the 

number of states included in the ensemble for each time step can reach several hundreds or 

even thousands, depending on the length of the simulations. In this study, as we will focus on 

the role of atmospheric processes with a relatively short memory, we employ an offline method 

as in the large majority of recent studies applying data assimilation over the past millennia 

[Hakim et al., 2016; Steiger et al., 2018, Tardif et al., 2019, Klein et al., 2019, Dalaiden et al., 

2020]. 

The data assimilation method is based on a particle filter. The details of the implementation 

are described in Dubinkina et al. [2011]. In the procedure, the likelihood of each member of 

the ensemble of model states (also called particle) is computed each year by comparing the 

particle with the proxy-based reconstructions used as constraints, taking into account the data 

uncertainties. A weight is given to each particle depending on this likelihood. When all the 

particles are given the weights, the mean reconstruction for this time step is completed as a 

weighted average of the particles.  

3.2.4 Experimental design 

In this study, data assimilation is employed to reconstruct δ18O, SAT, and atmospheric 

circulation. As mentioned in Section 3.2.2, three different sets of δ18O records are used to 

constrain the model during the data assimilation process, corresponding to three experiments: 

ASSIM-LMR, ASSIM-STENNI, and ASSIM-ALL (Table 3.1). A 5-year Lowess smoothing 
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is applied to reduce the noise induced by non-climatic processes before performing the data 

assimilation experiments [Stenni et al., 2017]. The model results used to produce the ensemble 

come from three simulations covering the past 1000 years (850-1850 CE) performed with 

iCESM1. The time step for data assimilation is one year, so that up to 3003 (3*1001) annual 

mean climate state (also called the “prior” in the data assimilation) can be obtained from three 

simulations of iCESM1.  

Table 3.1: Descriptions of the experiments.   

Name of experiment Description 

ASSIM-LMR Five records (B32DML05, Plateau Remote, Law Dome, James 

Ross Island, and WDC06A) with standard errors are assimilated.  

ASSIM-STENNI All records in the database of Stenni et al. (2017) with standard 

error are assimilated.  

ASSIM-ALL All records of Stenni et al. (2017) database and two lower 

resolution records, VOSTOK and Dome F, are assimilated. 

 

Uncertainty in the observed data is key to determining the likelihood of each particle in the 

data assimilation process. In this study, we argue that the uncertainties arise mainly from the 

representativeness error of the δ18O time series as the model and data do not represent 

variations occurring at the same scales. This error is estimated as described in Dalaiden et al. 

[2021]. We first linearly interpolate iCESM1 outputs onto a grid with 27 km. Then, we 

spatially average the iCESM1 outputs over a 500 km grid, which is the grid used for the 

comparison with proxy records. Next, we calculate the errors which are defined by the standard 

deviation of the difference between the average of the annual mean δ18O time series for those 

available records in the 27 km grid cells and the average within the 500 km grid cells. Note 

that the time series used to calculate the difference are the anomalies referenced over 850–

1850 CE. Since some local scale processes are not correctly simulated in iCESM1, leading to 

the underestimated spatial variability of δ18O [Cavitte et al., 2020], the estimated errors are 

finally multiplied by a factor of 3 [Dalaiden et al. 2021]. Besides, associated with the 5-year 

Lowess smoothing for the data, the corresponding uncertainties are divided by the square root 

of the length of the smoothing (i.e., √5). We refer it to as “standard error” hereafter on each 

data. 

To compare our results with available statistically based reconstructions, the regions selected 

in this study are identical to those defined in Stenni et al. [2017]. On the sub–continental scales, 

they include East and West Antarctica. East Antarctica contains the Antarctic Plateau, Wilkes 

Land coast, Weddell Sea coast, Victoria Land coast–Ross Sea, and Dronning Maud Land coast. 

West Antarctica includes Antarctic Peninsula and West Antarctic Ice Sheet (Fig. 3.1). 
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3.3 Reconstructed and simulated SAT variations over the past two 

millennia 

As our study is on the basis of model results, it is important to first determine similarities and 

identify discrepancies between simulations and reconstructions of Antarctic SAT over the past 

two millennia. Fig. 3.2 confirms that the multi-centennial trends in the average of three 

statistically based reconstructions of Stenni et al. [2017] over the past millennia (–0.08 and –

0.03 °C per century during 1001-1500 CE and 1501-1850 CE, respectively) are well within 

the range of the PMIP3/CMIP5 simulations (from –0.13 to 0 °C per century during 1001-1500 

CE and from –0.11 to 0.03 °C per century during 1501-1850 CE), as shown in PAGES2k 

Consortium [2013] and Klein et al. [2019]. Simulations covering the full CE performed with 

LOVECLIM, CESM1, and MPI-ESM-P display cooling trends over this period as well. This 

general agreement between most of the simulations and statistically based reconstruction is 

consistent with the hypothesis that the cooling trend has an origin in the external forcings, 

particularly the volcanic forcing [Goosse et al., 2012; PAGES 2k Consortium, 2013]. 
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Figure 3.2: Comparison of the reconstruction of Stenni et al. [2017] (in purple) and LMR (Tardif et al., 2019, in red) with 

annual mean SAT anomaly simulated in the models covering the entire CE (LOVECLIM ±1 standard deviation in light-
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grey shading, MPI-ESM-P in orange, IPSL-TR6A-MR in green, CESM1 in blue), and the last millennium (MPI-ESM-P in 

light blue, IPSL-TR5A-LR in dark blue, CCSM4 in dark red, BCC-CSM1-1 in orange, GISS-E2-R in aqua, CESM1 ±1 

standard deviation in dark-grey shading, iCESM1 in black shading) over (a) West Antarctica, (c) East Antarctica, and (e) 

Antarctica. A 50-year Lowess smoothing has been applied to the time series for a, c, and e. The reference period is over 

1000-1800 CE. The 500-year trends in the simulations and reconstructions are shown in the right panels, and they share 

the same color as the time series. The statistically significant trend (p value<0.1) is illustrated using the square in b, d, 

and f. 
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Figure 3.3: Simulated seasonal mean SAT anomalies over Antarctica in LOVECLIM (in light 

grey), MPI-ESM-P (in orange), IPSL-CM5A-MR (in green), and CESM1 (in blue) for 

December-January-February (a), March-April-May (b), June-July-August (c), September-

October-November (d). A 50-year Lowess smoothing has been applied to these time series, 

and the reference period is over 1-1800 CE. The change in insolation is shown in e for March 

(in green), June (in red), September (in yellow), and December (in blue) at 65 °S relative to 

2000 CE from Berger et al. [1978]. 

 

The differences between the reconstruction of Stenni et al. [2017] and simulations are much 

larger in the first than in the second millennium. The reconstruction of Stenni et al. [2017] 

shows a significant overall warming in the Antarctic continent during 1-500 CE, explained 

mainly by the observed warming in East Antarctica, followed by a cooling trend over 501-

1000 CE. In contrast, neither the ensemble of LOVECLIM nor the individual simulations of 

CESM1, IPSL-TR6A-MR, and MPI-ESM-P simulate significant multi-centennial SAT trends 
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at continental or sub-continental scales. During 1-500 CE, CESM1 and MPI-ESM-P show a 

small cooling in East Antarctica, which is the opposite of the statistically based reconstruction. 

During 501-1000 CE, the close to zero trends in all simulations are also different with the 

significant cooling in the reconstruction. Therefore, while both the data and models are 

consistent in the past millennium, we observe an apparent model–data discrepancy in the first 

millennium. 

Some studies have argued that solar forcing may play a major role in multi-centennial SAT 

trends [e.g., Anchukaitis et al., 2017; Lüning et al., 2019; An et al., 2021]. However, the solar 

forcing used within the PMIP4 framework [Jungclaus et al., 2017] does not show any trend 

similar to those in the SAT reconstruction of Stenni et al. [2017] (Fig. B.1). Furthermore, the 

SAT response to solar forcing is generally considered relatively weak and difficult to detect 

[e.g., Schurer et al., 2013]. Low-frequency changes in volcanic forcing are also less 

pronounced in the first millennium than in the second [Bradley et al., 2016, Jungclaus et al., 

2017, Fig. B.1]. Several large tropical volcanic eruptions occurred in the last millennium, 

while only a few large eruptions occurred with long periods of volcanic quiescence in the first 

millennium. These relatively minor changes in the forcing therefore had most likely not a very 

strong impact on SAT, especially over the high southern latitudes and they were most likely 

masked by the presence of internal climatic processes. This could explain why the models do 

not display a common trend in the first millennium, as is the case for the second millennium. 

Consequently, it seems reasonable to assume that the evolution of Antarctic SAT in the first 

millennium is unlikely to be driven by external forcings and may be related to internal 

variability. However, the warming over 1-500 CE in East Antarctica (0.14 °C per century, p 

value < 0.1) reflected in the statistically based reconstruction of Stenni et al. [2017] is far 

beyond the ensemble range of LOVECLIM simulations (from –0.01 to 0.01 °C per century) 

or other model simulations. The much lower amplitude of simulated multi-centennial SAT 

changes compared to the statistically based reconstruction may be due to the weak internal 

variability in the models, an argument that has also been used to explain some model-data 

discrepancies in other regions during the past millennium [PAGES 2k Consortium, 2013; 

Neukom et al., 2014; Ljungqvist et al., 2019]. 

An alternative explanation is related to the uncertainties in the statistically based 

reconstruction. First, because ice core δ18O observations record information when precipitation 

occurs, the reconstruction may be seasonally biased and does not faithfully reflect annual 

means. Although the current observations suggest that the season with the highest precipitation 

across most of Antarctica is the austral winter [Marshall 2009; Palerme et al., 2017], it is 

difficult to link isotope ice core data to specific seasons as the actual seasonal distribution of 

past precipitation (which determines the isotope signal) is unknown. Nevertheless, estimates 

of potential biases can be obtained by analyzing seasonal SAT evolution in the simulations 

over the past two millennia. Consistent with variations in insolation associated with 

astronomical forcings, the SAT in the simulations is characterized by a long-term trend for 
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each season in the first millennium (Fig. 3.3). This monotonous trend does not correspond to 

the multi-centennial variations shown for East Antarctica and Antarctica in the statistically 

based reconstruction. The cooling simulated in summer (DJF; from –0.04 to 0 °C per century 

during 1-500 CE in different models) could explain the trend in the reconstruction for West 

Antarctica (–0.04 °C per century during 1-500 CE), but there is no clear maximum in 

precipitation for this season in the current estimate for the ice core locations, nor changes in 

precipitation in the simulations that could explain a temporal bias toward this season (not 

shown). Therefore, the seasonality in ice cores alone cannot completely explain the 0.5 °C 

warming within 500 years during the first millennian. This is consistent with a recent analysis 

focused on interglacials [Bova et al. 2021]. Besides, the noise in ice cores associated with 

precipitation intermittency and diffusion process may also smear the climatic signals at the 

centennial (or multi-centennial) scale. This is particularly critical for the ice cores extracted 

from low accumulation areas (for instance the East Antarctic Plateau) [Casado et al., 2020; 

Münch and Laepple, 2018].  

A second potential explanation of the model-data discrepancies is that the magnitude of the 

500-year trend over the first millennium inferred from the statistically based reconstruction of 

Stenni et al. [2017] is overestimated because of the small number of records and the 

uncertainties in those records. For instance, recent pseudo-proxy experiments have found that 

the statistical methods can provide reconstructions with unrealistic variances in some Antarctic 

subregions (e.g., Antarctic Plateau) when the calibration period is very short [Klein et al., 

2019]. Those uncertainties related to the reconstructions are investigated in Sections 3.4 and 

3.5. 

3.4 Analysis of the reconstructions with data assimilation 

3.4.1 Data assimilation of δ18O 

Visually, most of the δ18O time series reconstructed in ASSIM-LMR, ASSIM-STENNI, and 

ASSIM-ALL follow reasonably well the individual ice core δ18O measurements used as 

constraints in each experiment, as expected (Fig. 3.4). However, there are some exceptions. 

For instance, for the period 1-500 CE, the correlation coefficients between the observed and 

the reconstructed δ18O at EDC Dome C in ASSIM-STENNI and at Dome F in ASSIM-ALL 

are only 0.26 and 0.29, respectively. During the period 501-1000 CE, the correlation 

coefficient at RICE in ASSIM-ALL is only 0.31 (Table 3.2). Additionally, the variability in 

the reconstructions is lower than that observed at most of the sites.  
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Figure 3.4: Comparison of the δ18O measurements covering the entire CE (in purple) with the 

reconstructed δ18O in three data assimilation experiments (ASSIM-LMR in cyan, ASSIM-

STENNI in brown, ASSIM-ALL in blue). The time series are shown as 10-year averages. The 

non-assimilated series (dotted lines) generally show poor agreement with the reconstructions 

(see Table 3.2). 

  



Chapter 3 
 

68 
 

Table 3.2: Correlation coefficients between δ18O reconstructed in ASSIM-LMR, ASSIM-STENNI, and ASSIM-ALL, and 

δ18O observations (10-year mean). The statistically significant (P value < 0.1) correlations are present using bold font. 

The correlations for the records that are not assimilated are shown in italics. 

Ice core  1-500 CE 501-1000 CE 

 
ASSIM-LMR 

ASSIM-

STENNI 

ASSIM-

ALL 

ASSIM-

LMR 

ASSIM-

STENNI 

ASSIM-

ALL 

EDC Dome C -0.05 0.26 0.38 -0.02 0.36 0.48 

B32SiteDML05 0.98 0.98 0.71 0.99 0.99 0.78 

Plateau Remote 0.97 0.98 0.96 0.97 0.98 0.98 

Talos Dome 0.11 0.69 0.57 0.00 0.69 0.59 

Law Dome 0.91 0.68 0.80 0.96 0.91 0.89 

James Ross Island 0.39 0.60 0.56 0.53 0.50 0.42 

WDC06A 0.62 0.58 0.44 0.55 0.43 0.40 

RICE -0.14 0.43 0.41 -0.31 0.39 0.31 

Taylor Dome -0.06 0.87 0.90 -0.22 0.91 0.92 

Vostok 0.04 -0.03 0.87 -0.07 0.19 0.40 

DomeF 0.00 -0.13 0.29 -0.06 -0.13 0.38 
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The goal of data assimilation is to find an optimal estimate, taking into account all the available 

information and its uncertainties. The apparent discrepancies between the data assimilation-

based reconstructions and some measurements may be related first to the estimated errors of 

the records. In our methodology, smaller errors imply stronger constraints, leading to 

reconstructions in better agreement with observations. By contrast, if the error associated with 

one record is large, it is legitimate that the reconstructions diverge substantially from it in order 

to better match with other observations. For instance, the signal to noise ratio (referred to as 

SNR defined as the ratio of the standard deviation of the  time series over 1-1000 CE used in 

the data assimilation process to the “standard error” applied for the corresponding record 

(Table B.4)) for B32SiteDML05 is 11.79, much larger than the SNR for EDC Dome C and 

Dome F with the value of 0.55 and 1.18, respectively. This explains why the correlation 

between three data assimilation-based reconstructions and the observation is much higher at 

B32SiteDML05 than at EDC Dome C and Dome F when all the data are assimilated (Table 

3.2). Secondly, the variability of δ18O simulated by iCESM1 (and thus of the prior) also affects 

the agreement between the data assimilation–based reconstructions and observations. The 

variability at James Ross Island (standard deviation = 0.19 ‰) and RICE (standard deviation 

= 0.52 ‰) deduced from iCESM1 are much smaller than the one inferred from the observation 

(1.06 ‰ and 1.50 ‰ at James Ross Island and RICE, respectively). This implies that there are 

a few possibilities to find particles in agreement with the observations and explains why the 

variability is underestimated in the reconstructions compared to RICE and James Ross Island 

records.  

The three data assimilation-based reconstructions capture well the 500-year trend inferred 

from most of the records assimilated in the corresponding experiments (Table 3.3). The 

exceptions are the observed negative trend during 1-500 CE at the WDC06A site and the 

positive trend during 501-1000 CE at the RICE site. The discrepancy at the WDC06A site may 

be due to the relatively low SNR (1.80) for this site inducing a small constraint on the model. 

Regarding the RICE site, the difference between the observed and reconstructed trends may 

result from the local or regional conditions. Indeed, the RICE record is characterized by a trend 

during 501-1000 CE opposite to the surrounding records (i.e., opposite to the negative trends 

shown at the Taylor Dome and Talos Dome). Therefore, even though the assimilation process 

is carried out on a grid scale, the large-scale coherence imposed by the model results induces 

a general cooling in the region and the data assimilation-based reconstructions are not able to 

reproduce the specific condition recorded at RICE. 
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Table 3.3: Trend analysis of the period 1-500 CE and 501-1000 CE for δ18O measurement and δ18O reconstructed in 

ASSIM-LMR, ASSIM-STENNI, and ASSIM-ALL. Trends are calculated based on linear regression and are expressed in 

per mile per century units. The statically significant (p value < 0.1) trend is shown using bold font. The trends in the 

records that are not assimilated are shown in italics. 

Site 

Trends over 1-500 CE Trends over 501-1000 CE  

Observation 

ASSIM-LMR ASSIM-

STENNI 

ASSIM-ALL 

Observation 

ASSIM-LMR ASSIM-

STENNI 

ASSIM-ALL 

‰/100yrs (p) ‰/100yrs (p) ‰/100yrs (p) ‰/100yrs (p) ‰/100yrs (p) ‰/100yrs (p) ‰/100yrs (p) ‰/100yrs (p) 

EDC Dome C -0.03(0.60) 0.06(0.00) 0.05(0.03) -0.02(0.48) -0.13(0.01) 0.00(0.47) 0.03(0.24) -0.06(0.01) 

B32SiteDML05 -0.17(0.18) -0.11(0.35) -0.11(0.34) -0.14(0.15) 0.02(0.66) 0.02(0.47) 0.02(0.64) 0.05(0.26) 

Plateau Remote 0.58(0.00) 0.26(0.00) 0.30(0.00) 0.28(0.00) -0.04(0.71) -0.02(0.62) -0.03(0.65) -0.02(0.74) 

Talos Dome -0.11(0.12) 0.03(0.07) -0.02(0.33) -0.01(0.80) -0.13(0.03) 0.00(0.98) -0.06(0.00) -0.03(0.10) 

Law Dome 0.08(0.20) 0.02(0.35) 0.03(0.11) 0.02(0.34) 0.02(0.48) 0.01(0.63) 0.01(0.57) -0.01(0.62) 

James Ross 

Island 0.02(0.55) 0.01(0.01) 0.01(0.29) 0.01(0.48) -0.04(0.20) -0.01(0.06) -0.01(0.46) -0.01(0.55) 

WDC06A -0.03(0.52) 0.04(0.03) 0.00(0.87) 0.01(0.71) -0.12(0.00) -0.03(0.08) -0.06(0.00) -0.04(0.01) 

RICE -0.12(0.08) 0.01(0.20) -0.02(0.15) -0.02(0.04) 0.08(0.33) -0.01(0.24) -0.03(0.02) -0.02(0.10) 

Taylor Dome -0.14(0.10) 0.03(0.08) -0.05(0.25) -0.08(0.06) -0.06(0.40) -0.03(0.17) -0.06(0.09) -0.05(0.19) 

Vostok -0.02(0.67) 0.08(0.00) 0.07(0.01) 0.04(0.10) -0.08(0.04) -0.02(0.39) -0.06(0.01) -0.07(0.00) 

Dome F 0.07(0.37) 0.03(0.11) 0.01(0.50) 0.02(0.56) 0.02(0.73) 0.00(0.95) 0.01(0.73) 0.03(0.27) 
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It is also instructive to investigate the correlation coefficients and the 500-year trends for the 

records that are not assimilated. The low correlation coefficients, with values close to zero for 

most non-assimilated sites, imply a weak linear relationship between the reconstructions and 

those observations. This low agreement for independent data indicates that the data 

assimilation-based reconstructions are generally not able to provide local information at 

decadal scales, likely because the observation network is too sparse. At longer time scales, 

ASSIM-STENNI reproduces well the sign of 500-year trend for the non-assimilated records 

at Vostok and Dome F, except for the weak non-significant 1-500 CE trend at Vostok (that is 

also the case in ASSIM-ALL even though this record is assimilated). This suggests that the 

model dynamics can propagate the dominant low frequency signal brought by the assimilated 

proxy-based reconstructions toward the locations where no data is assimilated. However, the 

number of records is too small to obtain robust conclusions for this experiment. By contrast, 

ASSIM-LMR does not capture the reconstructed trend in the majority of the cases for the non-

assimilated records. This may indicate that the relatively low number of records assimilated in 

the reconstruction of ASSIM-LMR (five records) limits the reconstruction skill, and that this 

reconstruction should be taken with caution. 

After this evaluation of each record, the next step is to assess the reconstruction skills at the 

regional and continental scales. For this purpose, we use the regional composite of δ18O from 

Stenni et al. (2017). Note that the reconstructions for Dronning Maud Land and the Weddell 

Sea coast are not discussed here as the composites in these two regions do not cover the first 

millennium. 

As expected, among the three reconstructions, the agreement with the statistically based 

regional δ18O composite is the best for ASSIM-STENNI as they are based on the same data. 

Over 1-500 CE, the correlation coefficients between the time series are higher than 0.6 for all 

the regions except for the WAIS and West Antarctica (Fig. 3.5). Although only five records 

are assimilated in ASSIM-LMR, the correlation coefficients with the statistically based 

regional δ18O composite over 1-500 CE for the Antarctic Plateau are only slightly smaller than 

in ASSIM-STENNI. This indicates that EDC Dome C and Talos Dome, which are not 

assimilated in ASSIM-LMR but assimilated in ASSIM-STENNI, have a little impact at the 

regional scale for the Antarctic Plateau. By contrast, the two additional records in ASSIM-

ALL (Vostok and Dome F) significantly affect the reconstructed δ18O variations in Antarctic 

Plateau, with the lowest correlation coefficients among the experiments. However, this is not 

the case for the period 501-1000 CE as the correlations between the three experiments are very 

close for the Antarctic Plateau (and for subregions of East Antarctica).  



Chapter 3 
 

72 
 

 

Figure 3.5: Correlation coefficients (a, b) between the statistical-based composite δ18O 

(Stenni et al. 2017) and data assimilation-based δ18O in three reconstructions (ASSIM-LMR 

in the cyan, ASSIM-STENNI in the brown, ASSIM-ALL in the blue), and their trends over 1-

500 CE (c) and 501-1000 CE (d). The statistically significant trend (p value<0.1) is illustrated 

using the square in c and d.  

Regarding the 500-year trends of the regional δ18O, the ASSIM-LMR presents significant 

positive linear trends in the WAIS and West Antarctica (0.04 ‰ per century and 0.03 ‰ per 

century respectively at p < 0.1) over 1-500 CE. During this period, the trends deduced from 

ASSIM-STENNI and ASSIM-ALL are negative but insignificant, consistent with the ones 

derived from Stenni et al. [2017]. The three reconstructions reproduce the positive trends in 

East Antarctica during 1-500 CE. During 501-1000 CE, the trends for most of the regions over 

Antarctica reconstructed in the three reconstructions have the same sign as in the statistically 

based reconstruction, except the Wilkes Land coast, where ASSIM-ALL shows a very weak 

negative trend in contrast with the positive observed one. 

3.4.2 Reconstruction of surface air temperature  
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The comparison in Fig. 3.2 has shown that the simulations are not able to reproduce the large 

warming during 1-500 CE in East Antarctica and the cooling during 501-1000 in West 

Antarctica estimated by Stenni et al. [2017]. Indeed, three data assimilation-based SAT 

reconstructions in this study also show differences in this aspect (Fig. 3.6). During 1-500 CE, 

ASSIM-LMR and ASSIM-STENNI display statistically significant warming over East 

Antarctica (0.02 and 0.03 °C per century at p < 0.1, Fig. B.2), consistent with LMR (0.04 °C 

per century at p < 0.1), but much smaller than the statistically based reconstruction of Stenni 

et al. [2017] (0.14 °C per century at p < 0.1). However, this large-scale regional warming does 

not seem robust as the trend becomes very close to zero when assimilating more records 

(Vostok and Dome F) located in East Antarctica, as shown in ASSIM-ALL (0.00 °C per 

century at p value > 0.1). For West Antarctica, the data assimilation-based reconstructions, 

with the trend of 0.05, 0.01, 0.00 °C per century during 1-500 CE for ASSIM-LMR, ASSIM-

STENNI, and ASSIM-ALL, respectively, do not show a similarity to the LMR (–0.01 °C per 

century at p > 0.1) and the statistically based reconstruction (–0.04 °C per century at p > 0.1).  

 

Figure 3.6: Surface temperature anomalies (a for West Antarctica; b for East Antarctica) in 

the average of three statistical-based reconstructions [Stenni et al., 2017, in purple], in LMR 

[Tardif et al., 2019, in red], and in the three data-assimilation based reconstructions (ASSIM-

LMR in cyan, ASSIM-STENNI in brown, ASSIM-ALL in blue). A 31-year Lowess smooth has 

been applied to the time series to see the long-term trend. The reference period is over 1000-

1800 CE.  

Over 501-1000 CE, the linear trend in SAT for East Antarctica shows a common weak cooling 

(–0.01 °C per century for ASSIM-STENNI and ASSIM-ALL at p < 0.1, but at p > 0.1 for 

ASSIM-LMR), consistent with the sign of the trend in the reconstruction of Stenni et al. [2017] 

(–0.05 °C per century at p < 0.1) but with smaller magnitude. The significant cooling over 
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West Antarctica inferred from the statistically based reconstruction (–0.09 °C per century at p 

< 0.1) is also reproduced by our three experiments (–0.04, –0.05, and –0.04°C per century at 

p < 0.1 simulated in ASSIM-LMR, ASSIM-STENNI, and ASSIM-ALL, respectively). In 

contrast with the cooling deduced from the statistically based reconstruction and the three data 

assimilation-based reconstructions, the LMR shows significant warming (0.04 °C per century 

at p<0.1) during 501-1000 CE over West Antarctica. One possible explanation lies in a weak 

constraint in the LMR provided by the WDC06A record, as shown by the weak linear 

relationship with the measurement at WDC06A (correlation coefficient = 0.2). In the LMR, 

data errors are estimated using a statistical proxy system model, whose calibration relies on a 

sufficient overlap with the calibration data. The poor fit of proxies to the calibration data (e.g., 

Steig et al. [2013] show a correlation between the δ18O at WDC06A and the SAT at Byrd 

Station of only 0.48) leads then to small weights of proxies in the LMR [Tardif et al., 2019]. 

Investigating the spatial distribution of the reconstructed SAT changes is also informative (Fig. 

3.7). Although the temperature trends averaged over East Antarctica are similar (Fig. B.2 c) in 

the three experiments over 1-500 CE, the regions where a warming area is reconstructed are 

different (Fig. 3.7 a, c, and e). Significant warming is reconstructed nearly everywhere in East 

Antarctica in ASSIM-LMR (Fig. 3.7 a), but the regions shrink in ASSIM-STENNI and 

ASSIM-ALL (i.e., no significant warming around Victoria Land Fig. 3.7 c and e). Additionally, 

cooling is observed in the ASSIM-ALL and ASSIM-STENNI on the eastern Amundsen Sea 

coast and the western Ross Sea coast, in contrast with the ASSIM-LMR. 
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Figure 3.7: Spatial patterns of temperature trend over 1-500 and 501-1000 CE reconstructed 

in ASSIM-LMR (a, b), ASSIM-STENNI (c, d), ASSIM-ALL (e, f). The position of the data 

assimilated in each experiment is marked by circles. The dotted area represents regions where 

the trend is significant at the p < 0.1 level. 
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Over 501-1000 CE, the spatial patterns of 500-year SAT trends derived from ASSIM-LMR, 

ASSIM-STENNI, and ASSIM-ALL (Fig. 3.7 b, d, and f) illustrate a common signal with a 

statistically significant cooling over the WAIS and most of East Antarctica except in the 

southern Weddell Sea region. While there are minor differences in the magnitude of the 

cooling between the three experiments, the larger cooling over the WAIS than elsewhere in 

Antarctica is robust.  

3.4.3 Atmospheric circulation responsible for reconstructed spatial patterns of the SAT 

trend  

As mentioned in the Introduction, the SAM is the primary mode of atmospheric variability in 

the extratropical Southern Hemisphere [Marshall, 2003]. A positive (negative) SAM phase is 

associated with an increase (decrease) in the pressure gradient between Antarctica and 

midlatitudes and a strengthening (weakening) of the westerlies. The associated circulation 

changes have a strong influence on SAT in Antarctica, and it has been argued that positive 

trends in the SAM index have contributed to the contrast SAT changes between cooling in 

East Antarctica and warming in the AP over the past decades [Marshall, 2007; Marshall and 

Bracegirdle, 2015; Thompson and Solomon, 2002].  

To estimate the evolution of SAM in our reconstructions, we have calculated the SAM index, 

as defined by Gong and Wang [1999], based on the difference of the normalized zonal mean 

10-year average 500 hPa geopotential height between 40 °S and 65 °S. Except for a weak 

negative trend in the SAM during 1-500 CE in ASSIM-LMR, all the other trends are positive, 

with the trends during 501-1000 CE in ASSIM-STENNI (0.47 per century, p value = 0.03) 

and ASSIM-ALL (0.44 per century, p-value = 0.00) being statistically significant (Fig. B.3 a). 

A congruence analysis [Thompson et al., 2000] is then used to determine SAM contribution 

to the SAT trends. This is done by first detrending the time series of reconstructed SAT for 

each grid cell and linearly regressing the detrended SAT onto the detrended SAM index. We 

then multiply the regression coefficients by the SAM trend to obtain the SAM–congruent 

trends. For the reconstructions with positive SAM trends (i.e., during 1-500 CE in ASSIM-

STENNI (Fig. B.4 c) and ASSIM-ALL (Fig. B.4 e) and during 501-1000 CE in three 

reconstructions (Fig. B.4 b, d, f)), the patterns of SAM–congruent trends show general cooling 

over Antarctica and warming in AP. In particular, for the reconstructions presenting significant 

trends in SAM, the SAM–congruent trends during 501-1000 CE over Antarctica are –0.023 °C 

per century and –0.017 °C per century in the ASSIM-STENNI (Fig. B.4 d) and ASSIM-ALL 

(Fig. B.4 f), respectively, which is almost identical to the SAT trend in ASSIM-STENNI and 

ASSIM-ALL (–0.020 °C per century and –0.018 °C per century).  

The Amundsen Sea Low (ASL) is a climatological low–pressure system centered around 

120°E, 68°S. Its variations, which are not independent to the ones of SAM, strongly influence 

the climate of the WAIS and the AP [Raphael et al., 2016, Hosking et al., 2013]. Over 1-500 

CE, there is no common signal of the geopotential height trends in the ASL region in three 
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reconstructions. In ASSIM– LMR, the trends in geopotential height display a dipole pattern 

with an increase centered roughly over the AP and a decrease in the north of the Ross Sea (Fig. 

3.8 a). In ASSIM-STENNI and ASSIM-ALL, the geopotential decreases in the whole Pacific 

sector of the Southern Ocean with a maximum trend around 120°W but the changes are 

significant only in ASSIM-ALL (Fig. 3.8 c, e). Over 501-1000 CE, the deepening ASL is 

consistent among three reconstructions (Fig. 3.8 b, d, and f). 
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Figure 3.8: Same as Fig. 3.7 but for spatial patterns of 500 hPa geopotential height trend 

(m/century). 
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In order to quantitatively describe the changes in ASL, we calculate the ASL index by first 

calculating the 10–year average 500–hPa geopotential height over the region defined as 170°

E to 70°W, 60°S to 75°S [Turner 2013, Hosking et al., 2013], and then normalized it (zero 

mean and unity standard deviation) over the first millennia. Consistent with the negative 

anomalies over the ASL region in Fig. 3.8, the changes in the ASL index show the negative 

trend during 1-500 CE in ASSIM-STENNI (–0.06 per century at p value > 0.1) and ASSIM-

ALL (–0.21 per century at p value < 0.1) and during 501-1000 CE in three reconstructions (–

0.10, –0.26, and –0.17 per century at p value < 0.1 in ASSIM-LMR, ASSIM-STENNI, and 

ASSIM-ALL, respectively) (Fig. B.3 b). The ASL-congruent trends in three reconstructions 

indicate the larger cooling in western WAIS than elsewhere in Antarctica (Fig. B.5). For 

instance, the ASL-congruent trend over 501-1000 CE in the WAIS is –0.044 °C per century 

in ASSIM-STENNI and –0.028 °C per century in ASSIM-ALL, explaining 80 % of the trend 

in ASSIM-STENNI (–0.055 °C per century) and 67 % of the trend in ASSIM-ALL (–0.042 °C 

per century).  

However, the attribution of warming over East Antarctica during 1-500 CE in the three 

reconstructions is still not clear. It is well known that the SAM could impact the SAT over 

East Antarctica [e.g., Marshall and Thompson 2016]. However, we do not find a clear large-

scale circulation pattern over 1-500 CE common in ASSIM-LMR, ASSIM-STENNI and 

ASSIM-ALL to explain the warming over East Antarctica. Nevertheless, we find that the 

northerly winds from the South Atlantic Ocean, penetrate the interior of the Antarctica Plateau, 

directly reach the site of Plateau Remote and potentially induce warming there in ASSIM-

LMR and ASSIM-STENNI (Fig. B.6). In ASSIM-ALL, the weak positive SAM trend during 

1-500 CE would be related to cooling in East Antarctica, not with a warming there. Note that 

this result should be taken with caution as the different circulation patterns over 1-500 CE 

reconstructed in three experiments indicate the sensitivity of the changes to the records 

assimilated.  

3.5 Sensitivity of the reconstruction with data assimilation to the 

uncertainty of the records 

The error of the data is a key parameter in the data assimilation process to determine the 

effective weight given to the information provided by each record. It has thus a direct impact 

on the local agreement between reconstruction and data. The results presented in Section 3.4.1 

have shown that when using standard errors obtained by the methodology described in section 

3.2, the reconstructions do not follow some of the records well. For instance, in ASSIM-LMR, 

the correlation coefficient between the reconstructed δ18O with the observation at WDC06A 

during 1-500 CE is 0.62, smaller than the one obtained at Plateau Remote (0.97). This is 

consistent with larger SNR at Plateau Remote (3.58) than at WDC06A (1.80). 
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Figure 3.9: Spatial patterns of temperature trend over 1-500 and 501-1000 CE reconstructed 

in ASSIM-LMR–WDC (a, b), and ASSIM-STENNI–WDC-RICE (c, d). The position of the data 

assimilated in each experiment is marked by circles. The dotted area represents regions where 

the trend is significant at the p<0.1 level. 

Previous studies have indicated that the ice core water isotopic signal at WDC06A is probably 

a good indicator of regional SAT for the WAIS [Steig et al., 2013; Stenni et al., 2017]. Several 

records at WDC06, like the borehole temperature and the snow accumulation record, are 

consistent with each other in the long–term trend over the past millennium [Orsi et al., 2012]. 

In contrast, RICE, another record in WAIS, may be affected by air mass from the eastern Ross 

Sea [Emanuelsson et al., 2017], thus reflecting more local signals. Since the changes in 

WDC06A appear more representative of large-scale variations, more weights have been given 

to WDC06A compared to RICE in the statistically based reconstructions of Stenni et al. [2017].  

In order to test the influence of the way the climatic information brought by in WDC06A and 

RICE is taken into account in the reconstructions, we have first launched a sensitivity 

experiment in which the standard error of WDC06A has been decreased by 90% (ASSIM-

LMR–WDC). For the other records, the experimental design is the same as that of ASSIM-

LMR. As expected, due to a much stronger constraint on this record, the δ18O observation at 

WDC06A is nearly perfectly reproduced in ASSIM-LMR-WDC, with a correlation coefficient 

of 0.98 for 1-1000 CE. However, the area–averaged SAT trend in the WAIS over 1-500 CE 
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still presents weak warming in contrast to the cooling displayed in Stenni et al. [2017]. This 

warming is distributed almost throughout the whole WAIS (Fig. 3.9 a), but with smaller 

magnitudes than in ASSIM-LMR. During the 501-1000 CE period, the spatial pattern of SAT 

trends seems very similar to ASSIM-LMR, with larger cooling in the WAIS than elsewhere in 

Antarctica (Fig. 3.9 b).  

In the second sensitivity experiment, the errors in WDC06A and RICE have been reduced by 

50%, and the experimental design is the same as in ASSIM-STENNI for the other records 

(ASSIM-STENNI-WDC-RICE, Fig. 3.9 c and d). In contrast to ASSIM-STENNI and ASSIM-

ALL, the trend of SAT in the WAIS during 1-500 CE is negative in ASSIM-STENNI-WDC-

RICE (–0.01 °C per century), consistent with the sign of statistically based reconstructions in 

Stenni et al. [2017]. The cooling over the WAIS is mainly located in the western part of the 

Amundsen Sea coast region, resembling the pattern shown in ASSIM-ALL. In addition, the 

circulation patterns for both periods are also very similar to those in ASSIM-ALL and ASSIM-

STENNI (Fig. B.7). 

These two sensitivity experiments, ASSIM-LMR, ASSIM-ALL, and ASSIM-STENNI, show 

that the spatial pattern of the trends reconstructed over the WAIS for the period 1-500 CE is 

complex, with likely a dipole between the eastern and western parts of the region. The 

magnitude of the changes is very sensitive to the way each record is included (or not) in the 

assimilation process. Furthermore, the local signal at the proxy location is not necessarily 

representative of larger scale averages. This implies that the mean trend over the region over 

1-500 CE is very uncertain. 

3.6 Comparison to other terrestrial records over Antarctica 

The time series of publicly available proxies derived from lake sediments, peat banks, and ice 

cores are mainly distributed in the AP, WAIS coast, Wilkes Land coast, and Dronning Maud 

Land (Fig. 3.10). Therefore, comparisons of our reconstructions with these proxies will focus 

on these regions. 

In the AP, moss accumulation rates (Fig. 3.10 A) and biological productivity (Fig. 3.10 B) 

derived from peat banks (cores) have been used as indicators of SAT based on its strong 

correlation with meteorological temperature records [Charman et al., 2018]. These proxies 

show a generally positive tendency during 1-500 CE, followed by a significant decrease over 

501-1000 CE. This is consistent with the warming in the first five centuries, followed by the 

500–year cooling shown in three data assimilation–based reconstructions. In addition, a 

biomarker proxy (Glycerol Dialkyl Glycerol Tetraether, GDGT, Fig. 3.10 C) obtained from 

lake sediment in a sub-Antarctic island close to the AP also suggests a large decrease in 

summer temperature since 500 CE [Roberts et al., 2017]. 

The spatial pattern of SAT trends in the WAIS during 1-500 CE reconstructed in our 

experiments depends on the records and the errors applied in the data assimilation. A cooling 
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area distributed in the western WAIS along the Amundsen Sea coast is observed in the 

experiments that both assimilate WDC06A and RICE, although its magnitude is influenced by 

the errors estimated for these records. Since there are only a few climate records available for 

comparison in the WAIS, we collect the proxies extracted from the ice cores, from which we 

use isotopic measurements (WDC06A and RICE). Snow accumulation data in Antarctica have 

been used as an SAT proxy because of the generally good correlation between the two 

variables [Dalaiden et al., 2020]. Here, the snow accumulation (Fig. 3.10 F) and borehole 

temperature inversion (Fig. 3.10 G) at WDC06A are consistent with the data assimilation–

based SAT reconstructions with the cooling during 501-1000 CE. However, the large 

uncertainties in the borehole temperature reconstruction [Orsi et al., 2012] and the large 

centennial variability of the snow accumulation [Fudge et al., 2016] in the first five centuries 

make it challenging to present clear trends at WDC06A. The only information coming from a 

different location, the Siple Dome, shows positive multi-centennial trends expressed by the 

melt frequency record [Fig. 3.10 D, Das et al., 2018], which indicates long–term warming in 

contrast to all the other records. Long–term warming in the first millennia is also reflected in 

the positive trend in the snow accumulation record at RICE (Fig. 3.10 E). This is potentially 

related to sea ice effects in the Ross Sea [Bertler et al., 2018]. 
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Figure 3.10: Additional proxies from terrestrial records over Antarctica. The colored dots refer to the position of the 

different proxies. A moss accumulation in AP [Stelling et al., 2018]; B biological productivity [Charman et al., 2018]; C 

GDGTs [Roberts et al., 2017]; D melt layer frequency at Siple Dome [Das et al., 2008]; E snow accumulation at RICE 

[Bertler et al., 2018]; F snow accumulation at WDC06A [Fudge et al., 2016]; G borehole temperature at WDC06A [Orsi 

et al., 2012; H diatom [Verleyen et al., 2004]; I element concentrations [Huang et al., 2011]; J geochemical element [Gao 

et al., 2019]; K snow accumulation at B40 [Medley et al., 2018]; L fossil pigments, sedimentological and geochemical 

proxies [Tavernier et al., 2014, no available time series]; M water stable isotope record (δ18O) at Dome A [An et al., 

2021]; N water stable isotope record (δ18O) at the South Pole [Steig et al., 2021]. 
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Proxies in East Antarctica are mainly distributed in coastal areas. On the Wilkes Land coast, 

the reconstructed lake depth using diatom from lacustrine sediments (Fig. 3.10 H) shows a 

significant increasing trend over the first millennium [Verleyen et al., 2004]. This indicates a 

tendency to more humid and warm conditions around Prydz bay (Fig. 3.10 H) in contrast to 

our reconstructions, in particular for the period 501-1000 CE. In the Vestfold Hills (Fig. 3.10 

I) near Prydz bay, Huang et al. [2011] have observed an increase in the penguin population 

based on the Phosphorus concentration (Fig. 3.10 I) during 501-1000 CE. However, Gao et al. 

[2019] suggest a more stable population (Fig. 3.10 J), which is more consistent with our three 

reconstructions of SAT changes. It is noted that the factors that affect the penguin populations 

may be dependent on the food chain rather than the climate [Gao et al., 2019]. This is thus 

difficult to derive strong conclusions from the comparison with our reconstructions. 

Some evidence of the warming over 1-500 CE is also found in Dronning Maud Land. The lake 

sediments in Lützow Holm Bay show a clear shift from marine to lacustrine conditions during 

2120–1500 cal yr BP, with seasonal sea ice free coastal areas occurring in the region [Tavernier 

et al., 2014; no available time series in Fig. 3.10 L]. In addition, the snowfall accumulation 

record (Fig. 3.10 K) in western Queen Maud Land presents a positive trend during around 1–

300 CE [Medley et al., 2018], also reflecting a warming trend consistent with our 

reconstructions.  

In the Antarctic Plateau, no trend during 1-500 CE is reflected in the water stable isotope δ18O 

record at Dome A [Fig. 3.10 M; An et al., 2021], consistent with the reconstruction in ASSIM-

ALL. However, another δ18O record at South Pole [Fig. 3.10 N; Steig et al., 2021] shows a 

significant increase during 1-500 CE, similar to the reconstruction in ASSIM-LMR and 

ASSIM-STENNI. Accordingly, it is still hard to assess the robustness of three reconstructions 

during 1-500 CE. Nevertheless, these independent water stable isotope δ18O records at Dome 

A and the South Pole have shown a negative trend during 501-1000 CE. This is in agreement 

with the robust cooling during 501-1000 CE in our reconstructions. Unfortunately, due to the 

lack of terrestrial proxy in Victoria Land, we still are not able to evaluate the SAT changes in 

this region where the main discrepancies between the three experiments occur during the 1-

500 CE. 

3.7 Conclusion 

Three different ice core δ18O databases are assimilated in the different experiments (ASSIM-

LMR, ASSIM-STENNI, and ASSIM-ALL) to reconstruct Antarctic SAT over the first 

millennium. The signals reconstructed in three experiments are generally consistent with the 

δ18O observations, with a few exceptions at the local scale. The three reconstructions and two 

additional sensitivity experiments show that the spatial pattern of SAT trend over 1-500 CE is 

quite sensitive to the choice of data and errors used in the data assimilation procedure. The 

mean cooling in West Antarctica derived from the statistically based reconstructions is 

reproduced only when assimilating the same records as Stenni et al. [2017] and using relatively 
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low uncertainties at WDC06A and RICE. Over East Antarctica, the warming inferred from the 

reconstructions of Stenni et al. [2017] over 1-500 CE is reproduced in the experiment ASSIM-

LMR and ASSIM-STENNI, but not in ASSIM-ALL that assimilates the largest number of 

records in the Antarctica Plateau. This indicates that the Plateau Remote record, which displays 

a large positive trend, has a large impact on the reconstruction in East Antarctica in ASSIM-

LMR and ASSIM-STENNI as only a few records are available, but this influence decreases 

when there are more records in East Antarctica leading to a very weak trend in ASSIM-ALL. 

Nevertheless, we still find common warming in the AP during the period 1-500 CE in the three 

reconstructions, consistent with other terrestrial proxies. Although significant differences in 

the spatial distribution of SAT change during 1-500 CE are observed among three 

reconstructions, it is difficult to rank the credibility of these reconstructions based on 

independent data due to the limited number of proxies available. Still, our reconstructions are 

provided as three hypotheses of the spatial distribution of 500-year SAT change over 

Antarctica, which could be tested when new reconstructions would be available in the future.  

In contrast, during 501-1000 CE, a robust signal has been obtained in the three data 

assimilation–based reconstructions with general cooling over continental Antarctica. This 

cooling occurs with a larger magnitude in the WAIS than elsewhere over Antarctica. The 

cooling in Antarctic Plateau has an agreement with the latest composite based on seven ice 

core δ18O records in Antarctic Plateau provided by An et al. [2021]. Compared to the relatively 

complex spatial pattern during 1-500 CE, the pattern during the second half of the first 

millennium seems to be more robust and spatially homogeneous over Antarctica. The 

relatively similar results in our reconstructions indicate that adding more records in the data 

assimilation procedure is not modifying the large-scale pattern, likely because of a relatively 

homogeneous signal archived in records. 

In agreement with the PMIP3-CMIP5 simulations, the simulations covering the full CE are 

able to reproduce the cooling in Antarctica over the past millennium. However, they fail to 

capture the multi-centennial changes in the first millennia derived from the statistically based 

reconstructions, in particular for East Antarctica. Similar discrepancies, but weaker in 

magnitude, are also observed between existing simulations and the reconstructions presented 

here. For instance, SAT in East Antarctica increases significantly during 1-500 CE (0.02 and 

0.03 °C per century at p < 0.1 in ASSIM-LMR and ASSIM-STENNI and 0.00 per century at 

p > 0.1 in ASSIM-ALL), which is beyond the range or at the edge of the simulations (from –

0.01 to 0.01 °C per century). The cooling during 501-1000 CE in West Antarctica in three 

reconstructions (–0.04 °C per century in ASSIM-LMR and ASSIM-ALL, –0.05 °C per century 

in ASSIM-STENNI; p value < 0.1) is also larger than in models (from –0.01 to 0.03 °C per 

century). The differences in the 500–year trends between the simulations and our 

reconstructions are smaller than the simulations and the statistically based reconstructions.  

Nevertheless, we conclude that the selected models have likely a too weak internal variability 

that may play the dominant role in the multi-centennial trends in the first millennium.   
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Atmospheric circulation associated with SAT changes has also been reconstructed in our three 

experiments. Consistent with the complex and uncertain SAT pattern over 1-500 CE, the 

reconstructed atmospheric circulations in our three reconstructions do not display a robust 

large-scale pattern during this period. The warming over East Antarctica reconstructed in 

ASSIM-ALL and ASSIM-STENNI might be related to more northerly inflow, but there is no 

clear atmospheric circulation pattern explaining this potential temperature increase at this stage. 

Nevertheless, the deepening of the ASL during 1-500 CE may be related to the cooling in 

western WAIS shown in ASSIM-STENNI and ASSIM-ALL. During 501-1000 CE, a positive 

SAM phase with deepening ASL is common in the three reconstructions. The trends in these 

atmospheric circulation changes have almost entirely explained the origin of SAT pattern 

shown in our reconstructions. This suggests that the 500-year SAT trend over Antarctica, at 

least during 501-1000 CE, arises from changes in atmospheric circulation, likely related to the 

internal variability of the climate system. 
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4 
Widespread cooling over West Antarctica and adjacent seas 

over the past millennium 

 

Abstract 

Instrumental observations have highlighted strong inter-connections in the Antarctic climate 

system between the atmosphere, ocean and sea ice over past decades. In this study, our goal is 

to take advantage of those links to reconstruct past climate changes over West Antarctica and 

surrounding seas, by combining marine and terrestrial records with climate modeling results 

using data assimilation. By comparing two data assimilation experiments that use the same 

terrestrial proxy records with annual and decadal temporal resolutions, we confirm that the 

covariance relationship between several key climate variables (surface air temperature, sea ice, 

and atmospheric circulation) used in the data assimilation is timescale dependent. An 

assimilation step of 10 years appears as a good compromise in our experiments. We then found 

that the contributions of continental and marine records on the reconstructions are clarified by 

two separate data assimilation experiments: one using the continental proxies only and another 

one using both continental and marine records. Our results suggest that the latter assimilation 

is useful to have a stronger and more direct constrain of the evolution of the ocean-atmosphere 

coupled system, and is more faithful as suggested by the validation against independent sea 

ice-related marine records. Based on our reconstruction for multiple variables covering the 

past two millennia, we confirm a widespread cooling trend occurred over West Antarctica and 

surrounding seas over the period 900-1800 CE. This reconciles the inconsistency between 

some existing reconstructions and climate model results, in particular over the Antarctic 

Peninsula. This cooling could be explained by a direct thermodynamic response to volcanic 

forcing over the period. This result has highlighted that West Antarctica and surrounding seas 

are sensitive to the external forcings at this time scale, especially to the volcanic forcing, and 

the temperature evolution there is coherent with global changes at the centennial scale over 

the past millennium. 
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4.1 Introduction 

Over the past decades, the West Antarctic climate has experienced pronounced interannual 

and decadal variations, with for instance a remarkable warming twice as fast as the global one 

from the 1970s to the 1990s followed by a pause or a cooling in the first two decades of the 

21st century [Turner et al., 2016; Turner et al., 2020; Steig et al., 2009]. Many studies have 

attributed this change to the combined effects of the depleted stratospheric ozone, increased 

greenhouse gas concentrations [Thompson et al., 2002; Marshall et al., 2004], and internal 

variability, in particular related to tropical-high-latitude atmospheric teleconnections [Ding et 

al., 2011; Clem et al., 2021; Li et al., 2021], and atmospheric-sea ice interactions [Turner et 

al., 2016]. However, the too short instrumental records limit our ability to fully estimate the 

contribution of the respective forcings compared with the internal variability, especially at 

decadal to centennial scales [Jones et al., 2016; Clem et al., 2021].  

  The past millennia offer the possibility to gain insight into natural decadal- to centennial-

scale changes that cannot be discerned from instrumental data. To this end, surface air 

temperature (SAT) for West Antarctica has been reconstructed from proxy data, mainly using 

borehole temperature [e.g., Orsi et al., 2012], water isotopic records from ice cores [e.g., Stenni 

et al., 2017], and climate model simulations [e.g., Klein et al., 2019]. Nevertheless, clear 

differences have been obtained between the various proxy-based reconstructions, as well as 

between reconstructions and modeling results. As a consequence, the past SAT changes over 

West Antarctica are still relatively uncertain, especially the magnitude of a potential multi-

centennial cooling trend over the past millennium that is sometimes referred to as the transition 

from a relatively mild Medieval Climate Anomaly (MCA) to a colder Little Ice Age (LIA), in 

particular for some regions of the Northern Hemisphere [Bradley et al., 2003; Mann et al., 

2009]. 

  Among all existing proxy-based temperature reconstructions, Stenni et al. [2017] presents 

probably the most extensive one. On the basis of 112 ice-core water isotopic records, they 

provide SAT reconstructions for seven Antarctic regions over the past two millennia, including 

two regions for West Antarctica: the Antarctic Peninsula (AP) and the West Antarctica Ice 

Sheet (WAIS). While a pronounced cooling over the past millennium is reconstructed for the 

WAIS, as for many other regions of the world [PAGES 2k Consortium, 2013; McGregor et 

al., 2015], the trend is much weaker in the AP. However, the weak multi-centennial variability 

in the AP climate reconstructed by Stenni et al. [2017] seems inconsistent with the glacial 

advance that occurred there from 1550 CE to 1860 CE [Simms et al., 2021]. Additionally, 

Lüning et al. [2019] found that non-ice temperature sensitive records (mainly lake and marine 

sediments) suggest a generally warm MCA and cold LIA in the AP. The sea ice-related diatom 

records from marine sediments also suggest a heavier sea ice cover in the eastern AP since 

1300 CE [Barbara et al., 2016]. Finally, the simulations performed in the framework of the 

Past Model Intercomparison Project [PMIP3, Otto-Bliesner et al., 2009] and the fifth phase of 
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the Coupled Model Intercomparison Project [CMIP5; Taylor et al., 2012] show a significant 

and widespread cooling over West Antarctica during the pre-industrial past millennium [Klein 

et al., 2019; Silvestri et al., 2021], which also disagrees with the reconstruction in Stenni et al. 

[2017] for the AP. 

  Studies based on reconstructions and model simulations have suggested that solar and 

volcanic forcings are the main drivers of the cooling trend over West Antarctica during the 

past millennium [e.g., Orsi et al., 2012; Goosse et al., 2012]. At the first order, the response to 

this forcing is expected to give a relatively homogenous cooling over the region due to a 

reduced radiative forcing. However, large-scale modes of variability such as the Southern 

Annular mode (SAM, the primary pattern of climate variability in the extra-tropical Southern 

Hemisphere characterized by opposing pressure and temperature anomalies over the middle 

and high southern latitudes), or changes in the Amundsen Sea Low (ASL, a climatological 

low-pressure system centered in the Amundsen Sea) can also modulate the surface climate at 

multi-decadal time scale [Lyu et al., 2021; Dalaiden et al., 2021]. For instance, the latter could 

induce temperature changes of different magnitude or even sign in West Antarctica, as a 

function of modifications of its location associated with changes in wind direction and 

intensity [e.g., Hosking et al., 2013; Dalaiden et al., 2021]. Describing precisely the pattern of 

past temperature changes is thus essential to identify the relative contribution of a direct 

radiative forcing and circulation changes. 

  In this framework, the goal of the present study is to investigate the potential existence of a 

widespread cooling over West Antarctica and adjacent seas over the past millennium and to 

identify the underlying mechanisms. Our analysis will be mainly based on the data assimilation 

(DA) method that combines observational data and model results to reconstruct the state of the 

climate system [e.g., Hakim et al., 2016]. Previous offline DA-based reconstructions [Dalaiden 

et al., 2021; O’Connor et al., 2022] assimilated annual-resolved continental data to obtain 

atmospheric states and oceanic conditions (in particular sea ice). However, the covariance 

between atmospheric and oceanic variables could be non-stationary across different time 

scales. For instance, the response of sea ice and oceanic temperatures in the Southern Ocean 

to stronger westerly winds includes a several-years long cooling and sea ice expansion due to 

the induced northward transport of cold Antarctic surface waters, potentially followed at the 

decadal scale by a warming due to the upwelling of Circumpolar Deep Waters [Ferreira et al., 

2015]. In contrast to previous studies, we here assimilated five marine proxies in order to have 

a stronger and more direct constraint of the evolution of the ocean-atmosphere coupled system. 

We examined the sensitivity of our results to the temporal resolution (annual and decadal) of 

the assimilated data and the selection of the proxies to test the robustness of our results and for 

a comparison with earlier studies. 
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4.2 Data and methods 

4.2.1 Proxy records 

For the continental proxy records with the annual temporal resolution, we rely on ice-core 

based snow accumulation and water isotope (δ18O) data synthesized in Thomas et al. [2017] 

and Stenni et al. [2017]. As we are interested in long-term changes and to avoid the issues 

related to a changing number of records, data located in West Antarctica and having a time 

span covering the full (or almost full) Common Era (1-2000 CE) are selected. This corresponds 

to five δ18O records and two snow accumulation records (as shown δ18O-DA and SN-DA in 

Fig. 4.1). In addition to the continental proxy records, we use four well-constrained multi-

decadal Alkenone-based SST reconstructions off the southern Chilean coast (SST-DA in Fig. 

4.1) and one quantitative reconstruction of sea ice presence off the coast of Adelie Land in 

Antarctica (SIP-DA in Fig. 4.1). They all cover the period 1-1800 CE. Previous studies argued 

that the Alkenone-based SST reconstructions could have a small bias toward the spring (and/or) 

summer blooming season [e.g., Tierney and Tingley, 2018]. Therefore, we test the sensitivity 

of the DA-based reconstructions to the seasonality of these SST reconstructions, as described 

in Section 4.3.2. In addition, several multi-decadal marine diatom records associated with 

qualitative sea ice changes in the AP and Ross Sea coast (SI-Valid in Fig. 4.1) are used to 

evaluate our results (see details in Section 4.3.2) as assimilating directly those qualitative 

records is difficult. Detailed information about these records is provided in Table 4.1. 

  It is still a challenge for current paleoclimate DA techniques to incorporate proxies across an 

arbitrary range of time resolutions [Steiger et al., 2017]. Therefore, in addition to the tests at 

annual resolution using only high-resolution records, we have selected a single uniform 

timescale of 10 years to fuse the low-resolution marine records and high-resolution continental 

records together. Specifically, a 10-year bin average is applied for the annual-scaled 

continental proxies, while we use linear interpolation to obtain a pseudo-decadal resolution for 

the multi-decadal marine records.  

  In addition to those proxy records covering the past two millennia, another set of data is used 

in the validation (see detailed in Section 4.2.4). These data are the same as the ones used in 

Dalaiden et al. [2021], thus including all ice-core based annual-resolved records from the 

database of Stenni et al. [2017] and Thomas et al. [2017] as well as tree-ring width records 

located in the Southern Hemisphere from PAGES 2K database [2017]. It should be noted that, 

in contrast to Dalaiden et al. [2021] that used the ice-core data over the whole Antarctic 

continent, we use only those located in WA (including 34 snow accumulation records and 20 

δ18O records shown in Fig. C.1).  
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Figure 4.1: Locations of the proxy records covering the past two millennia used in this study. 

The symbols of blue triangle (SST-DA), yellow circle (SIP-DA), purple circle (δ18O-DA), and 

red rectangular (SN-DA, almost overlapping with the δ18O-DA) represent the locations of four 

SST reconstructions, one reconstruction of sea ice persistence, three precipitation-weighted 

δ18O records and two snow accumulation records, respectively. The black triangles (SI-Valid) 

refer to qualitative data used for the validation of our results. The green shading area in the 

Southern Ocean denotes two zones with regional-scaled sea ice extent (i.e., at least 15% of the 

ocean surface covered by sea ice) following the definition of Parkinson [2019]: the 

Bellingshausen/Amundsen Sea zone (130°W-60°E, light green) and the Ross Sea zone (160°E-

130°W, dark green). The brown shading area in Antarctica represents two climate regions 

investigated in this study including the Antarctic Peninsula (AP, 70 -74°S, 60°W - 80 °W, light 

brown) and the West Antarctic Ice Sheet (WAIS, north of 85°S, 60°W-170°W, dark brown) 

followed Stenni et al. [2017]. 

Table 4.1: (a) Description of the proxy records covering the past two millennia used for the 

DA experiments. (b) Description of the proxy records used for the validation.  

Name Location Proxy type Reference 

GeoB3313-1 Southern Chilean coast Alkenone Lamy et al.,2002 

MD07-3093 Southern Chilean coast Alkenone Collins et al., 2019 

MD07-3088 Southern Chilean coast Alkenone Haddam et al.,2018 

MD07-3124 Southern Chilean coast Alkenone Caniupán et al., 2014 

James Ross Island Antarctic Peninsula δ18O Mulvaney et al., 2012 

WDC06A West Antarctic Ice Sheet δ18O Steig et al., 2013 

RICE West Antarctic Ice Sheet δ18O Bertler et al., 2018 

Taylor Dome Ross Sea coast δ18O Steig et al., 2000 

TALDICE-Talos 

Dome 

Ross Sea coast δ18O Stenni et al., 2011 

RICE West Antarctic Ice Sheet Snow accumulation Winstrup et al., 2019 

WAIS 2014 West Antarctic Ice Sheet Snow accumulation Banta et al., 2008 
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IODPU 1357B Adelie Land coast Marine diatom Crosta et al., 2021 

Name Location Proxy type Reference 

GEBRA2 Antarctic Peninsula coast Marine diatom Bárcena et al., 1998 

GEBRA1 Antarctic Peninsula coast Marine diatom Bárcena et al., 1998 

A3 Antarctic Peninsula coast Marine diatom Bárcena et al., 2002 

A6 Antarctic Peninsula coast Marine diatom Bárcena et al., 2002 

JPC38 Antarctic Peninsula coast Marine diatom Barbara et al., 2016 

JPC10 Antarctic Peninsula coast Marine diatom Etourneau et al., 2013 

JPC127 Antarctic Peninsula coast Marine diatom Christ et al., 2015 

Wood Bay (WB) Ross Sea coast Marine diatom Mezgec et al., 2017 

Cape Hallett (CH) Ross Sea coast Marine diatom Mezgec et al., 2017 

Joides Basin (JB) Ross Sea coast Marine diatom Mezgec et al., 2017 

 

4.2.2 Climate model simulations 

As in some recent studies [e.g., Dalaiden et al., 2021; O’Connor et al., 2021], three simulations 

performed with the isotope-enabled Community Earth System Model version 1 [iCESM1, 

Brady et al., 2019; Stevenson et al., 2019] are selected here. iCESM1 is a coupled atmosphere-

ocean-sea ice model that includes atmosphere and land components with a ~2° resolution and 

an ocean component with a ~1° resolution. The transient simulations are run from 850 to 1850 

CE driven by the estimated solar, volcanic, greenhouse gases, aerosols, land-use, and orbital 

forcings. Three simulations were given identical forcings but slightly differed in the initial 

atmospheric state; this difference was sufficient to generate simulations with different internal 

ocean-atmosphere variability and therefore different time trajectories [Brady et al., 2019]. One 

of the main advantages of using an isotope-enabled model is the possibility to make a direct 

comparison with the proxy records. The modeling results have been fully evaluated for 

Antarctica. While some biases are present, in particular at a local scale, the simulations 

represent well the current climate from 1979-2005 CE for near-surface air temperature, snow 

accumulation, the mean state of Antarctic sea-ice extent, and geopotential height at 500-hPa, 

which are the variables investigated here [Dalaiden et al., 2021].  

4.2.3 A particle-filter based offline data assimilation method 

To estimate the state of the climate system, we apply here an ensemble-based offline data 

assimilation approach, similar to many previous studies [e.g., Hakim et al., 2016; Steiger et 

al., 2018; Klein et al., 2019], using a particle filter method as described by Dubinkina et al. 

[2011]. The ensemble of model states is derived from the three simulations performed with 

iCESM1 for the period 850-1850 CE. As two different temporal assimilation windows of 1-

year and 10 years are applied in the DA experiments, this provides ensembles with 3003 

(=1001 × 3) and 300 (= 100 × 3) members or particles, respectively, referred to as prior 

distributions. For a specific year or decade, each particle in the ensemble is compared with the 
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data to determine its likelihood for this period, taking the data uncertainty into account. The 

particles with high similarity to the data receive a higher weight while the ones having large 

differences with observations receive a lower weight. When the weight of each particle for 

that given year or decade is obtained, a weighted mean of the model states is calculated and 

provided as the mean reconstruction. The uncertainty of the DA-based reconstruction can then 

be given by the standard deviation of the weighted ensemble. Relying on the covariance 

relationship between climatic variables as represented in the prior model, the weights spread 

thus the information to reconstruct any simulated variables, even though they are not directly 

constrained by the proxy data. Here, the variables we estimate are sea ice concentration, sea 

level pressure, and surface air temperature. 

  The comparison between the modeling results and the continental proxy records is based on 

a spatial grid coarser than the initial modeling grid as this help reduce the effect of the inability 

of the model to reproduce some local feature and the small-scale noise in the records. 

Specifically, we follow the same strategy as Dalaiden et al. [2021] by computing composites 

including all the records located within 500 km × 500 km cells, and by linearly interpolating 

the initial prior modeling grid onto the 500 km regular grid. For the snow accumulation records, 

each original time series is first normalized for 1941-1990 CE and then all the series within a 

500 km × 500 km grid cell are averaged. Those mean time series are finally calibrated to share 

the same mean and variance as the snow accumulation reconstruction of Medley and Thomas 

[2019] for the same boxes over the 1941–1990 period. The δ18O composite for each grid cell 

is calculated by averaging the anomalies of δ18O records over the 1941–1990 CE. Its 

calculation does not require the initial normalization because of the less dependence of δ18O 

on the spatial distribution compared to the snow accumulation records.  

  Estimation of an error associated with the data is a key step in data assimilation as errors 

determine the strength of the constraint provided by each data. In this study, we follow the 

method of Dalaiden et al. [2021] to define the error for the ice-core based δ18O and snow 

accumulation. Despite the spatial averaging of the records over 500 km × 500 km cells, ice 

core composites preserve climatic information at spatial scales that are smaller than the spatial 

resolution of iCESM1. A large fraction of the observation error for the composites of δ18O or 

snow accumulation could thus arise from their spatial representativity. To evaluate the 

magnitude of this term, we select a simulation with a high spatial resolution of 27 km 

performed with the latest version of the polar-oriented Regional Atmospheric Climate MOdel 

(RACMO2.3p2, hereafter RACMO) [van Wessem et al., 2018]. We calculate the standard 

deviation of the differences between the average of the annual mean snow accumulation time 

series using only the original RACMO grid cell (~27 km) where ice core records are available 

and the “true” average over the continental part of 500 km × 500 km cells. This standard 

deviation is then used as the error of the snow accumulation records. The same method was 

used to calculate the error in the δ18O records. Since no water isotope is generated by RACMO, 

a finer model is obtained by linear interpolation of iCESM1 to the RACMO grid for the years 
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1950-2005. For the error of the 10-year averaged data, we take the smoothing of the time series 

into account by dividing the error given at the interannual scale mentioned above with a factor 

of √10 (as classically done for instance in PAGES 2K-PMIP Group. 2015).  

  For the SST reconstructions, we choose an error of 0.5 °C. We deliberately select a value 

smaller than generally suggested in the literature [e.g., Collins et al., 2019] to obtain a strong 

constraint and have a clear contrast between the DA experiments that include or not those 

reconstructions. 

4.2.4 Experimental design 

To study the sensitivity of the results to the temporal (annual and decadal) resolution of the 

assimilated data, two DA experiments are performed for the past two centuries as the more 

available proxy records over this period than longer periods. These two experiments are similar 

to Dalaiden et al. [2021], including using the same ice-core based δ18O and snow accumulation 

records (only for those located in West Antarctica), as well as tree ring width records in the 

South Hemisphere (Fig. C.1 and Table 4.2). The two experiments are referred to as ASSIM-

P200-1yr at the annual resolution and ASSIM-P200-10yr at the decadal resolution.  

  For the experiments covering the past two millennia, we assimilate the continental proxy 

records and the marine records (i.e., Southern Ocean SST reconstructions) as introduced in 

Section 4.2.1 (Fig. 4.1). To further clarify the contributions of continental and marine records 

on the reconstructions, we separately perform two DA experiments. In the first one, we 

assimilate only the continental proxies (ASSIM-P2000-CON), while we assimilate all the 

records (ASSIM-P2000-ALL) in the second one. In addition, to test the sensitivity of the DA-

based reconstructions to the seasonality of SST reconstructions, we perform the experiment, 

ASSIM-P2000-DJF, similar to ASSIM-P2000-ALL, but we use the summer SST (the mean 

over December, January, and February) as prior modeling results and we assume that the 

reconstructed SST represents summer conditions instead of annual mean. All experiments 

have been listed in Table 4.2.  

Table 4.2: Description of the DA experiments. 

Name Assimilated proxy records  Temporal 

resolution 

Temporal 

span 

ASSIM-P200-1yr 20 ice-core based δ18O and 34 snow accumulation 

records in West Antarctica and 6 tree ring width 

records (Fig. C.1) 

1 year 1800-2000 

CE 

ASSIM-P200-10yr 20 ice-core based δ18O and 34 snow accumulation 

records in West Antarctica and 6 tree ring width 

records (Fig. C.1) 

10 years 1800-2000 

CE 

ASSIM-P2000-CON Five Ice-core based δ18O and two snow 

accumulation records in West Antarctica (Fig. 4.1) 

10 years 1-2000 CE 
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ASSIM-P2000-ALL Five Ice-core based δ18O and two snow 

accumulation records in West Antarctica and five 

SST reconstructions (Fig. 4.1) 

10 years 1-2000 CE 

ASSIM-P2000-DJF Same as ASSIM-P2000-ALL but considering that 

SST reconstructions represent summer conditions 

10 years 1-2000 CE 

 

  The comparisons mentioned above are quantitively achieved by the computation of two 

statistical metrics. The first is the Pearson correlation coefficient (r value) and the related P-

value. The second is the coefficient of efficiency (CE value): 

𝐶𝐸 = 1 − ∑
(𝑥𝑖 − 𝑦𝑖)

2

(𝑥𝑖 − 𝑥  )2

𝑛

𝑖=1

 

  where xi is the “true” time series, x̄ is the mean of the “true” time series over a reference 

period; yi is the reconstructed time series. This metric is used in Section 4.3.1. The upper limit 

of CE is 1, which means that two time series have the same variations of both the amplitude 

and the timing, while negative CE values result from a bias between the two datasets, in either 

the mean or amplitude of the variability. 

  In our analyses, the SAM index is defined as the normalized difference in mean sea-level 

pressure between the 40° and 65° South bands [Gong and Wang, 1999]. The ASL index is 

defined as the normalized mean of the sea level pressure from 75°S to 60°S and 170°E to 70°W 

[Fogt et al., 2012; Hosking et al., 2013]. For the regional-scaled sea ice extent (i.e., at least 15% 

of the ocean surface covered by ice, Fig. 4.1), we follow the geographical definition of 

Parkinson [2019] and divide the ocean off West Antarctica into two zones: the 

Bellingshausen/Amundsen Sea zone (130°W-60°E) and the Ross Sea zone (160°E-130°W). 

The definition of the climate regions (Fig. 4.1), i.e., the AP (70 -74°S, 60°W - 80 °W) and the 

WAIS (north of 85°S, 60°W-170°W), follows the ones in Stenni et al. [2017]. 

4.3 Results and discussion 

4.3.1 Evaluation of the skill of the reconstructions over the past 200 years 

Since all the previous DA experiments were performed at annual resolution, we first assessed 

the sensitivity of the results to the temporal resolution (annual and decadal) of the assimilated 

observations. ASSIM-P200-1yr and ASSIM-P200-10yr show consistent results with high and 

statistically significant correlation coefficients between them and positive CE values for SAT 

over the AP (r = 0.89 at p < 0.05, CE = 0.77) and WAIS (r = 0.86 at p < 0.05, CE = 0.72), the 

SAM (0.94 at p < 0.05, CE = 0.64) and ASL index (0.92 at p < 0.05, CE = 0.64) over past two 

centuries (Fig. 4.2). The correlation coefficients between the local SAT and SLP time series 

are also high and significant at many locations in the domain (Fig. 4.3 a and b). 
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  For the SIE, the two experiments also display clear similarity in the 

Bellingshausen/Amundsen sector (r = 0.73 at p < 0.05, CE = 0.48). However, the two 

experiments display larger differences in the SIE integrated over the Ross Sea sector, with a 

relatively small correlation coefficient (r = 0.44 at p < 0.05) and negative CE value (-0.03). 

The spatial distribution shows that the low correlations are mainly found on the northern edge 

of the Ross Sea and close to the coast of the western part of the Amundsen Sea (Fig. 4.3 c), 

where the correlation coefficients between the two experiments are not significant.  

  The results seem thus not very sensitive to the resolution of the records except for sea ice 

concentration in some regions. This discrepancy for sea ice might be related to the time scale-

dependent covariance between the variables. To illustrate this point, we calculate correlation 

coefficients, which can be seen as the covariance normalized by the product of the standard 

deviations, between SIE, SAT, and the ASL. To avoid the influence of the trend related to the 

global warming over the past century, we calculate correlation coefficients based on the 

detrended time series (i.e., removing the linear trend of the time series denoted by rd). Since 

the above discrepancy is mainly observed in the Ross Sea sector, the average of climate 

variables used for calculating the correlation coefficients is made over this region (160°E-

130°W, 50°S -70°S). 

  Significant negative correlation coefficients are found between the ASL and SIE in the Ross 

Sea sector (r = -0.88 at p < 0.05; rd =-0.92 at p < 0.05) in ASSIM-P200-1yr (Fig. 4.4). This 

highlights a strong control of the ASL on the SIE over the Ross Sea sector through atmospheric 

processes at the interannual scale, as proposed in several previous studies [e.g., Hosking et al., 

2013; Raphael and Hobbs, 2014; Raphael et al., 2019, Dalaiden et al., 2022]. For instance, a 

deeper ASL results in stronger cold southerly winds transporting sea ice off the Ross Sea, thus 

leading to a larger regional SIE. In contrast, ASSIM-P200-10yr shows a non-significant 

correlation coefficient of 0.09, although the correlation based on the detrended time series is 

still negative (rd =-0.44 at p < 0.05) but much smaller than ASSIM-P200-1yr. 

  The next step is to investigate the changes in the oceanic temperature at 100 m and 500 m, 

considering that the ocean could be responsible for this timescale dependence because of its 

large thermal inertia and slower time response to perturbations compared to the atmosphere. 

In ASSIM-P200-10yr, the SIE in the Ross Sea sector is negatively correlated to oceanic 

temperature at both 100 m (r = -0.74 at p < 0.05; rd = -0.37 at p < 0.05) and 500 m (r = -0.66 

at p <0.05; rd = -0.26 at p > 0.05). However, in ASSIM-P200-1yr, the significant negative 

correlation only occurs between the SIE and oceanic temperature at 100 m (r = -0.51 at p < 

0.05; rd = -0.70 at p < 0.05), while an insignificant positive correlation coefficient is obtained 

between the SIE and oceanic temperature at 500 m (r = 0.29 at p >0.05; rd = 0.44 at p < 0.05). 

In other words, an increase in SIE in the Ross Sea is associated with a cooling of the water 

column up to 500 m in ASSIM-P200-10yr while the cooling is restricted to the upper layers in 

ASSIMP200-1yr.  
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  This can be interpreted as that, on the interannual timescale, only the upper ocean interacts 

with the surface while the deeper ocean can play an important role on the decadal timescale. 

Ferreira et al. [2015] proposed that the SO response to winds could be timescale-dependent; 

an atmospheric pattern similar to a positive SAM triggers short-term cooling at interannual 

scale by the horizontal Ekman drift, followed by the slower warming around Antarctica 

induced by Ekman upwelling of warmer water. Such a mechanism may induce different 

covariances between the variables as a function of the time scale. Our results are consistent 

with the hypothesis of a strong role of the upwelling of deeper waters on longer timescales 

[e.g., Ferreira et al., 2015]. However, this correlation analysis does not provide a causality link, 

and this is not our purpose here to go deeper in the physical mechanism. This also confirms 

that the co-variability between state variables in the system is very important in the DA process 

and that the validity of the model-derived covariance must be evaluated carefully for each 

application, especially when reconstructing sea ice or other oceanic variables [Tardif et al., 

2014, 2015; Steiger et al., 2016]. Due to the absence of long-term sea ice observations over 

the past two centuries [e.g., Vorrath et al., 2020], it is impossible to assess which of the 

reconstruction ASSIM-P200-1yr or ASSIM-P200-10yr is more faithful. Nevertheless, in order 

to better integrate the role of ocean on the low-frequency variability of the system, it seems 

reasonable to perform assimilation here using a 10-year assimilation window. 
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Figure 4.2: Comparisons for the surface air temperature (SAT) over the Antarctic Peninsula 

(AP, a) and the West Antarctic Ice Sheet (WAIS, b), for the sea ice extent integrated in the 

Bellingshausen/Amundsen sea sector (c) and the Ross Sea sector (d), and for the Amundsen 

Sea Low index (ASL, e) and the Southern Annual Mode index (SAM, f), over the past two 

centuries, between various reconstructions from this study, i.e., ASSIM-P200-1yr (red), 

ASSIM-P200-10yr (cyan), ASSIM-P2000-ALL (black), and from Dalaiden et al. (2021, blue). 

All quantities are expressed in anomalies (relative to the 1800–2000 CE period). Shaded areas 

represent ±1 standard deviation of the DA-based reconstructions. Correlation coefficients (r) 

between different reconstructions are shown in bold (the statistically significant ones at p < 

0.05 is shown in italic font) and above the time series in each panel, while the others below 

the time series represent the values of coefficient of efficiency (CE).  
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Figure 4.3: Spatial patterns of the correlation coefficients for the surface air temperature 

(SAT), sea level pressure (SLP), and sea ice concentration (SIC) between ASSIM-P200-1yr 

and ASSIM-P200-10yr (a, b, c), between ASSIM-P2000-ALL and the reconstruction from 

Dalaiden et al. [2021] (d, e, f), and between ASSIM-P2000-ALL and ASSIM-P200-10yr (g, h, 

i). The area with stippling indicates the correlation coefficients at a 95 % confidence level (p 

< 0.05).  

 

Figure 4.4: The correlation coefficients between sea-ice extent (SIE) in the Ross Sea sector 

and ASL, the subsurface oceanic temperature at 100 m and 500 m (their time series are shown 
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in Fig. C.2), respectively, presented in the reconstructions of ASSIM-P200-1yr (a) and ASSIM-

P200-10yr (b).  

  Ideally, our reconstruction covering the past 2000 years should be evaluated compared to 

observations but because of the decadal resolution of ASSIM-P2000-ALL and the short 

observations covering the past 2-3 decades, the remaining degrees of freedom (only 2 or 3 if 

observations are averaged using 10 years) is too limited. Alternatively, we decided to compare 

ASSIM-P2000-ALL to the reconstruction of Dalaiden et al. [2021] which has proved to 

provide skillful reconstructions of atmospheric circulation, sea ice concentration, and SAT 

over the past 200 years in the West Antarctic Sector. Dalaiden et al. [2021] assimilated the 

same records as in ASSIM-P200-1yr, using the same methodology but with additional records 

from East Antarctica. Dalaiden et al. [2021] and ASSIM-P200-1yr are thus very similar in 

West Antarctica (see the comparison between Dalaiden et al. [2021] and ASSIM-P200-1yr in 

Fig. C.3). In addition, the comparison between ASSIM-P2000-ALL and ASSIM-P200-10yr is 

involved here to evaluate the contribution of the number of proxies. It may also be useful to 

remind here that no marine record is assimilated in ASSIM-P2000-ALL over the period 1800-

2000 CE and thus there is no difference for this period between ASSIM-P2000-ALL and 

ASSIM-P2000-CON. 

  For the spatial SAT reconstructions (Fig. 4.3 d), ASSIM-P2000-ALL is significantly 

correlated with Dalaiden et al. [2021] over the AP (r=0.73 at p<0.05; CE = 0.42 for the mean 

of the sub-region, Fig. 4.2 a). Over the WAIS, however, some small zones with non-significant 

correlations are observed in the western and center of the region. This could be due to the poor 

performance of ASSIM-P2000-ALL in the reconstruction of the atmospheric circulation (Fig. 

4.3 e), in particular for the SAM (Fig. 4.2 f) and ASL index (Fig. 4.2 e). This leads to a CE 

value close to zero for the mean over WAIS but a significant correlation coefficient (0.60 at p 

< 0.05) indicates that ASSIM-P2000-ALL is able to capture the general signal over the past 

two centuries over the WAIS reconstructed in Dalaiden et al. [2021]. When compared to 

ASSIM-P200-10y, ASSIM-P2000-ALL displays remarkable consistency in West Antarctica 

(Fig. 4.3 g). The correlation coefficients between ASSIM-P2000-ALL and ASSIM-P200-10y 

are 0.85 (p < 0.05) over the AP, and 0.78 (p < 0.05) over the WAIS. The positive CE values 

indicate that the magnitude of the decadal variability is similar between both reconstructions. 

This suggests that the differences between ASSIM-P2000-ALL and Dalaiden et al. [2021] are 

due to the temporal resolution rather than the number of records. 

  ASSIM-P2000-ALL correlates very well with Dalaiden et al. [2021] for the SIC in the 

Bellingshausen/Amundsen Sea, but in the Ross Sea, there are large areas with negative 

correlation coefficients. By contrast, ASSIM-P200-10yr and ASSIM-P2000-ALL show a good 

agreement over almost the full high-latitude Pacific sector of the Southern Ocean (Fig. 4.3 i), 

indicating again a role of the time resolution in the differences between ASSIM-P2000-ALL 

and Dalaiden et al. [2021]. Regarding the performance of the reconstructed SIE integrated over 
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Bellingshausen/Amundsen Sea, ASSIM-P2000-ALL seems skillful when comparing to 

Dalaiden et al. (2021) (r = 0.71 at p < 0.05, CE = 0.27) and ASSIM-P200-10yr (r = 0.76 at p 

< 0.05, CE = 0.21) (Fig. 4.2 c). For the reconstruction of the SIE over the Ross Sea, ASSIM-

P2000-ALL shows negative CE values when compared to Dalaiden et al. [2021] (-1.42) and 

ASSIM-P200-10yr (-0.16) (Fig. 4.2 d). Nevertheless, the high correlation coefficient between 

ASSIM-P2000-ALL and ASSIM-P200-10yr (0.71 at p < 0.05) indicates that the assimilation 

of only a few records in ASSIM-P2000-ALL is able to capture the general tendency of the SIE 

over the Ross Sea for past two centuries, even though the magnitude of the changes might be 

less trustable than in ASSIM-P200-10yr.  

  For the SLP over West Antarctica and its surrounding seas in the Southern Ocean, ASSIM-

P2000-ALL correlates positively, but not significantly, with both Dalaiden et al. [2021] and 

ASSIM-P200-10yr (Fig. 4.3 e and h). This suggests that the number of records included in 

ASSIM-P2000-ALL might be too low and that the reconstruction for this variable should be 

taken with caution. 

4.3.2 Surface temperature and sea ice changes in West Antarctica and its surrounding 

seas over the past two millennia 

The evolution of SAT and SIE in the West Antarctic sector over the past two millennia from 

ASSIM-P2000-ALL and ASSIM-P2000-CON are displayed in Fig. 4.5. Both experiments 

appear quite similar, in particular during the first millennium. There are relatively small 

centennial fluctuations in the SAT and SIE over the years 1-400 CE. Subsequently, the 

warmest period over the first millennium is observed during 450-550 CE and is followed by a 

significant cooling until 1000 CE over the WAIS and AP. This is consistent with the previous 

reconstructions of Lyu et al. [2021] that focus on multi-centennial trends in the SAT over 

Antarctica during the first millennium. This implies that the assimilation of the marine records 

in ASSIM-P2000-ALL brings additional constraints for the first millennium compatible with 

the one in ASSIM-P2000-CON. This also confirms the robust SAT reconstruction of Lyu et 

al. [2021] for the first millennium over West Antarctica. In contrast to the evolution over the 

first millennium, we observe large centennial or multi-centennial fluctuations in the SIE and 

SAT for the second millennium (i.e., 850-1850 CE), with larger amplitude changes in ASSIM-

P2000-ALL compared to ASSIM-P2000-CON. Accordingly, we focus on this period in the 

remaining part of the study. In particular, we observe significant differences in mean SAT and 

SIE between the 1400-1800 CE and 900-1300 CE periods. These two multi-centennial epochs 

are brought in phase with the LIA and MCA in the North Hemisphere [Mann et al., 2009], 

respectively, although different time schemes have historically been defined in the literature 

[Neukom et al., 2019]. Furthermore, the SAT and SIE reconstructions in ASSIM-P2000-ALL 

have good agreement with the ones in the sensitivity experiment (with correlations larger than 

0.7 at p < 0.05) when the assimilated SST reconstructions are considered to represent summer 

temperatures, rather than annual ones (Fig. C.4). This implies that although SST 
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reconstructions are assumed to provide information only for summer, DA remains able to 

reconstruct the changes in the annual mean, albeit with a smaller magnitude. 

  For the SAT over the AP, a long-term MCA-LIA cooling is present in both ASSIM-P2000-

ALL and ASSIM-P2000-CON but appears much larger in ASSIM-P2000-ALL (0.42 °C) than 

in ASSIM-P2000-CON (0.08 °C). Over the WAIS, the difference between the two 

reconstructions is smaller, although the cooling observed in ASSIM-P2000-ALL (0.27 °C) is 

still twice as large as the cooling in ASSIM-P2000-CON (0.13 °C). Consistent with the 

regional cooling in the West Antarctic sector, the SIE displays an expansion of 0.12 106 km2 

in the Bellingshausen/Amundsen Sea during the LIA relative to the MCA in ASSIM-P2000-

ALL and of 0.03 106 km2 in ASSIM-P2000-CON. In the Ross Sea, we observe a smaller 

difference in the evolution in SIE from the MCA to LIA in both reconstructions, with ASSIM-

P2000-ALL and ASSIM-P2000-CON displaying an SIE increase of 0.05 106 km2 and 0.02 106 

km2, respectively.  

 

Figure 4.5. The surface air temperature (SAT) anomalies (in °C relative to 1-2000 CE) over 

the Antarctic Peninsula (AP, a) and the West Antarctic Ice Sheet (WAIS, b), and the sea ice 

extent (SIE) anomalies (in 106 km2 relative to 1-2000 CE) integrated over the 

Amundsen/Bellingshausen Sea sector (c) and the Ross Sea sector (d) derived from the ASSIM-

P2000-ALL (blue) and ASSIM-P2000-CON (cyan) reconstructions. The shaded areas 

represent ±1 standard deviation of the DA-based reconstructions. 
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  To understand the differences between the reconstructions, it is instructive to compare them 

to the four SST reconstructions located on the southern Chilean coast that we assimilate in 

ASSIM-P2000-CON but not in ASSIM-P2000-ALL. As expected, the SST reconstructions 

from ASSIM-P2000-ALL show high correlation coefficients with the original ones, indicating 

the effective roles of the DA process in the reconstruction (Fig. 4.6). Interestingly, even though 

ASSIM-P2000-CON does not directly assimilate the SST reconstructions, the correlation 

coefficients between the DA-based reconstruction and the SST reconstructions remain 

significant and close to 0.5. This implies that the information provided by the continental proxy 

records assimilated in ASSIM-P2000-CON is consistent with the one of the SST 

reconstructions, especially for the long-term cooling trend over the last millennium.  

  Nevertheless, a visual comparison of the time series in Fig. 4.6 clearly reveals that our SST 

reconstructions underestimate the centennial variability compared to the original 

reconstructions, regardless of whether those SST reconstructions are assimilated. This 

potential underestimation of the variability is a common issue for DA reconstructions [e.g., 

Tardif et al., 2019]. However, this is likely here due to a more general problem of climate 

models underestimating the variance at the local scale compared to marine proxies [e.g., 

McGregor et al., 2015]. On the one hand, the model (i.e., iCESM1 in this study) is unable to 

reproduce the small-scale signal included in the proxy records. On the other hand, the SST 

reconstructions could also contain non-climatic information, and could suffer from 

methodological uncertainties (e.g., on the transfer function from the proxy to SST 

reconstructions). As a consequence, the model ensemble (i.e., the prior) does not include states 

that present large enough anomalies compared to the data. The filter selects the particles that 

have a strong signal at the location of the proxies but this is still significantly different 

compared to the one provided by the SST reconstructions. Nevertheless, one of the 

consequences of assimilating the marine proxy records is to amplify the variability locally in 

ASSIM-P2000-ALL at the location where marine proxies are available (even though it does 

not reach the one of the reconstructions) but also at larger scales, explaining the larger changes 

in the temperature over WAIS and the AP and the larger SIC increase between the MCA and 

the LIA in the Bellingshausen/Amundsen Sea in this experiment. 

  The comparison to independent reconstructions based on diatoms extracted from marine 

sediments is also useful to evaluate the relative performance of ASSIM-P2000-CON and 

ASSIM-P2000-ALL (Fig. 4.7). The high abundance of sea ice sensitive diatom records 

normally reflects sea ice expansion or persistent sea ice presence during that period [Crosta et 

al., 2020]. Most of the sea-ice related diatom records around the AP coast (5/7, including 

GEBRA-1, GEBRA-2, JPC127, JPC38, and JPC10) display a common signal with a clear sea-

ice increase over the past millennium. The SIC at the locations of these five diatom records 

reconstructed in ASSIM-P2000-ALL appears to follow the increasing trend better than the 

reconstructions in ASSIM-P2000-CON, as evidenced by the higher correlation coefficients 
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between the diatom records and ASSIM-P2000-ALL (on average 0.52 at p < 0.05) than with 

ASSIM-P2000-CON (on average 0.27 at p < 0.05).  

  We have found inconsistencies between our reconstructions and the two remaining records 

located in the Bransfield Basin (referred to as A3 and A6). In contrast to our reconstructions 

for the regions, the A3 and A6 records display no significant trend for the past millennium, so 

that the correlations between our reconstructions and these two records are close to zero. A3 

and A6 are also inconsistent with the other diatom records, in particular with the GEBRA-1 

which is also located in the Bransfield Channel, east of A3 and A6. This highlights the 

complexity of the local dynamics in this region and of the interpretation of diatom records. In 

the case of A3 and A6, the sea ice information preserved in the sediments might have been 

affected by the seasonality of sea ice conditions and (or) the upwelling of deep warm water 

[Barcena et al., 1998] in the western Bransfield Strait, which could have masked the large-

scale climatic signal shown in other records.  

  We have also compared our reconstructions to three marine diatom records in the western 

Ross Sea. Over the past two millennia, the SIC derived from ASSIM-P2000-ALL at three 

proxy sites positively correlate with the original records, although the values are relatively 

small (between 0.20 and 0.26). The correlation coefficients between ASSIM-P2000-CON and 

those proxy records are lower and are even negative for two of them (0.0 in the third one). The 

original study describing these three diatom records has identified the important role of 

katabatic winds and latent-heat polynyas on the coastal sea ice in this region [Mezgec et al., 

2017]. The general circulation model used in the DA process is however unable to simulate 

and capture those small-scale coupled ocean-atmosphere processes, which may explain the 

relatively poor agreement between our reconstructions and proxy records in the Ross Sea 

region.  
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Figure 4.6: Comparison between the original SST reconstructions (anomalies over 1-1800 

CE) (red) derived from the marine records located at the southern Chilean coast (as shown in 

the left map) and the reconstructions from ASSIM-P2000-ALL (blue) and ASSIM-P2000-CON 

(black). These four records are assimilated in ASSIM-P2000-ALL, but not in ASSIM-P2000-

CON. The numbers within each subplot correspond to the correlation coefficients between the 

original SST reconstructions and ASSIM-P2000-ALL (blue) and ASSIM-P2000-CON (black). 

 

Figure 4.7: Same as Fig. 6, but for the independent marine diatom records in the Antarctica 

Peninsula (AP, a) and the Ross Sea (b). 
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4.3.3 Is there a widespread cooling over WA and adjacent seas for the past millennium? 

 

Figure 4.8: Spatial patterns of the LIA (1400-1800 CE)-MCA (900-1300 CE) difference in the 

SAT (a, b), SIC (c, d), and SLP (e, f) derived from ASSIM-P2000-CON and ASSIM-P2000-

ALL. Note, the color bar is independent for each subplot to make the pattern visually readable.  

Here we investigate the spatial distribution of several key variables (i.e., sea ice concentration 

(SIC), sea level pressure (SLP), and surface air temperature (SAT)) to examine whether there 

is a widespread cooling over West Antarctica and adjacent seas for the past millennium in our 

two reconstructions and the potential associated mechanisms (Fig. 4.8). Compared to a 

relatively localized cooling zone in the western WAIS shown in the ASSIM-P2000-CON 

reconstruction (Fig. 4.8 a), more extensive and intense cooling over West Antarctica is 

observed in ASSIM-P2000-ALL. The largest cooling occurs in the western Amundsen Sea in 
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ASSIM-P2000-CON and in the eastern Amundsen Sea in ASSIM-P2000-ALL. The SIC 

pattern is consistent with the one of SAT, with a broader and higher SIC increase over the 

Pacific sector of the high latitudes of the Southern Ocean in ASSIM-P2000-ALL than in 

ASSIM-P2000-CON. 

  The reconstructed changes of the atmospheric circulation exhibit clear differences between 

the two experiments, but both display a decrease in SLP over the Bellingshausen Sea between 

the MCA and the LIA, with an eastward shift and a deepening of the low-pressure system in 

the ASSIM-P2000-ALL compared to ASSIM-P2000-CON. Despite these strong differences 

between the reconstructions in magnitude and patterns of the SLP changes and the low skill of 

our reconstruction for this variable over the past 200 years (Fig. 4.3), it is still instructive to 

analyze the impact of those SLP changes on the temperature over this region as the 

reconstructions provide an internally consistent dataset. Specifically, as the ASL is known to 

be a major contributor to the variability in the region, we have performed a congruence analysis 

to identify the contribution of the ASL to the changes in the SAT during the LIA-MCA 

transition. This methodology is same as the one used in previous studies, e.g., Thompson et al. 

[2020] and Jones et al. [2019]. We first derived the ASL index from our reconstructions and 

then perform a linear regression between the ASL index and the SAT for each grid cell after 

removing linear trends over 900-1800 CE period. We finally multiplied the SAT sensitivities 

derived from the regression by the trends in the ASL index over 900-1800 CE to estimate the 

ASL-congruent SAT changes. In both reconstructions, the SAT congruent trend shows a small 

cooling over the WAIS but signals of different signs over the AP (Fig. 4.9). Nevertheless, the 

values are relatively low indicating that the ASL plays a relatively small role in the cooling 

trend in our reconstructions. 

 

Figure 4.9. Spatial patterns for the ASL-congruent trend in the SAT derived from ASSIM-

P2000-CON (a) and ASSIM-P2000-ALL (b). Note, the color bar is independent for each 

subplot to make the pattern visually readable.  
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Figure 4.10. The area-weighted mean of ASL-congruent and “residual” trend in the SAT from 

ASSIM-P2000-ALL, ASSIM-P2000-CON, and the trend from iCESM1 and CESM1 (including 

all forced simulations and volcanic-forced simulations) over the AP (a) and WAIS (b). 

  The general cooling in West Antarctica and adjacent seas obtained in our reconstructions 

between the LIA and the MCA is consistent with the iCESM1 ensemble mean (Fig. 4.10) as 

well as with other simulations performed with climate models (e.g., LOVECLIM in Goosse et 

al., 2012, models in PMIP3/CMIP5 as shown in Klein et al., 2019). The magnitude of the 

changes in iCESM1 is actually very close to the one ASSIM-P2000-ALL, the reconstruction 

that appears the most faithful for the long-term trend over the past millennium as shown in 

Section 4.3.2, and larger than in ASSIM-P2000-CON, in particular over the AP. This suggests 

that the widespread cooling over West Antarctica and the Pacific sector of the Southern Ocean 

in ASSIM-P2000-ALL is driven by external forcings and corresponds to a standard response 

to the decrease in the global radiative forcing between the two periods. Goosse et al. [2012] 

and Phipps et al. [2013] suggests that volcanic forcing is the main contributor to this cooling 

trend over Antarctica and Southern Hemisphere for the last millennium. Here we confirm this 

conclusion by examining the simulations driven by all forcings and by only the volcanic 

forcing performed with the CESM1 [Fig. C.5, Otto-Bliesner et al., 2016]. Over 900-1800 CE, 

the ensemble mean of CESM1 driven by all the forcings shows a significant cooling trend with 

-0.04 °C/100yr in the AP and -0.05 °C/100yr in the WAIS. More than 50 % of this cooling 

trend is obtained in the simulations conducted using only the volcanic forcing, with -

0.02 °C/100 yr in the AP and -0.03 °C/100 yr in the WAIS, highlighting the dominant influence 

of this forcing on the widespread MCA-LIA cooling over West Antarctica and the surrounding 

seas. 

  Our ASSIM-P2000-ALL and ASSIM-P2000-CON reconstructions agree also relatively well 

with the one of Stenni et al. [2017] in WAIS, which also displays a significant cooling there (-

0.06 °C/100yr at p < 0.05). However, the slight warming of 0.01 °C/100yr (at p > 0.05) in the 

AP present in the Stenni et al. [2017] reconstruction contrasts with the cooling present in both 

our reconstructions. Assimilating the same continental proxy records as in ASSIM-P2000-

CON but with annual resolution (Fig. C.6) reproduces the weak warming shown in Stenni et 
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al. [2017] because of a larger contribution of the changes in the ASL (ASL-congruent trend 

0.02 °C/100 yr). However, this additional experiment shows less agreement with the 

independent sea-ice proxy records than ASSIM-P2000-CON and ASSIM-P2000-ALL, 

indicating that it is likely not able to reproduce the centennial variability in the AP region. 

  Since our reconstructions and the one of Stenni et al. [2017] only include one high-resolution 

δ18O record covering the past two millennia in the AP from the ice core collected on the James 

Ross Island (JRI), it is interesting to investigate how this record constrains our reconstructions. 

The correlation between the original δ18O record and the reconstructed one from ASSIM-

P2000-CON (0.86, p < 0.05) is much higher than the correlation with ASSIM-P2000-ALL 

(0.46, p < 0.05) over the last two millennia. Furthermore, ASSIM-P2000-ALL displays a 

negative trend of -0.24 per mill/century (p<0.05) in the δ18O at JRI over 900-1800 CE, while 

ASSIM-P2000-CON has no trend (0.00 per mill/century, p>0.05) and the original δ18O has a 

positive one (0.3 per mill/century, p<0.05, Fig. C.6), consistent with the reconstruction of 

Stenni et al. (2017) which is based on this record. There are also large differences between 

both reconstructions in the trend of the snow accumulation at JRI, with -44.8 Gt year-1 per 

century (p<0.05) in ASSIM-P2000-ALL and 14.7 Gt year-1 per century (p<0.05) in ASSIM-

P2000-CON (Fig. C.6). This confirms that the reconstruction in ASSIM-P2000-ALL is much 

less controlled by the JRI record because of the additional large-scale information provided by 

the marine data, while ASSIM-P2000-ALL and especially Stenni et al. [2017] reconstruction 

critically depend on this single record.  

 

Figure 4.11. The time series for the global-scale temperature from Neukom et al. [2019] 

(black) and the reconstructed SAT over West Antarctica in ASSIM-P2000-ALL (blue) and 
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ASSIM-P2000-CON (cyan). The thin line denotes the 10-year averaged time series, while the 

thick line represents the 100-years averaged time series. 

  As there has been some debate about the temperature trends over the past millennium, the 

synchronicity between regions or even the existence of a transition between warmer and colder 

periods such as the MCA and the LIA [Neukom et al., 2019; PAGES2K-PMIP 2015], we 

examine the relationship between our reconstructions for the 10-year averaged SAT over West 

Antarctica and the global SAT reconstructions of Neukom et al. [2019] over the past 

millennium (850-1850 CE) (Fig. C.7). The results show that the global SAT correlates much 

better with the reconstructions in ASSIM-P2000-ALL (0.65 at zero lag) than with ASSIM-

P2000-CON (0.35 at zero lag). It is sometimes argued that the Antarctic response to forcings 

may lag significantly behind the global one [e.g., Abram et al., 2017], but this does not seem 

the case for West Antarctica as the maximum correlation between the ASSIM-P2000-ALL 

and global SAT occurs for a lag of 20 years only (global temperature leading). By contrast, 

when we compute the same metrics but with the detrended time series, we find a poor 

relationship between our reconstructions and the global SAT. In addition, we also make a 

comparison of the recent warming between the reconstructions. The global reconstruction 

shows a warming trend starting around 1800 based on the 100-year averaged time series, which 

is very close to the one in ASSIM-P2000-ALL with a warming starting around the same time 

(Fig. 4.11). This suggests that the synchrony between the global-averaged signal in Neukom 

et al. [2019] and the one over West Antarctica in ASSIM-P2000-ALL exists not only for the 

cooling over the past millennium related to the dominant role of the volcanism forcing, but 

also for the recent warming at centennial scale. This confirms that the centennial-scaled 

temperature evolution over West Antarctica is coherent with global changes over the full past 

millennium.  

  However, the MCA–LIA temperature difference given by the global reconstruction is -

0.16 °C, much smaller than the one over West Antarctica in ASSIM-P2000-ALL which 

reaches -0.31 °C. Additionally, the warming trend over the 20th century over West Antarctica 

in ASSIM-P2000-ALL is 0.60 °C/century, which is slightly larger than the global warming 

trend of 0.52 °C/century. We have to remind again that there is no assimilation of the marine 

records during 1800-2000 CE, and hereby the magnitude of this trend over the 20th century 

over West Antarctica is likely to be underestimated based on the validation against Dalaiden 

et al. [2020] mentioned in Section 4.3.1. These differences between the amplitude of the 

variations between global-mean and WAIS could be interpreted as a moderate polar 

amplification of temperature changes, applied here for the Southern Hemisphere [Pithan and 

Mauritsen, 2014; Manable and Wetherald, 1975; Goosse et al., 2018]. For instance, the 

expanded sea ice over the Bellingshausen/Amundsen Sea during the LIA would enhance 

surface albedo and thus amplify the initial cooling by surface albedo feedback.  
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The analyses of the trend over the past millennium have highlighted the role of external forcing. 

Previous studies have proposed that unforced internal climate variability is also responsible 

for a large fraction of the changes [Goosse et al., 2012; Wang et al., 2017; Lyu et al., 2021], 

inducing complex patterns of cooling and warming for different periods. This explains the lack 

of coherence between global and West Antarctic temperatures for the detrended series over 

the past millennium. Additionally, as the external forcing, i.e., volcanism, is weaker during the 

first millennium, internal variability is likely dominant for this period. This is why no clear 

synchronous changes between West Antarctic temperature and global temperatures over the 

first millennium are found in our reconstructions. 

4.4 Conclusion 

In this paper, we have studied the climate variability over the past millennium in West 

Antarctica and surrounding seas by estimating several key climate variables (SAT, sea ice, and 

atmospheric circulation) using an offline DA method constrained by both continental and 

marine proxies. This method allows for generating internally consistent climate fields by 

considering the covariance (including spatial covariance and covariance between each variable 

field) contained in prior modeling results.  

  Considering the dominant role of the covariance relationship between variables in the DA 

process and its timescale dependence [Kunz and Laepple, 2021; Franzke et al., 2020], we have 

compared two DA experiments that assimilate the same proxy records but with annual and 

decadal temporal resolutions (i.e., ASSIM-P200-1yr and ASSIM-P200-10yr). We confirm the 

existence of changes in covariance across time scales in our region of interest and show its 

impact on the reconstruction for some variables. For instance, previous studies [e.g., Hosking 

et al., 2013, Raphael et al., 2019] and ASSIM-P200-1yr have shown that the sea ice evolution 

in the Ross Sea over the past two centuries is highly correlated with the Amundsen Sea Low 

at inter-annual scale. Our experiment ASSIM-P200-10yr, however, indicates that both 

variables have a more complex link at the decadal scale, especially when considering the trend 

over the past two centuries, and the sub-surface oceanic temperature seems to have a larger 

contribution to the sea ice variations in the Ross Sea region on those longer timescales. In this 

framework, the assimilation of continental and marine records at a uniform temporal resolution 

of 10 years provides a good compromise to combine the available low- and high-frequency 

records. 

  Our reconstructions covering the past two millennia (ASSIM-P2000-ALL and ASSIM-

P2000-CON) reproduce well the main characteristics of reconstructions performed over the 

past two centuries using a denser network of shorter time proxy series (Dalaiden et al., 2021 

and ASSIM-P200-10yr) over their common period. Some inconsistencies, for instance in the 

atmospheric circulation and sea ice concentration in some parts of the Ross Sea, remain but 

the good agreement in terms of temporal and spatial variability of SAT and sea ice between 

ASSIM-P2000-ALL and ASSIM-P200-10yr suggests that assimilating only a few records in 
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those long reconstruction still provide valuable information for the decadal scale and longer 

climate variability over West Antarctica. Additionally, the comparison with independent sea 

ice-related marine records confirms a good skill in long-term variations, in particular when 

both continental and marine records are assimilated in ASSIM-P2000-ALL.  

  According to our reconstruction ASSIM-P2000-ALL, a widespread cooling trend occurred 

over West Antarctica and surrounding seas over the period 900-1800, which could be 

interpreted as the equivalent of the so-called transition between the MCA and LIA in the region. 

While the cooling over the WAIS is also present in many other reconstructions, Stenni et al. 

[2017] reconstruction based on the JRI record does not display a cooling trend over the AP. It 

seems thus that including additional records in our reconstruction and taking advantage of the 

spatial covariance using a data assimilation framework gives less weight to the single JRI 

record. This cooling over the AP present in ASSIM-P2000-ALL is also consistent with several 

independent records [Lüning et al., 2019; Simms et al., 2021]. ASSIM-P2000-ALL provides 

thus likely a more faithful estimate of the large-scale changes of the SAT in the AP region, but 

additional long records for the region would be extremely useful to confirm this hypothesis 

[e.g., Rowell et al., 2022]. 

  This widespread cooling trend over the pre-industrial past millennium is also consistent with 

the climate modeling results which suggest that the cooling could be explained by a simple 

thermodynamic response to the radiative forcing evolution over the period. Analyzing 

ensembles of simulations driven by all the natural and anthropogenic forcings and an ensemble 

driven by only the volcanic forcing indicates a dominant contribution of the latter to the 

cooling trend. Furthermore, the temperature over West Antarctica are well correlated with the 

global mean surface temperature that has been shown to be strongly influenced by volcanic 

forcing [PAGES 2k Consortium, 2019; Schurer et al., 2014]. The global-scale radiative forcing 

change appears thus to be responsible also for the multi-century cooling in West Antarctica. 

By contrast, higher frequency variations are controlled by regional processes as the correlation 

between the global mean and Antarctic temperature becomes very low for detrended time 

series. 
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5 
Conclusion and Perspectives 

 

5.1 Main achievements 

Understanding the recent climate changes in Antarctica requires to put its large interannual 

to multi-decadal variability into a longer context. The reconstructions of surface air 

temperature in Antarctica based on ice-core water isotopic records have provided series 

covering the last two millennia [PAGES, 2013; Goosse et al., 2015; Stenni et al., 2017; 

Klein et al., 2019; An et al., 2021]. In particular, the advancements in the collection, 

synthesis, and calibration of the ice core data have led to considerable progress in 

estimating the Antarctic climate variability over the past two millennia. However, 

uncertainties are still large at regional scales [Klein et al., 2019; An et al., 2021], and this 

hampers our understanding of the physical mechanisms responsible for the centennial 

climate variability. Therefore, the work presented in this thesis was dedicated to better 

reconstructing the Antarctic SAT for the past two millennia in a dynamically meaningful 

and physically plausible way. Unlike some previous studies that mainly rely on one single 

type of proxy record, such as ice core water isotopic records, we have combined different 

proxy records and climate model results in complement to the information preserved in 

water isotopic records in order to identify the robust signals of centennial climate variability. 

The goal has been achieved by establishing three chapters corresponding to three sub-

questions. The main conclusions are synthesized below. 
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5.1.1  Are current climate models able to reproduce the observed signals derived 

from borehole temperature over the past two millennia? 

The reconstructions from the observed borehole temperature in Antarctica have greatly 

contributed to our knowledge of the low-frequency surface air temperature changes on 

multi-decadal to centennial scales [e.g., Barrett et al., 2009; Muto et al., 2011; Orsi et al., 

2012; Zagorodnov et al., 2012; Roberts et al., 2013; Yang et al., 2018]. The centennial-

scale temperature change over the last millennium simulated with PMIP3-CMIP5 models, 

however, has hitherto not been systematically benchmarked against those borehole-

temperature based reconstructions. In Chapter 2, we performed such comparisons by two 

complementary ways using borehole measurements and the corresponding reconstructions 

of surface temperature at four sites, respectively located in the Antarctic Peninsula, West 

Antarctic Ice Sheet, western coast of the Ross Sea, and Wilkes Land Coast.  

  The most simple and straightforward comparison was made between the reconstructed 

surface temperature time series from boreholes and modeling results. Due to the non-

uniform smoothing of the signal and the large uncertainties reflected in the borehole 

temperature reconstructions, the comparison is limited when using the annual-resolved 

time series from the modeling results. It indicates that the long-term cooling trend in West 

Antarctica from 1000 to 1600 CE and the recent warming at those four sites are generally 

reproduced by those general climate models (GCMs), although its magnitude varies 

between models, highlighting the large roles of internal climate variability. However, no 

model is able to reproduce the cooling trend at the site located on the Antarctic Peninsula 

during the 19th century, yet our data assimilation-based reconstructions in Chapter 4 have 

reproduced it. This indicates that the model-data comparison is not straightforward, in 

particular for specific observed changes due to internal variability. This also highlights that, 

for those climate changes caused by internal variability, constraining the climate model to 

follow observations within their uncertainties is a plausible approach to investigate the 

specific hypotheses regarding the role of large-scale climate dynamics in explaining the 

paleo-observations.  

  Then, by using the simulated SAT as an upper boundary condition, a one-dimensional 

heat advection and diffusion forward model, developed by Orsi et al. [2012], was driven to 

simulate the under-ground thermal regime at each site. The comparison of the temperature 

profiles is more easily interpreted that the one from the depth domain. Note, here we 

assumed that Antarctic SAT changes are strongly coupled to ground surface temperature 

(GST) changes and transferred to the subsurface by thermal conduction. This SAT–GST 

relationship at multi-decadal scale during the last millennium has been evaluated by Camilo 

et al. [2018] which suggests that land cover changes in terrestrial regions are the main driver 

for locally and regionally decoupling between SAT and GST. Therefore, our hypothesis 

remains plausible because the four sites in Antarctica are always covered with snowfall 

according to the descriptions in the original papers. 

  Finally, we have evaluated the spatial representativeness of the metrics regarding the 

surface temperatures derived from the borehole reconstructions in the climate models. 
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Those metrics are demonstrated to be generally representative of a large spatial area, 

although they are calculated at a specific site. Consequently, they are proposed to be used 

more widely in model-data comparisons.  

5.1.2 Are there robust multi-centennial trends during the past two millennia observed 

in East and West Antarctica? 

The results in Chapter 2 have indicated that current GCMs are able to generally reproduce 

the SAT reconstructions derived from the measured borehole temperatures in Antarctica. 

However, borehole temperature-based reconstructions have a very low temporal resolution, 

in particular for the period during the first millennium (e.g., Orsi et al. [2011]). This makes 

the model-data comparison difficult, even in the depth domain as we did in Chapter 2. 

Therefore, an additional model-data comparison spanning the full CE has been achieved in 

Chapter 3. 

  To this end, we have quantified the similarities and differences between climate model 

simulations and the reconstructed Antarctic SAT over the past two millennia for 500-year 

trends. We have also performed several SAT reconstructions using a data assimilation 

approach. It allows to diagnose the impact of adding a particular proxy record or set of 

proxy records to the data assimilation product and to combine the available high and low 

frequency ice core water isotope records from Antarctica with the information derived from 

climate models.  

  Our results have indicated that the simulations fail to capture the multi-centennial changes 

in the first millennia derived from the existing statistically-based reconstructions, in 

particular for East Antarctica. Similar discrepancies are also observed between simulations 

and the data-assimilation based reconstructions presented in Chapter 3, although the 

magnitude of the difference is much smaller. This suggests that the trends in the first 

millennium deduced from the statistically based reconstructions are unlikely to be entirely 

forced by external forcings. 

  Our reconstructions have highlighted the complexity of the 500-year temperature trends 

and their spatial distributions in Antarctica, especially during 1-500 CE, and their high 

sensitivity to the selection of the records for the reconstructions. Nevertheless, our 

reconstructions have identified a common cooling over Antarctica during 501-1000 CE, 

with a larger magnitude in the WAIS than elsewhere over Antarctica. Additionally, the 

analysis of the atmospheric circulation in the reconstructions has indicated that a positive 

trend of the Southern Annular Mode and a deepening of the Amundsen Sea Low are 

responsible for the pattern of temperature changes over 501-1000 CE. In contrast to the 

past millennium, especially between the 13th century and the 19th century, only a few large 

eruptions occur in the first millennium, with long periods of volcanic quiescence. In the 

absence of a dominant signal due to the forcing, our results have thus highlighted the role 

of internal climate variability in the temperature trends on multi-centennial scales over the 

first millennium. It is likely that on such long time scales, oceanic dynamics play a strong 
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role, but the ocean processes that could drive such low-frequency variability in the Southern 

Ocean are still under debate [e.g., Zhang et al., 2021].  

5.1.3 Is there a coherent SAT evolution over Antarctica and surrounding seas over 

the past two millennia? 

In Chapter 4, we have achieved the combination of continental and marine proxy records 

with climate model results using an offline DA method to investigate the climate variability 

over the past two millennia in West Antarctica and surrounding seas. Based on this, we 

have reconstructed several key climate variables (SAT, sea ice, and atmospheric circulation) 

over the past two millennia in this region. According to this reconstruction, the assimilation 

of marine records in Chapter 4 brings additional constraints for the first millennia that are 

compatible with the reconstructions presented in Chapter 3. This confirms the robust SAT 

reconstruction present in this chapter for the first millennium over West Antarctica.  

The first conclusion of Chapter 4 is that the covariance relationship between variables, 

which is the basis for the DA method to reconstruct the variable of interest using the 

observations, is time-scale dependent, in particular the one between sea ice and winds. 

Consequently, we suggest that a uniform temporal resolution of 10 years can provide a 

good compromise when assimilating the available low-frequency marine records and high-

frequency continental records. Our reconstructions covering the past two millennia have 

confirmed a widespread cooling trend occurred over West Antarctica and surrounding seas 

over the period 900-1800 CE, which is inconsistent with Stenni et al. [2017] reconstruction 

based on the James Ross Island (JRI) record that does not display a cooling trend over the 

AP. This suggests that incorporating additional records in our DA-based reconstructions 

has allowed giving less weight to the single JRI record due to the effect of the spatial 

covariance, and JRI record may be representative of the proxy-scale (or local) changes, 

rather than the whole AP. Indeed, the reconstructions in Chapter 4 reconcile the 

inconsistency between some existing reconstructions and climate model results. In 

particular, this cooling could be explained by a simple thermodynamic response to the 

radiative forcing evolution over the period. Furthermore, the temperatures in west 

Antarctica are well correlated with the global mean temperature that has been shown to be 

strongly influenced by volcanic forcing.  
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5.2 General conclusions 

This thesis has confirmed that the current climate models are able in general to reproduce 

the observed SAT variability at the centennial scale during the last millennium over West 

Antarctica [Chapter 2 and 4], while the models still have trouble to capture the changes 

over the first millennium, even when constraining the model using the proxy records by 

data assimilation [Chapter 3]. One potential reason for the different performance of the 

climate models regarding the simulation of the temperature changes over the first and 

second millennium could be due to the different mechanisms responsible for the centennial 

SAT variability during both periods. During the first millennium with weak external 

forcings, in particular a weaker volcanic activity, internal processes play a large role in the 

SAT changes. However, the models may not represent well the natural variability in 

Antarctica and the Southern Ocean. For instance, current climate models are still not able 

to reproduce the same magnitude of pre-industrial centennial SAM variability as 

reconstructed from the proxy records [e.g., Abram et al., 2014]. In contrast, during the past 

millennium when the external forcing due to volcanic eruptions dominates the centennial 

SAT variability, the climate models correctly simulate the magnitude of the forced response 

and thus capture the changes at least in West Antarctica. The internal oceanic variability or 

some feedback mechanisms between ocean and atmosphere could be responsible for this 

low-frequency natural variability during the first millennium [e.g., Zhang et al., 2021]. 

Unfortunately, we do not have much specific information about the changes in oceanic 

near-surface or deep circulation for the past millennia. 

Additionally, the uncertainty in the SAT reconstructions due to the limited number of the 

proxy records spanning the full Common Era in Antarctica has been quantified by using 

different sets of proxy records in the data assimilation [Chapter 3 and 4]. As a result, one 

of the key messages here is that one should be extremely careful when using the 

reconstructed SAT (1) during the first millennium when a steep decline in the quality and 

quantity of available climate proxy records [Chapter 3] (2) for the regions with a few proxy 

records available such as the Antarctic Plateau [Chapter 3] and Antarctic Peninsula 

[Chapter 4]. Our reconstructions also highlighted the improvement in capturing the low-

frequency climate variability, which could be achieved by incorporating the proxy records, 

such as the SST reconstructions based on marine sediments, with having a unique 

advantage in recording the slower process compared to the “standard” high frequency 

proxy records. In this aspect, data assimilation has been demonstrated to be particularly 

appropriate to provide a framework combining different temporal-resolution proxy records 

through Chapters 3 and 4.  
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5.3 Perspectives 

Our results have highlighted the role of internal variability in explaining some of the 

observed centennial variations, focusing on the winds, but it would be interesting to explore 

further the mechanisms at the origin of this variability. For instance, while winds are well 

known to display strong variations inducing large interannual variability, what are the 

processes explaining the centennial changes in atmospheric forcing and their impact on the 

temperature? Considering the long-term memory of the ocean, it could integrate the high 

frequency atmospheric forcing leading to low frequency variability and feeding back on 

the atmosphere. Alternatively, the origin of the variability could be the ocean itself, in 

particular the deep ocean circulation [Petro et al., 2016; Zhang et al., 2021]. Many studies 

have suggested that an increased upwelling of deep waters, which are relatively warm with 

respect to the surface waters, could lead to SST warming and sea ice retreat [e.g., Menviel 

et al., 2015; Etourneau et al., 2013; Shevenell et al., 2011]. This might then change the 

meridional temperature gradient between mid and high latitudes, which is a key player in 

controlling the variability of the winds [Varma et al., 2011, 2012; Lamy et al., 2010]. In 

general, answering these questions would require obtaining specific information regarding 

oceanic variables at the surface but also in the deep ocean. As a result, online data 

assimilation, i.e., updating the ensemble at each time step so that all elements of the climate 

system have a consistent evolution [Goosse, 2017; Perkins and Hakim, 2017], is an 

interesting option for future development in order to complement the results obtained using 

the offline data assimilation in this thesis.  

In this thesis, compared to previous reconstructions, we have increased the number of proxy 

records selected to cover the past 2000 years over Antarctica by incorporating several 

different types of proxy records. However, those having a quantitative interpretation for a 

specific physical variable such as temperature or precipitation, directly comparable to the 

simulated climate variables from climate models, and thus being able to be used in data 

assimilation, are still too few, especially in the ocean. This is also prominent in East 

Antarctica, considering the complex spatial pattern for the multi-centennial SAT trend there 

[Chapter 3]. This leads to reconstructions of the atmospheric circulations over West 

Antarctica and surrounding seas being less skillful over the past two millennia compared 

to the past two hundred years [Chapter 4]. Obtaining more annual snow accumulation and 

water isotope records from ice cores would be an ideal way to solve this issue, but it is also 

an expensive and challenging way due to the harsh natural environment in Antarctica, as 

well as the low snow-accumulation rate in East Antarctica. Utilizing all the available 

records, such as the low frequency δ18O records, marine proxy-based SST reconstructions, 

peat records, glacial evidence, etc., is thus very important to provide insights into past 

climate evolutions. We have used some of those records in this thesis, with for instance 

several diatom-based sea ice proxies with temporal resolutions of the order of decades to a 

century selected as qualitative validation of the reconstructions. This could be further 

expanded in the future. Diatom transfer functions have been proposed and perform well in 

coastal regions of Adelie Land [Crosta et al., 2021]. Such a method is able to reconstruct 

quantitively the mean annual length of the sea-ice duration that can be used in data 
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assimilation. In addition, the chemical composition of ice cores, in particular, sea salts (e.g., 

Na+), have been used to estimate the past atmospheric circulation [e.g., Legrand and 

Mayewski, 1997; Mayewski et al., 2017] and sea ice changes [e.g., Abram et al., 2013]. In 

particular, within the framework of the CLIVASH2k project, a new compilation of the 

chemical composition of existing ice cores is being carried out. Therefore, incorporating 

them into data assimilation would be very useful for better reconstructing the Antarctic 

centennial climate variability.  

Since currently only one ensemble of simulations with an isotopic-enabled model using 

iCESM1 is available for that last millennium, we were not able to test the sensitivity of our 

results to the selected climate model for the data assimilation. However, different climate 

models produce different covariance between variables and thus have different biases in 

this covariance. Previous works have highlighted the large sensitivity of the data 

assimilation-based reconstructions to the model prior, especially when the proxy network 

is relatively sparse as shown for those covering the full Common Era used in this thesis 

[King et al., 2021; Anchukaitis and Smerdon, 2022]. Therefore, it would be interesting to 

build multi-model priors in data assimilation, in particular from ensembles of isotope-

enabled climate models, to replicate the analyses achieved in Chapters 3 and 4.  
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A 
Supplementary to Chapter 2 

 

A. 1: Forward model description 

The equation ruling subsurface temperature evolution in the forward model is given in Eq. 1. 

According to the original publications, we applied different methods to determine the density 

profile for each borehole in the model. For WAIS and Styx, the density profiles, ρ(z),  were 

obtained by a quadratic fit to the measured bulk density data following Severinghaus et al. 

[2010]. For Larissa, the density profile was approximated following Salamatin [2000]. For 

Mill Island, because of the similarity between the density profiles at Mill Island and Law Dome 

[van Ommen et al., 1999], the density is described by a piecewise exponential plus linear or 

dual exponential according to the analysis on the Law Dome ice core density profile [van 

Ommen et al., 1999]. The density is considered to be constant in time in the model. 

  For the other parameters in the forward model, the specific heat capacity cp is calculated by 

𝑐𝑝 = 152.5+7.122T (J kg-1 K-1) [Cuffey and Paterson, 2010, Chap. 9, Eq. 9.1 where T is the 

temperature]. The thermal conductivity in ice is taken from 𝐾𝑖𝑐𝑒 = 9.828 exp (−5.7 ×

10−3𝑇)  (Wm-1K-1) [Cuffey and Paterson, 2010, Chap. 9, Eq. 9.2], and the thermal 

conductivity of the firn is calculated by Schwerdtfeger formula [Cuffey and Paterson, 2010, 

Chap. 9, Eq. 9.4]. The vertical velocity at the surface is simply the accumulation rate and 

decreases with depth as the integral of the densification process (compaction) and the strain 

due to ice flow divergence. The vertical velocity profile is determined by the method of Alley 

et al. [1990] and Cuffey et al. [1994] with a constant strain rate. For the accumulation rate, we 

use a constant value derived from their original publication, which is specified in the Table 3 

of the main text. The bottom boundary condition is given by the basal heat flux and the basal 

temperature. The heat flux is determined by matching the slope of the temperature increase in 

the bottom section of the record. At Mill Island, this was not possible, because the data do not 

extend very deep with respect to the total ice thickness. A zero heat flux boundary condition 
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was chosen instead. The validity of this hypothesis is demonstrated in the original study of 

Roberts et al. [2013]. The basal temperature is determined using the lower “undisturbed” 

sections of the measured borehole temperature extrapolated to the bottom. 

  In order to save computation time, the vertical discretization of the model is not homogenous. 

For WAIS, which is the only very deep borehole, the vertical step is of 1 m for the upper 500 

m and up to 25 m for the deepest part. For other sites where the depth of borehole is close or 

less than 500 m, the step is set to 1 m for the whole depth range. 

  Before the forward model is driven by the climate model results, it is initialized with a 

stationary profile, which is generated after a 20000-year model run with a constant climate 

history and a realistic seasonal cycle. Seasonal-scale variations are “undetectable below a 

depth of 20m” [Cuffey and Paterson, 2010], and its does not change throughout the run. At 

WAIS and Styx, the seasonal cycles are determined from weather station data; at Larissa and 

Mill Island, since the original studies do not give the seasonal cycle, we use a seasonal cycle 

amplitude of 10 °C similar to WAIS (Eq. S1). At WAIS, it includes a periodic function with 

annual and semi-annual components, fitted to 3 years of weather station data from WAIS 

Divide and Byrd station (AMRC, SSEC, UW-Madison) as follows [Orsi et al., 2012]: 

                                      𝑇(𝑡) = 10(cos(2𝜋𝑡) + 0.3 cos(4𝜋𝑡)) (in K)       (S1) 

At Styx, the seasonal cycle is determined by fitting a sinusoidal function to the automated 

weather station data as follows [Yang et al., 2018]: 

                              𝑇(𝑡) = 10(cos(2𝜋𝑡) + 0.35 cos(4𝜋𝑡)) (in K)       (S2) 

Where t is time, T is the temperature. 

Equations S1 and S2 for WAIS and STYX are nearly identical, so we presume the seasonal 

cycle is also similar at Larissa and Mill Island, where no seasonal data is available. Including 

a seasonal cycle wave is important because the heat capacity and thermal conductivity depend 

on temperature, and temperature changes a lot in the top 15m, but below that, it is of negligible 

effect. 
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A. 2: Supplementary figures 

 

Figure A.1: The correlation map (blue-red shading area) showing the relationship between 

the temperature from 1825 to 1925 CE at Larissa and other grid cells in Antarctica for each 

CESM member. The black dotted contour lines show a significant correlation at the 99 % 

significant level. 
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Figure A.2: The correlation map showing the relationship between the temperature from 1950 

to 2005 CE at WAIS and other grid cells for each climate models. The red dashed contour 

lines show a significant correlation at the 99% significant level. 
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Figure A.3: The correlation map showing the relationship between the temperature from 1950 

to 2005 CE at Larissa and other grid cells for each climate models. The red dashed contour 

lines show a significant correlation at the 99% significant level. 
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Figure A.4: The correlation map showing the relationship between the temperature from 1950 

to 2005 CE at Mill Island and other grid cells for each climate models. The red dashed contour 

lines show a significant correlation at the 99% significant level. 
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Figure A.5: The correlation map showing the relationship between the temperature from 1950 

to 2005 CE at Styx and other grid cells for each climate models. The red dashed contour lines 

show a significant correlation at the 99% significant level. 
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Figure A.6: Comparison of borehole temperature profile outputs for the forward model driven 

by the corresponding reconstruction with the observation at each site. (a) WAIS: 15-300 m; 

(b) WAIS: 15-50 m; (c) Larissa: 15-430 m; (d) Larissa:15-50 m; (e) Mill Island:15-150 m; (f) 

Mill Island:15-50 m; (g) Styx:15-200 m; (h) Styx:15-50 m. The thick dash-dot line denotes the 

simulated borehole profile at each site, and red across represent the observation. 
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A. 3 Observed borehole temperature distribution at WAIS. 

Depth(m) Temperature (°C) 

7.96 -29.7594 

9.19 -29.604 

9.95 -29.5588 

11.94 -29.4741 

13.93 -29.4806 

15.92 -29.5267 

17.91 -29.6397 

19.9 -29.6645 

21.89 -29.7642 

23.89 -29.7642 

25.88 -29.8132 

27.87 -29.8587 

29.86 -29.8871 

31.85 -29.8891 

33.84 -29.9115 

35.83 -29.9285 

37.82 -29.9503 

39.81 -29.9549 

41.8 -29.9663 

43.79 -29.9785 

45.78 -29.9872 

48.77 -29.998 

51.75 -30.0089 

56.73 -30.0253 

61.7 -30.0352 

66.68 -30.046 

71.65 -30.0538 

76.63 -30.0603 

81.6 -30.0635 
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86.58 -30.0682 

91.55 -30.0701 

96.53 -30.0724 

101.5 -30.0738 

106.48 -30.0746 

111.55 -30.0753 

116.43 -30.0755 

121.4 -30.0757 

126.38 -30.0756 

131.35 -30.0753 

136.33 -30.0752 

141.3 -30.0748 

146.28 -30.0743 

151.25 -30.0736 

156.23 -30.0734 

161.2 -30.0722 

166.18 -30.0715 

171.15 -30.0698 

176.13 -30.0686 

181.1 -30.0672 

186.08 -30.0653 

191.05 -30.0632 

196.03 -30.0608 

201 -30.0584 

205.98 -30.0564 

210.95 -30.0532 

215.93 -30.0502 

220.9 -30.0471 

225.88 -30.0436 

230.85 -30.0404 

235.83 -30.0365 
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240.8 -30.0329 

245.78 -30.0299 

250.75 -30.0248 

255.73 -30.022 

260.7 -30.0165 

265.68 -30.0129 

270.65 -30.0078 

275.63 -30.0042 

278.61 -30.0017 

280.6 -30.0003 

285.58 -29.9954 

290.55 -29.991 

295.53 -29.9863 

300.5 -29.9821 
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A. 4 Observed borehole temperature distribution at LARISSA. 

Depth(m) Temperature (°C) 

8.41 -15.35 

10.51 -15.3 

21.02 -14.75 

42.04 -14.7 

63.06 -14.78 

84.09 -15.07 

105.11 -15.4 

126.13 -15.61 

147.15 -15.7 

168.17 -15.77 

173 -15.8 

189.19 -15.77 

210.21 -15.84 

231.24 -15.68 

273.28 -15.16 

294.3 -14.9 

315.32 -14.53 

336.34 -13.98 

357.36 -13.39 

378.86 -12.7 

400.77 -11.93 

409.92 -11.61 

420.43 -11.29 

430.94 -10.82 
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A. 5 Observed borehole temperature distribution at Mill Island. 

Depth(m) Temperature (°C) 

9.05 -14.275 

14.06 -13.8625 

19.07 -13.8625 

21.07 -13.925 

23.07 -13.9625 

25.07 -14 

27.07 -14.05 

29.07 -14.075 

31.09 -14.1125 

33.09 -14.15 

35.11 -14.175 

37.11 -14.2 

39.11 -14.225 

44.125 -14.3 

49.14 -14.35 

69.17 -14.4875 

89.24 -14.55 

109.3 -14.6 

119.31 -14.6125 

 

 

 

 

 

 

 

 

 



Supplementary to Chapter 2 
 

136 
 

A. 6 Observed borehole temperature distribution at Styx. 

Depth(m) Temperature (°C) 

1 -29.7244 

2 -32.6116 

3 -33.4131 

4 -33.522 

5 -33.2036 

6 -32.9317 

7 -32.5716 

8 -32.3349 

9 -32.1212 

10 -31.9562 

11 -31.8512 

12 -31.7853 

13 -31.7379 

14 -31.6974 

15 -31.6752 

18 -31.6255 

20 -31.5921 

24 -31.5332 

27 -31.4905 

30 -31.452 

33 -31.4144 

36 -31.3781 

40 -31.3275 

42 -31.3006 

45 -31.2628 

48 -31.2209 

50 -31.1898 

54 -31.1366 

57 -31.0925 
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60 -31.0493 

63 -31.0032 

66 -30.9585 

69 -30.9144 

72 -30.8683 

75 -30.82 

78 -30.7722 

81 -30.7296 

84 -30.6835 

87 -30.6367 

90 -30.5892 

95 -30.5113 

100 -30.4264 

105 -30.3411 

110 -30.253 

115 -30.1648 

120 -30.081 

125 -29.9906 

130 -29.8973 

135 -29.803 

140 -29.7075 

145 -29.6079 

150 -29.5078 

155 -29.412 

160 -29.3098 

165 -29.2065 

170 -29.0968 

175 -28.9922 

180 -28.883 

185 -28.7783 

190 -28.6518 
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195 -28.5633 

200 -28.4535 

205 -28.3431 

210 -28.2515 
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B 
Supplementary to Chapter 3 

Table B.1. Information about the PMIP3-CMIP5 GCM used in this study. 

Name Model 

resolution (lat × 

lon) 

Number of 

simulations for 

850-1850  

Reference 

CESM1-CAM5 96 × 144 12 Otto-Bliesner et al., 

(2016) 

GISS-E2-R 90 × 144 1 Schmidt et al., 

(2014) 

IPSL-CM5A-LR 96 × 96 1 Dufresne et al. 

(2013) 

MPI-ESM-P 96 × 192 1 Stevens et al., 

(2013) 

CCSM4 192 × 288 1 Gent et al. (2011) 

BCC-CSM1-1 64 × 128 1 Wu et al., (2014) 
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Table B.2. Information about the δ18O records covering (nearly) 1-1000 CE.  

 
 

Resolution(years) Min year (CE) Max year (CE) 

EDC Dome C 15 3 1919 

B32SiteDML05 1 166 1996 

Plateau Remote 1 2 1986 

Talos Dome 11 4 1991 

DSS Law Dome 1 173 1995 

James Ross Island 1 0 2007 

WDC06A 0.05 -50 2005 

RICE 0.14 -44 2011 

Taylor Dome 1.7 -25 1939 

Dome F 35 0 1950 

Vostok 20 0 1950 
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Table B.3. Selected terrestrial proxies over Antarctica in this study. 

Letters Location Longitude Latitude Region Archive (Proxy type) Reference 

A Litchfield Island 64°06′W 64°46′S Antarctic Peninsula Peat core (moss accumulation) Stelling et al., (2018) 

B Elephant Island 54.824°W 61.111° Antarctic Peninsula Peat core (biological productivity) Charman et al., (2018) 

B Barrientos Island 59.753°W 62.408° Antarctic Peninsula Peat core (biological productivity) Charman et al., (2018) 

B Norsel Point 64.084°W 64.759° Antarctic Peninsula Peat core (biological productivity) Charman et al., (2018) 

B Green Island 64.151°W 65.322°S Antarctic Peninsula Peat core (biological productivity) Charman et al., (2018) 

B Leonie Island 68.343°W 67.602°S Antarctic Peninsula Peat core (biological productivity) Charman et al., (2018) 

C King George Island, 58°56'W 62°12'S Antarctic Peninsula Lake core (GDGTs) Roberts et al., (2017) 

D Simple Dome 148.81°W 81.65°S WAIS Ice core (melt layer frequency) Das et al., (2008) 

E RICE 161.706° W 79.364° S WAIS Ice core (snow accumulation) Bertler et al., (2018) 

F WDC06A 112°05′W 79°28′S WAIS Ice core (snow accumulation) Fudge et al., (2016) 

G WDC06A 112°05′W 79°28′S WAIS Ice core (borehole temperature) Orsi et al., (2012) 

H Kirisjes Pond Prydz Bay 76.12°E 69.43°S Wilkes Land Coast Lake core (diatoms) Verleyen et al., (2004) 

I Zolotov Island Prydz Bay 77°52′E 68°39′S Wilkes Land Coast 

Penguin remains (element 

concentrations) Huang et al., (2011) 

J 

Long Peninsula Prydz 

Bay 78° 15′ E 68° 33′ S Wilkes Land Coast 

Penguin remains (element 

concentrations) Gao et al., (2019) 

K B40 0.07°E 75.0°S 

Dronning Maud 

Land Ice core (snow accumulation) Medley et al., (2018) 

L Lützow Holm Bay 9°36.674'E 69°28.45'S 

Dronning Maud 

Land Lake core Tavernier et al., (2014) 
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M Dome A 77.37°E 80.37°S Antarctic Plateau Ice core (water stable isotope) 

An et al., (2021) 

 

 

N South Pole 98.16°W 89.99°S Antarctic Plateau Ice core (water stable isotope) Steig et al., (2021) 
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Table B.4. Signal-to-noise ratio of the data used in the data assimilation process. 

Ice core 18O record Signal noise ratio (SNR) 

EDC Dome C 0.55 

B32SiteDML05 11.79 

Plateau Remote 3.58 

Talos Dome 0.73 

Law Dome 2.92 

James Ross Island 2.01 

WDC06A 1.80 

RICE 1.84 

Taylor Dome 3.16 

Vostok 0.67 

Dome F 1.18 
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Figure B.1: Long-term solar forcing from Steinhilber et al. (2012) (black curve) and volcanic 

forcing from Sigl et al. (2015) (gray curve) using 50-year averaged anomaly data. The reference 

period is over 1-1900 CE. 
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Figure B.2: Time series and the 500-year trends over the first millennia deduced from the 

reconstruction of Stenni et al. (2017) (in purple), LMR (Tardif et al., 2019, in red), and three 

reconstructions in this study (ASSIM-LMR in cyan, ASSIM-STENNI in brown, ASSIM-ALL in 

blue). Statistically significant correlations (p value < 0.1) are marked by one asterisk. 
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Figure B.3: The SAM-index (a) and ASL-index (b) time series over the first millennia in three 

experiments. Statistically significant trends (p value < 0.1) are marked by one asterisk. 
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Figure B.4: The SAM-congruent trend of SAT (°C/100yr) over 1-500 CE and 501-1000 CE in 

ASSIM-LMR (a, b), ASSIM-STENNI (c, d), ASSIM-ALL (e, f).  
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Figure B.5: The ASL-congruent trend of SAT (°C/100yr) over 1-500 CE and 501-1000 CE in 

ASSIM-LMR (a, b), ASSIM-STENNI (c, d), ASSIM-ALL (e, f).  
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Figure B.6: Spatial patterns of meridional wind trend (m/s per century) over 1-500 and 501-1000 

CE reconstructed in ASSIM-LMR (a, b), ASSIM-STENNI (c, d), ASSIM-ALL (e, f). The position of 

the data assimilated in each experiment is marked by circles. The dotted area represents regions 

where the trend is significant at the p<0.1 level.  
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Figure B.7: Spatial patterns of 500 hpa geopotential height trend (m/century) over 1-500 and 

501-1000 CE reconstructed in ASSIM-LMR-WDC (a, b), and ASSIM-STENNI-WDC-RICE (c, d). 

The position of the data assimilated in each experiment is marked by circles.  
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C 
Supplementary to Chapter 4 

C.1 Supplementary Figures 

 

 

Figure C.1: The distribution of proxy records used in ASSIM-P200-1yr and ASSIM-P200-

10yr. The red circles, blue circles, and black star represents the locations of precipitation-

weighted δ18O records, snow accumulation records and tree-ring width records, respectively. 
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Figure C.2: Comparisons of the oceanic temperature at 100 m (a, b) and 500 m (c, d) over 

the past two centuries, between various reconstructions from this study, i.e., ASSIM-P200-1yr 

(red), ASSIM-P200-10yr (cyan), ASSIM-P2000-ALL (black), and from Dalaiden et al. (2021, 

blue). All quantities are expressed in anomalies (relative to the 1800–2000 CE period). Shaded 

areas represent ±1 standard deviation of the DA-based reconstructions.



Supplementary to Chapter 4 
 

153 
 

 

 

 

Figure C.3: Spatial patters of the correlation coefficients for the surface air temperature (SAT), sea level pressure (SLP), 

and sea ice concentration (SIC) between Dalaiden et al., (2021) and ASSIM-P200-1yr. The area with stippling indicates 

the correlation coefficients at 95 % confidence level (p < 0.05). 

 

 

Correlation 

Correlation 

coefficient (r) based 
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Figure C.4: Surface air temperature (SAT) anomalies (in °C, relative to 1-2000 CE) over the 

Antarctic Peninsula (AP, a) and the West Antarctic Ice Sheet (WAIS, b), and sea ice extent 

(SIE) anomalies (in 106 km2
, relative to 1-2000 CE) integrated over the 

Amundsen/Bellingshausen Sea sector (c) and the Ross Sea sector (d) derived from the ASSIM-

P2000-ALL (blue), ASSIM-P2000-CON (cyan), and the sensitivity experiment in which we 

consider that SST reconstructions represent summer temperature. The shaded areas represent 

±1 standard deviation of the DA-based reconstructions. 
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Figure C.5: Surface air temperature in the simulations using CESM-LMR driven by all forcing 

(gray) and only volcanic forcing (red). The blue time series represent the reconstruction in 

ASSIM-P2000-ALL. The colored shading represents the mean ±1 standard deviation of the 

simulated ensemble. The reference period for the anomaly is 850–1850 CE. 
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Figure C.6: δ18O (a) and surface mass balance at the James Ross Island in the original record 

(purple), ASSIM-P2000-CON (cyan), ASSIM-P2000-ALL (blue), and in the experiment using 

the same records as ASSIM-P2000-CON but using an assimilation step of one year (red). In 

figure a, the right axis corresponds to the original records, making the plot more readable.  

 

 

 

Figure C.7: Cross-correlation between the global SAT reconstructed from Neukom et al. 

[2019] and the ASSIM-P2000-ALL and ASSIM-P2000-CON reconstructions, based on the raw 

time series (a) and the detrended time series (b). The dash line illustrates the significance of 

correlation at the 5% level (i.e., the significant correlations at p < 0.05 are beyond this dash 

line).  
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  D 
Particle-filter based data assimilation in 

paleoclimatology 

The particle-filter based data assimilation method used in the thesis is based on Bayes’ 

theorem: 

𝑝(𝑥𝑝|𝑦) =  
𝑝(𝑦|𝑥𝑝)𝑝(𝑥𝑝)

𝑝(𝑦)
      𝐷(1)    

Where 𝑥𝑝 is the model state and includes all the variables of interest averaged over the 

assimilation period (for instance 1 or 10 years, as in the thesis). 𝑦 is the available 

observations used to update the prior in a given time step. 𝑝(𝑥𝑝) is the probability 

density function (pdf) of all the variables of interest, also referred to as the prior. 

𝑝(𝑦|𝑥𝑝) is the conditional probability of the observations given the model state (or 

likelihood). 𝑝(𝑥𝑝|𝑦) is the posterior pdf that is the probability of observing 𝑥𝑝 given 

the available observations 𝑦 and model constraint.  

In this framework, we often assume the likelihood to be Gaussian: 

𝑝(𝑦|𝑥𝑝) = 𝑘−1 exp [−
1

2
(𝑦 − 𝐻(𝑥𝑝))

𝑇

𝑅−1(𝑦 − 𝐻(𝑥𝑝))]                𝐷(2) 

where 𝑘 is a normalization constant; H is the observation operator which projects the 

model states into the observation phase space by, for instance, a proxy system model 

[ i.e., Evans et al., 2013]. R is the error covariance of the observations. T represents the 

symbol for matrix transpose. 

In particle filtering, a probabilistic approach is used to define the state of the climate 

system [Van Leeuwen, 2009]. The model prior pdf is represented in a discrete way as a 

set of independent model states, i.e., the particles, derived from an ensemble of model 

simulations. The prior pdf is defined as follows: 
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𝑝(𝑥𝑝) =  
1

𝑁
∑ 𝛿(𝑥𝑝 − 𝑥𝑖

𝑝
)

𝑁

𝑖=1

                        𝐷(3) 

where N and 𝛿  correspond to the number of particles and to a kernel density, 

respectively. 

Then the posterior pdf can be obtained by combining Eqs. D(1) and D(3): 

𝑝(𝑥𝑝|𝑦) =  
1

𝑁
∑ 𝑤𝑖𝛿(𝑥𝑝 − 𝑥𝑖

𝑝
)

𝑁

𝑖=1

       𝐷 (4) 

Where  

𝑤𝑖 =  
𝑝(𝑦|𝑥𝑝)

∑ 𝑝(𝑦|𝑥𝑝)𝑁
𝑗=1

       𝐷(5) 

 

where 𝑤𝑖 is commonly called the weight of the particle i. 

Finally, for each time step of the assimilation, the posterior, i.e., the weighted mean of 

the sampled particles, is considered as the most likely estimate of the state of the system 

for that time step: 

𝑝(𝑥𝑝)|𝑦̅̅ ̅̅ ̅̅ ̅̅ ̅̅ =  ∑ 𝑤𝑖𝑥𝑖
𝑝

𝑁

𝑖=1

     𝐷(6) 

The weighted standard deviation of the sampled particles gives an estimate of the 

uncertainty of the reconstruction. 
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