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Abstract

Using the climate model CLIMBER-X, we present an efficient method for assimilating the
temporal evolution of surface temperatures for the last deglaciation covering the period
22000 to 6500 years before the present. The data assimilation methodology combines the
data and the underlying dynamical principles governing the climate system to provide a
state estimate of the system, which is better than that which could be obtained using just the
data or the model alone. In applying an ensemble Kalman filter approach, we make use of
the advances in the parallel data assimilation framework (PDAF), which provides parallel
data assimilation functionality with a relatively small increase in computation time. We find
that the data assimilation solution depends strongly on the background evolution of the
decaying ice sheets rather than the assimilated temperatures. Two different ice sheet recon-
structions result in a different deglacial meltwater history, affecting the large-scale ocean cir-
culation and, consequently, the surface temperature. We find that the influence of data
assimilation is more pronounced on regional scales than on the global mean. In particular,
data assimilation has a stronger effect during millennial warming and cooling phases, such
as the Bglling-Allergd and Younger Dryas, especially at high latitudes with heterogeneous
temperature patterns. Our approach is a step toward a comprehensive paleo-reanalysis on
multi-millennial time scales, including incorporating available paleoclimate data and
accounting for their uncertainties in representing regional climates.

Introduction

During the last deglaciation 20-10 kyr BP (kyr = 1000 years; BP = before present), the climate
warmed due to solar insolation, melting ice sheets, and increasing concentrations of carbon
dioxide (CO,) as well as other greenhouse gases ([1]). The last deglacial is a key phase for
understanding abrupt climate shifts associated with changes in ocean circulation at the end of
the last ice age ([1-8]). Despite several proxy-based reconstructions of surface temperature
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being available (e.g. [1, 9]), a coherent pattern is still unknown, and climate model simulations
(e.g. [4, 8, 10-13]) also show inconsistent results.

An alternative method to the above-mentioned methods for reconstructing past climates is
data assimilation (DA), which merges the information from models and proxy-based recon-
structions. DA has been recently applied to reconstruct, for instance, the climate of the past
millennium (e.g. [14-21]), last glacial maximum (LGM,; e.g. [22, 23]), Younger Dryas (YD;
[24]), and for the last glacial termination ([25]). The motivation behind DA is to jointly use
model simulations and paleoclimate information to estimate the most likely state and trajec-
tory. In a DA system, the data provide climate information at the sites, and the model fills in
the missing information about the other locations by adding model dynamics and error bars
from the data and the model ([26]).

Previous studies of DA in paleoclimate have focused primarily on the Holocene (e.g. [21,
27]). Moreover, they largely focused on reconstructing one observed variable, mainly surface
temperature, and did not investigate the effect of DA on the model performance in simulating
other climate variables. In general, they employed the offline approach, in which the initial
conditions for the next DA-cycles are not analyzed (e.g. [28]) and used different existing simu-
lations as the model background states (e.g. [14, 25]) in their DA system to avoid the enormous
computational cost of long-term transient simulations. However, they did not determine how
the quality of the model states, which can be influenced by boundary settings, affects DA solu-
tions for past climate reconstructions. [14] explore the significance of selecting a time-varying
or time-constant model background in the offline DA.

In this study, we assimilate surface temperatures (ST) from oceanic and terrestrial paleocli-
mate records of the recent deglaciation using the newly developed Earth system model of
intermediate complexity (EMIC), CLIMBER-X ([29]). EMICs are simplified tools for studying
the long-term dynamics of the Earth system ([30]) that do not explicitly resolve internal vari-
ability on synoptic to centennial time scales but are suitable for long-term integrations of the
climate system. CLIMBER-X is capable of simulating 210,000 years per day, making it suitable
for transient runs for the last termination. Here, the model is also equipped with a Parallel
Data Assimilation Framework (PDAF; [31]), providing an efficient variant of the ensemble
Kalman filter algorithm ([32]) as well as a stochastic emulator mimicking internal variability
in the model. Our primary objective in conducting our modelling exercises is to assess the effi-
cacy of our DA technique in CLIMBER-X. Moreover, to evaluate the uncertainty of different
ice sheet reconstructions, we conduct our experiments with respect to two available ice sheet
reconstructions and their deglacial meltwater entering the ocean. This uncertainty is motivated
by the predominant influence of ice sheet reconstructions on the timing and occurrence of cli-
mate events ([13, 33]). Finally, we evaluate the effects of DA on climate trajectories and com-
pare the results for the different ice sheet reconstructions to understand the influence of
background states in the DA system.

This paper is organized as follows. The next section briefly overviews our climate model,
the DA algorithm, and the experimental design. We present and discuss the results in the sec-
tions thereafter. Finally, our conclusions are drawn in the last section.

Methods
Model

CLIMBER-X is an Earth system model of intermediate complexity (EMIC; [30]). CLIMBER-X
has the horizontal resolution of 5° x 5° and employs the semi-empirical statistical-dynamical
atmosphere model (SESAM; [29]), the 3-D frictional-geostrophic ocean model GOLDSTEIN
([34-36]), the thermodynamic sea ice model (SISIM; [29]), and the land surface model
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PALADYN ([37]) as the submodels to simulate different climate components. CLIMBER-X is
designed to simulate the mean climatological state and is almost 1000 times faster than full
General circulation models ([29]).

PDAF

PDAF provides a computationally efficient framework for performing ensemble-based DA
with different filters in numerical models (http://pdaf.awi.de; [31]). It separates the data assim-
ilation system into three parts: numerical model, observations, and filter algorithms. The filter
algorithms combine the model and observational information.

PDAF can be efficiently coupled with numerical models allowing us to have a model with
data assimilation extension. The high efficiency and full parallelization features of PDAF make
it a proper tool for different ensemble sizes for data assimilation in climate models ([38]). Dif-
ferent types of ensemble-based Kalman filter algorithms, particle filters and variational meth-
ods for DA are available in PDAF. We choose the Local Error Subspace Transform Kalman
Filter (LESTKF) as the DA algorithm in this study because it is a particularly efficient formula-
tion for high-dimensional DA ([39]).

The LESTKE is a localized version of the Error Subspace Transform Kalman Filter (ESTKF;
[39]). The ESTKEF uses an ensemble of m model states of size n, which are stored as columns of
the matrix X;. The prior climate states matrix X2™" from the model simulations is converted
into a matrix of analysis states X{ at time f; using the transformation

Xp = X1+ X (w1, + W), (1)

Here, X! presents the prior ensemble mean state of size 1, and 1,, is a vector of size m hav-
ing the value of one in all elements. Additionally, wy is a vector size of m transforming the
ensemble mean, and the ensemble perturbation is transformed by the matrix W, of size m x m
named weight matrix. Since all computations in the analysis refer to the time f;, the time index
k is skipped hereafter.

The ensemble transformation matrix and vector are calculated in an error subspace of
dimension m — 1 represented by the prior ensemble. An error-subspace matrix can be com-

puted by L = X? riorT where the matrix T, named projection matrix, has the size of m x m — 1
and is defined by

T S W
mi+1 ori=jj<m
vm
1 1 C
Ty=q -~ forijj<m (2)
"=+
Vm
L for j=m
Jm J=m

The relation between the prior state vector " and the vector of observations y is
described as

y = H(Xprior) + €, (3)

where H is the observation operator, and e gives the vector of observation errors, which is con-
sidered a white Gaussian distributed random process with observation error covariance matrix
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R. For the analysis step, a transform matrix, which has size (m — 1) x (m — 1), is calculated as
A= p(m— DI+ (HX"T)'R'HX"™T, (4)

Here, the I is the identity matrix, and p is named the “forgetting factor” ([40]). p with the
value of 0 < p < 11is used to inflate the prior error covariance matrix. The weight vector w and

matrix W are now defined by

w = TA(HX""T) "R (y — Hx"""), (5)

W = Vm — ITA’T", (6)

where A'? is the symmetric square root of A = US™'U” that is calculated from the eigenvalue
decomposition USV = A" such that AY* = US™*U".

For localization, which is required for a high-dimensional model, each individual grid
point is independently updated by a local analysis step that considers only observations within
a horizontal radius of influence I. Thus, a local observation operator computes an observation
vector within the radius / from the global model state. Furthermore, each observation is
weighted according to its distance from the grid point. The weight is applied by multiplying
the entries of matrix R in the Eqs (4) and (5) by a weight which decreases from one to zero
with increasing distance. The localization weight is computed by a fifth-order polynomial with
a form similar to a Gaussian function ([41]). In localization, Eq (1) is used with individual

matrices wy and W, for each local analysis region.

Observations

We use the dataset provided by [9] as observations in the data assimilation system. The dataset
includes well-dated temperature records from the last glacial period, including sixty-seven rec-
ords from the ocean, interpreted as sea STs, and thirteen records for temperatures at the land
surface. The dataset contains the absolute temperature values of each proxy site (green dots in
Fig 2), the published age, and the corresponding errors of the age model (o).

For the reconstruction of the early Holocene global mean surface temperature (GMST)
anomaly (11.5-6.5 ka BP; AGMST), [9] first project the dataset onto a 5° x 5° grid, then line-
arly interpolate it to 100-year resolution and integrate it as area-weighted averages. The details
of the age control, proxy temperatures, and uncertainty analysis are explained in [9]. As the
spatial resolution of this reconstruction corresponds to that of CLIMBER-X, a comparison of
the simulated trajectory with Shakun et al.’s reconstruction can be made with ease.

Since the dataset does not contain ST errors for the proxy sites, we translate the age model
uncertainties into temperature uncertainties. To obtain the temperature uncertainty at time ¢
for each record, we subtract the corresponding temperature at ¢ — g and ¢ + o from the temper-
ature of t and take the absolute average of these variances as the temperature uncertainty in t.
Finally, the average of the temperature uncertainties over all records was taken to represent the
vector of observational errors in our DA system for every 100 years.

Experimental design

The combination of our model with PDAF can simultaneously run the transient simulation
and DA without restarting the model. Two experiments are performed. Exp_ GLACID uses
GLAC-1D ([42]) for the ice sheet reconstruction, bathymetry, and land-sea mask while a new
ice sheet reconstruction, PaleoMist ([43]), is employed in Exp_PaleoMist. In both experiments,
greenhouse gases and orbital forcing are taken from [44, 45], respectively. The GHG forcing
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Surface temperature anomaly from early Holocene

(S3 Fig) and the ice sheet reconstructions (S1 and S2 Figs) are shown in the supporting
information.

The transient simulations start at 25 kyr BP with pre-industrial equilibrium and then switch
to LGM boundary conditions. The model is subsequently run until the year 6.5 kyr BP using
prescribed time-varying topography, bathymetry, ocean, greenhouse gases (GHGs), and
orbital forcing. Adequate equilibrium and representation of the climate states at 22 kyr BP are
achieved after three thousand years.

In our setup, data are assimilated into the model every 100 years from 22 to 6.5 kyr BP,
which means that the DA system consists of 156 cycles. An implicit assumption in a DA system
for the optimal combination of model predictions and observations is that data and model
errors are random with a mean of zero (i.e. unbiased), indicating the importance of identifying
and correcting observational errors before implementing DA ([46, 47]). In order to avoid sys-
tematic errors, the state vector containing the field updated by DA is initialized by yearly-aver-
aged ST anomalies from the early Holocene (AST) at the last year of 100-year intervals in
which the observation information is available (Fig 1). We take the values of early Holocene
from the free run and use the prognostic variable, skin temperature, for calculating yearly-
averaged ST. Another advantage of assimilating anomalies is that we can easily compare our
DA results with the GMST reconstruction of [9], which is presented as an anomaly from the
early Holocene.

In our DA system, the observation operator H in Eq (3) is a simple transformation matrix
because the observation and the state vector have the same unit. This approach in paleoclimate
DA is known as indirect DA ([48]). Indeed, H extracts AST at the observed states and subtracts
the mean to obtain the analysis states. Moreover, our DA system is online ([49]), estimating
the time-averaged state and initial condition for subsequent DA cycles (Fig 1). Accordingly,
we compute an increment term defined as X| — X" and add it to the model field to calculate
the state of next time step. In other words, the model has an updated (or corrected) initial field
for integration through the next 100 years until the next update for the initial condition.

\

Ensemble
members

——

-22.1ka -22ka -21.9ka t

100 years 100 years

Fig 1. Online DA. Schematic view of our DA system for the first two cycles.

https://doi.org/10.1371/journal.pone.0300138.g001
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Many studies demonstrate that the predictability of surface temperatures, typically captured
by most proxies, extends beyond an annual timeframe (e.g., [50, 51]). Consequently, in princi-
ple, online DA is expected to outperform offline DA when the model exhibits predictability
that surpasses the averaging time represented by observations. This advantage arises from the
ability of online DA, particularly in EnKF-based methods, to utilize more accurate initial con-
ditions. To effectively leverage information from initial conditions with online DA, models
must incorporate slowly changing components, such as the ocean model [49]. [52] suggest
when the computational cost of online and offline methods is comparable, the online approach
is generally preferable due to the temporally consistent states it offers. Given that CLIMBER-X
incorporates an ocean component and is characterized by its efficiency as a fast model, we opt
for the online DA approach. Furthermore, the online DA provides the added benefit of
enabling us to evaluate the performance of CLIMBER-X in simulating variables beyond sur-
face temperature.

In our approach, the DA system has 16 ensemble members, and the localization radius is
5000 km. The size of the ensemble was chosen in view of the computational cost. This choice is
also consistent with [53], who have shown that an ensemble size of 15 or more is sufficient to
constrain the simulations with the available proxy information.

Further, we determine the optimal localization radius by comparing experiments with dif-
ferent radii. The localization radius is an important factor, usually tuned individually for each
application in the DA methods applying localization. The previous studies based on the obser-
vation network, prior states, their DA methods, and the goal of their reconstruction define
their criteria for the optimal radius. For example, [49] employs an EMIC for their online DA
experiments and uses a localization radius ranging from 2000 km to 8000 km. However, some
other studies, which conduct the offline DA, select a relatively large radius localization such as
12000 and 25000 km (e.g., [14, 25, 23, 54]). The key factor guiding our choice of radius is its
impact on the ST field. In Fig 2, we compare the DA result of the ST field after the first cycle of

2500km (DA minus Prior) 5000km (DA minus Prior)

ol

A(AGMST) [°C]

Fig 2. Effect of DA using different radius. Effect of DA increment at first analysis step on ST field using 2500, 5000, 7500, and 10000 km radius.

https://doi.org/10.1371/journal.pone.0300138.g002
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four DA experiments with radii of 2500, 5000, 7500, and 10000 km. The data assimilation
effect appears to be too localized for a radius of 2500 km. Using a radius of 5000 km, almost all
grid points (99%) are influenced by at least one observation while avoiding large-distance
covariances beyond this radius. For the 7500 and 10000 km radii, the DA combined informa-
tion from locations that are too distant, which leads to reduced effect, e.g. over Greenland, but
also spurious effects like the rather uniform cooling of the Antarctic.

Stochastic model component

In an ensemble-based DA system, the ensemble members represent the model uncertainty
([32]). Since CLIMBER-X is a deterministic model ([55]), we integrate ensemble members in
parallel, each ensemble member on a single compute node with 2 x 18-core CPUs on a high-
performance computer (Cray CS400 Xeon E5-2697V4 3.60 GHz), and add random perturba-
tions to these model states at each model time step to obtain sufficient ensemble dispersion.
We use ST values from a climate run in the TraCE-21000 project ([10]) to generate spatially-
correlated perturbations as follows. First, the dataset is linearly interpolated to the spatial reso-
lution of CLIMBER-X. Then snapshots of the ST values, from 22 to 6.5 kyr BP every 100 years
are collected in a matrix Z with 156 columns, each containing the anomaly values in the grid
points at a given time. After subtracting the temporal mean, we obtain the matrix Z'. Then, the
singular value decomposition Z' = VSW is computed, yielding 155 empirical orthogonal func-
tions (EOFs) stored in the columns of V, while S is a diagonal matrix holding the correspond-
ing singular values. Then, following second-order exact sampling ([56]), we compute the
matrix of ensemble perturbations as

AX = vVm —1SVQ'. (7)

Here m is the ensemble size, and € is a random matrix that preserves the mean and the
covariances. Consequently, the ensemble perturbations are added to the ensemble members
following the autoregressive method ([57]) to make the model stochastic, providing an ensem-
ble scatter. We add the perturbations to a prognostic variable named near-surface atmosphere
temperature (tam) as

tam, = tam,_, + &,, (8)

where g is perturbation at time k defined as (1 — @)Ax;_; + a@Ax;. Ax, containing perturbations
for the grid points, is one column of matrix AX. Therefore, AX has 16 different columns that
are used by ensemble members. « is a user-defined coefficient, which is equal to 0.5 in our
experiments. For the prior step, Fig 3 shows the ensemble spread for AGMST. This perturba-
tion method yields that the standard deviation of the ensemble spread for both experiments
varies between =~ 0.2° and 0.4°C during the experiments.

Results

We start by comparing the outcomes of free model runs based on the GLAC1D and PaleoMist
ice sheet reconstructions without DA. Thereafter, we analyze the effect of DA on AGMST tra-
jectories. Lastly, we show how the DA solution can alter the spatial patterns of the ST fields.

Free runs

Fig 4a shows the absolute values of GMST for free runs with GLAC-1D and PaleoMist. The
different time intervals LGM, Oldest Dryas (OD), Bolling-Allerad (BA), YD, and early Holo-
cene are used here as in [9]. Both trajectories are nearly identical during the LGM. However,
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Shakun(2012)
—— Ensemble mean_Prior

—— Ensemble mean_Prior

(a) 1 Shakun(2012) (b) 1

o (5}
=2 2.
m 2
5 5
3-3 <
=3
-4
-4
-5
LGM oD BA YD Early Holocene =5 LGM oD BA YD Early Holocene
=22 -20 -18 -16 -14 =12 -10 -8 -6 -22 =20 -18 -16 -14 =12 -10 -8 -6
Time [ka Years] Time [ka Years]

Fig 3. Ensemble members before DA. Ensemble members (coloured lines) and ensemble mean before DA in (a) Exp_GLACI1D and (b)
Exp_PaleoMist.

https://doi.org/10.1371/journal.pone.0300138.g003

during the rest of the time, the PaleoMist simulation shows a cooler GMST, except for the
beginning of the BA interval. Moreover, the GMST in the PaleoMist simulation increases
more steadily, while in the GLAC-1D simulation, there are two abrupt shifts in the GMST at
the beginning and end of the BA. The differences in the magnitude, timing, and speed of the
warming and cooling trends during BA and YD are evident between the two free simulations,
suggesting that ice sheet reconstruction significantly impacts the transient simulation.

Comparing the transient simulations with the GMST reconstruction of [9], which has been
projected to a 5° x 5° grid (Fig 4b), the AGMST's simulated by the model are about 1.3-1.5 times
colder than the proxy-based reconstruction during the LGM. [9] and Exp_PaleoMist_Free show
a continuous warming trend during BA, while this trend is disrupted in Exp_GLAC-1D by a
strong cooling followed by remarkably rapid warming. The trajectories of [9] and

(a) —— Exp_GLAC1D_Free (b) Shakun (2012)
wli—= Exp_PaleoMist_Free = Exp_GLAC1D_Free
0f == Exp_PaleoMist_Free
134
=1
—a15] B}
o -2
5 &
z 5
01l
-3
104
-4
94
=5
LGM oD B-A__YD Early Holocene LGM oD B-A__YD Early Holocene
=22 -20 -18 -16 -14 =12 -10 -8 -6 =22 -20 -18 -16 -14 =12 -10 -8 -6
Time [ka Years] Time [ka Years]

Fig 4. GMST from free runs of the last deglaciation and comparison with the proxy-based reconstruction. a) GMST from free runs of the last
deglaciation using the different ice sheet reconstructions, GLAC-1D and PaleoMist. b) Comparison of GMST anomaly from the early Holocene of our
free runs compared to [9].

https://doi.org/10.1371/journal.pone.0300138.9004
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Exp_PaleoMist_Free behave similarly over the YD. In contrast, Exp_GLAC-1D shows a strong
decrease in AGMST beginning with the onset of the YD.

Trajectories after DA

After applying the DA, we evaluate the ensemble members to ensure the DA system functions.
The standard deviation of the ensemble is reduced between ~ 20% and 70% in both experi-
ments during DA cycles, showing that the DA system efficiently influences the ensemble mem-
bers. Moreover, we compute the mean surface temperature anomaly from the early Holocene
(AMST) before and after applying DA by averaging over the proxy sites and comparing it to
the proxy-based AMST (Fig 5). The DA results are mainly between the observations and the
simulated AMST. In Exp_GLACID (Fig 5a), the intensity of the abrupt changes in BA and YD
declines, and AMST aligns more closely with the observations until the end of YD. As with
Exp_PaleoMist, the DA trajectory exhibits slightly higher temperatures than both observation
and the ensemble mean of the prior during LGM. However, the trajectories closely follow the
same pattern for BA and YD in Exp_PaleoMist.

To further analyze the deglacial dynamics, Figs 6 and 7 display the net North Atlantic sur-
face freshwater flux (FW), global sea surface salinity (SSS), Atlantic meridional overturning
circulation (AMOC) at 26°N, and AGMSTs for Exp_GLACI1D and Exp_PaleoMist, respec-
tively. Furthermore, we compare the ensemble mean of DA and prior states with the free run
and a DA-based reconstruction conducted by [25] (Figs 6d and 7d). Comparing the prior
ensemble mean and the free run in Exp_ GLAC1D (Fig 6d), the abrupt warming shift in the
onset of YD reaches its maximum with a 300 years delay. However, the prior ensemble mean
and free run trajectories are similar in Exp_PaleoMist, except for a slightly warmer prior mean
state during BA (Fig 7d).

In both experiments, the average SSS during the LGM is about one psu higher than during
the early Holocene (Figs 6b and 7b), which is due to freshwater added to the ocean by melting
ice sheets ([1, 58]). An increase in FW leads to a decrease in AMOC strength. For example, the
sudden increase in FW at the beginning of BA in Exp_GLACI1D leads to an off-state in AMOC
with a rapid increase at the end of the BA (Fig 6a and 6¢) which is more difficult to reconcile
with proxy data [59].
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Fig 5. AGMST calculated by raw averaging over the observation locations. Mean surface temperature change (AMST) calculated by averaging over
the proxy locations for (a) Exp_GLACID and (b) Exp_PaleoMist. The orange, green, and black lines illustrate trajectories for observation, DA
ensemble, and prior ensemble means, respectively.

https://doi.org/10.1371/journal.pone.0300138.g005
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When we consider the global mean temperatures, the DA solution in Exp_GLACI1D closely
resembles the prior states (Fig 6d), but the warming trend reaches its maximum at the begin-
ning of YD, with a reduction of approximately 0.2 degrees compared to the pre-DA state. A
robust cooling trend is also observed in YD. These abrupt changes are consistent with AMOC
variations. For Exp_PaleoMist (Fig 7d), the DA trajectory closely follows the global tempera-
ture of the prior state, implying that the paleo-observations have a minor effect on AGMST's
during the last deglaciation when using the PaleoMist reconstruction. We mention that the
DA, prior and free trajectories exhibit two sudden upward shifts during the early Holocene in
Exp_PaleoMist. This unrealistic feature can be attributed to the low temporal resolution of the
PaleoMist reconstruction, which is 2500 years.

When comparing our DA solutions with [25] reconstruction (Osman-DA; Figs 6d and 7d),
our DA AGMST trajectories are generally warmer then Osman-DA during the deglaciation.
Specifically, when focusing on BA and YD, the timing and magnitude of these events in
Exp_GLACID differ notably from the Osman-DA, but the DA pattern in Exp_PaleoMist is
similar to that in the Osman-DA. However, the maximum warming in BA for Exp_PaleoMist
occurs approximately 100 years earlier than in the Osman-DA. It is clear that discrepancies
between our results and Osman-DA are due to utilising different observation datasets, back-
ground states, and methods.

Surface temperature fields after DA

The DA has a significant effect on the pattern of the deglacial temperature evolution. Fig 8
shows that the effect of DA is more pronounced at mid- and high-latitudes (from 3°C to more
than 5°C) but small at low latitudes (less than 2°C). Comparing Exp_ GLAC1D with Exp_Pa-
leoMist, we see that the DA system has a different effect in some regions due to the use of dif-
ferent ice sheet reconstructions. For example, in Exp_ GLAC1D during YD (Fig 8c), Antarctica
transitions to a colder state after DA, while it becomes warmer in Exp_PaleoMist (Fig 8f). Dur-
ing BA, the discrepancies between the DA experiments are remarkable. In contrast to
Exp_GLACID (Fig 8b), Exp_PaleoMist (Fig 8¢) shows strong cooling over the North Atlantic
and warming over Antarctica and the Southern Ocean. Moreover, after DA, both experiments
improve the Atlantic-Pacific seesaw phenomenon (e.g. [60-62]), characterized by the opposing
temperature anomalies observed in the North Atlantic and North Pacific Ocean regions,
except for the BA in Exp_ GLACID.

The BA is marked by a pronounced warming in the Northern Hemisphere, particularly
over Greenland ([63]). Comparing the AGMST anomaly of BA against that of LGM (Figs 9a,
9d, 10a and 10d), the warming over Greenland and the North Atlantic increases by almost 5°
with DA in both experiments. However, there are some cooling shifts over the North Pacific
(Figs 9d and 10d), which is more evident in Exp_GLACI1D.

In contrast to the BA, the average temperature in the Northern Hemisphere decreased by
several degrees during the YD, resulting in a return to near-glacial conditions. In the Southern
Hemisphere, the YD temperature did not vary significantly and was comparable to or even
slightly warmer than BA ([64, 65]). These properties of YD are enhanced by the implementation
of DA. Figs 9f and 10f show that the Northern Hemisphere climate in YD changes to a colder
state after DA than in BA. Nevertheless, this change is more pronounced in Exp_PaleoMist.
Without DA, the North Atlantic temperature drop between BA and YD could not be simulated.

Discussion

To overcome the computational challenges associated with long-term DA experiments in
paleoclimate studies, we have coupled CLIMBER-X with PDAF. Our DA experiments
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o
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Fig 8. Effect of DA on ST fields in Exp_ GLAC1D and Exp_PaleoMist. AST anomaly (DA minus Prior) in LGM, BA, and YD. (a), (b), and (c) show
anomaly for Exp_ GLAC1D and (d), (e), and (f) for Exp_PaleoMist. The green dots indicate the observation locations.

https://doi.org/10.1371/journal.pone.0300138.9008

covering a span of 16500 years can be completed in approximately 40 hours. PDAF efficiently
computes the DA update at each DA cycle in less than one second.

The choice of localization radius is an important factor in our DA system, and we deter-
mined the optimal value through trial and error. The optimal localization radius depends on
various factors, including ensemble size, the spatial distribution of observations, and charac-
teristics of observation errors ([66]). [67] has shown that the optimal localization radius
remains unaffected by properties of a quasigeostrophic model ([68]), such as resolution, as
long as the model accurately represents the underlying dynamical processes. As discussed in
Experimental Design section, we selected the 5000 km radius to ensure the optimal impact of
observations while avoiding unrealistic influences from distant observations on individual
grid points. This radius mainly preserves the effect of Greenland’s observations, which are
crucial for reconstructing the North Atlantic. The choice of localization radii for DA experi-
ments involving CLIMBER-X and PDAF may vary depending on the specifics of the observa-
tion network.
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Fig 9. Comparison of ST anomalies in Exp_GLACID before and after DA. AST anomalies field for different time intervals in Exp_GLACID for
before DA’s implementation (a), (b), and (c) and after DA (d), (e), and (f).

https://doi.org/10.1371/journal.pone.0300138.9009

A climate system consists of slowly varying components (e.g., ocean, cryosphere, land vege-
tation) and fast-varying components, primarily the atmosphere. The deterministic models,
including CLIMBER-X, typically operate in a deterministic framework, where the averaged cli-
mate states are simulated based on deterministic mathematical equations, fixed initial condi-
tions, external forcings, and parameterizations of fast-varying components ([69]). In contrast,
stochastic climate models acknowledge the importance of considering the rapid fluctuations
and introduce randomness to capture uncertainties and natural variability in the climate sys-
tem ([70]). [71] emphasizes the significance of incorporating high-frequency elements in
numerical models, as slow climate changes are defined as the response to ongoing random
excitation by fast-varying component perturbations. By perturbing the near atmospheric sur-
face temperature as a rapid-varying variable in the CLIMBER-X model, we have transformed
it into a stochastic model, allowing for the representation of natural variability and uncertain-
ties. This approach not only leverages the computational efficiency of CLIMBER-X but also
provides more realistic background states for our DA system and avoids the ensemble col-
lapses to a single state.

PLOS ONE | https://doi.org/10.1371/journal.pone.0300138  April 4, 2024 14/22


https://doi.org/10.1371/journal.pone.0300138.g009
https://doi.org/10.1371/journal.pone.0300138

PLOS ONE Paleoclimate data assimilation with CLIMBER-X: An ensemble Kalman filter for the last deglaciation

Prior DA

(a) BA minus LGM (d) BA minus LGM

o
A(AST) [°C]

Fig 10. Comparison of ST anomalies in Exp_PaleoMist before and after DA. AST anomalies field for different time intervals in Exp_Paleomist for
before DA’s implementation (a), (b), and (c) and after DA (d), (e), and (f).

https://doi.org/10.1371/journal.pone.0300138.9010

Climate models, including CLIMBER-X, are sensitive to freshwater fluxes ([72-74]), and
the AMOC depends on freshwater forcing at locations where deep water forms ([75]). Accord-
ingly, changes in AMOC are often considered to have caused abrupt climate changes during
the last deglaciation (e.g. [4, 59, 76, 77]). GLAC-1D contains a significant ice volume loss dur-
ing BA ([42]), associated with a pronounced meltwater pulse 1A (MWP-1A), whereas Paleo-
Mist ([43]) does not contain a pronounced loss of deglacial meltwater during the BA. This is
the main reason for the discrepancies between Exp_ GLACID and Exp_PaleoMist. Moreover,
ice sheet heights influence atmospheric and oceanic circulation (e.g. [78, 79]), which may con-
tribute to the disparities between simulations using GLAC-1D and PaleoMist. Due to varia-
tions in methodologies, PaleoMist estimates the ice volume and ice sheet heights differently
from GLAC-1D. Mentioning briefly, PaleoMist calculates ice sheets using the program ICE-
SHEET, which assumes that the ice sheet is in equilibrium ([80]). In contrast, GLAC-1D calcu-
lates Antarctica and North American ice sheets based on an ensemble average of several
thousand ice sheet model simulations that fit constraints such as Holocene sea level changes
and present-day uplift rates ([42, 81]).
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The minor effect of DA on GMST trajectories could be attributed to the limited number of
observations and the long period between DA cycles. The time gap between successive obser-
vations, 100 years, may exceed the model’s predictability. Consequently, the prior ensemble
loses the updated initial condition information entirely. This point is also mentioned by [52,
82] while comparing online and offline approaches. Therefore, in our experiments, GMST tra-
jectories are mainly driven by external forcing, including ice sheets, GHGs, and orbital for-
cings. Increasing the frequency of model updates by employing high-temporal-resolution,
well-distributed datasets covering more grid points can potentially improve the efficiency and
impact of DA on GMST trajectories. However, the AGMST trends for prior and DA in
Exp_PaleoMist are similar to the Shakun et al. reconstruction and Osman-DA during BA and
YD. This indicates that the choice of ice-sheet reconstruction resulting in different prior states
is consequential in our DA system.

[25] employ an offline ensemble square root Kalman filter approach ([23]) and assimilate
the different types of geochemical proxies for sea surface temperature ([23]) directly using
Bayesian proxy forward models (e.g. [83]). They also draw the prior states from the separate
time slice simulations conducted by the isotope-enabled Community Earth System Model
(iCESM; [84]). These methodological disparities between their DA setup and ours explain the
differences between the results. Nevertheless, Exp_PaleoMist is roughly consistent with
Osman-DA regarding the magnitude and speed of the warming-cooling-warming tendency
over BA and YD. This suggests that despite the differences in methodology and background
states, there is some agreement regarding the general pattern of GMST changes during those
time intervals.

In contrast to the effect of DA on GMST trajectories, DA has changed the spatial pattern of
the ST fields significantly. This implies that the impact of DA is more prominent at regional
scales rather than at the global mean scale. The point that the climate sensitivity of CLIM-
BER-X is 3.3 K, which drops in the middle range for the Earth system models ([29]), suggests
that the model is responsive to CO, forcing and insolation. As a result, the main drivers in the
low latitudes, such as GHG concentrations and insolation, dominate in shaping the tempera-
ture patterns in those regions. Consequently, the effect of DA is less pronounced in the low lat-
itudes where the model already well-captured these primary drivers.

However, in high latitudes, particularly over the North Atlantic and Greenland, where the
ice sheet heights, FW pattern and AMOC play significant roles in atmospheric and oceanic cir-
culations and temperature patterns, DA enhances the characteristics of BA and YD. This
denotes that the assimilation of observational data has helped skillfully to have more realistic
temperature patterns and climate variability during these specific periods.

Additionally, it is worth mentioning that DA has enhanced the Atlantic-Pacific seesaw pat-
tern, mainly for Exp_PaleoMist, indicating an improved representation of the coupled atmo-
sphere-ocean dynamics in these regions. Several studies have reported this heterogeneous
phenomenon in both model and data sets during glacial and deglacial periods (e.g. [61, 85,
86]). Different factors, including oceanic and atmospheric circulation patterns, heat transport,
and interactions between the oceans and atmosphere, contribute to the evolution and endur-
ance of this seesaw pattern (e.g. [62, 87-89]). Therefore, the assimilation of observational data
has contributed to a more realistic simulation of the interhemispheric temperature gradient
and associated oceanic circulation patterns.

Conclusions

For the last deglaciation, there are various challenges in reconstructing past climates, including
uncertainties in proxy data, limited spatial and temporal coverage of observations, and
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complex interactions between different climate system components. Data assimilation (DA)
helps to address these challenges by integrating available observations with model simulations,
taking into account their respective uncertainties and biases.

We introduce a fast and efficient method for conducting DA using an EMIC, CLIMBER-X
([29]). Since CLIMBER-X has no internal noise in the system, we applied a stochastic version
of this model. In addition, we use two different ice sheet reconstructions, GLAC-1D ([42]) and
PaleoMist ([43]), to investigate the effects of different model backgrounds on the climate evo-
lution during the last deglaciation. We summarize the conclusions of our work in the following
main points:

o The choice of ice sheet reconstruction significantly impacts model simulations, affecting
ocean freshwater forcings and AMOC, leading to different circulation and temperature pat-
terns during the deglaciation. The free simulation with the PaleoMist ice sheet reconstruc-
tion provides a more consistent trend than that with GLAC-1D, especially during the
Bolling-Allersd—Younger Dryas sequence. Accordingly, the ice sheet reconstructions lead
to different effects of the DA.

While DA has a minor effect on global mean surface temperature trajectories, it has signifi-
cantly influenced the surface temperature fields, suggesting that the impact of DA is more
prominent at regional scales rather than at the global mean scale. Our DA system improves
the ST spatial heterogeneity (Atlantic-Pacific seesaw), representing the climate patterns for
YD and BA, especially for the PaleoMist experiment.

The effect of DA is more pronounced at high latitudes than at mid and low latitudes, poten-
tially indicating disparities or inadequate representation of physical processes within the
model. Considering its climate sensitivity, CLIMBER-X performs relatively more accurately
in low latitudes, where the main driver is CO, forcing, compared to high latitudes.

Our online DA approach allows us to study the performance of CLIMBER-X, including
AMOQC, salinity, freshwater, and many other climate parameters. Nevertheless, the effect of
the online approach is not notable on the climate variables primarily due to the long time
gaps between DA cycles and due to the fact that temperature is damped out faster than other
variables like salinity ([90]).

Our method is a step towards a true paleoclimate data assimilation. We note that the meth-
odology presented in this work is not restricted to our specific application of deglacial climate.
CLIMBER-X and PDAF or their variations can also be applied to other data sets and scientific
questions for long-term variations. Thus, developing this methodology is a scientific contribu-
tion in its own right. As a logical next step, we will insert subsurface data and salinity in our
assimilation in order to evaluate the importance of subsurface temperatures as potential pre-
dictors for abrupt changes in deglacial AMOC ([4, 12, 91]).
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S1 Fig. GLAC-1D reconstruction for the last deglaciation.
(TIF)

S2 Fig. PaleoMist reconstruction for the last deglaciation.
(TIF)

$3 Fig. GHG forcing.
(TIF)

PLOS ONE | https://doi.org/10.1371/journal.pone.0300138  April 4, 2024 17/22


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0300138.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0300138.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0300138.s003
https://doi.org/10.1371/journal.pone.0300138

PLOS ONE

Paleoclimate data assimilation with CLIMBER-X: An ensemble Kalman filter for the last deglaciation

Acknowledgments

The authors wish to thank the AWT computing center for their help. Thanks go to Hugues
Goosse for giving advice on our data assimilation approach.

Author Contributions

Conceptualization: Ahmadreza Masoum, Lars Nerger, Gerrit Lohmann.
Investigation: Ahmadreza Masoum.

Methodology: Ahmadreza Masoum, Lars Nerger, Gerrit Lohmann.
Software: Lars Nerger, Matteo Willeit, Andrey Ganopolski.
Supervision: Lars Nerger, Gerrit Lohmann.

Visualization: Ahmadreza Masoum.

Writing - original draft: Ahmadreza Masoum.

Writing - review & editing: Ahmadreza Masoum, Lars Nerger, Matteo Willeit, Andrey Gano-
polski, Gerrit Lohmann.

References

1. Clark P. U., Shakun J. D., Baker P. A., Bartlein P. J., Brewer S., Brook E., et al. (2012). Global climate
evolution during the last deglaciation. Proceedings of the National Academy of Sciences, 109(19):
E1134—E1142. https://doi.org/10.1073/pnas.1116619109 PMID: 22331892

2. Dansgaard W., Johnsen S. J., Clausen H. B., Dahl-Jensen D., Gundestrup N. S., Hammer C. U., et al.
(1993). Evidence for general instability of past climate from a 250-kyr ice-core record. nature, 364
(6434):218-220. https://doi.org/10.1038/364218a0

3. Knorr G. and Lohmann G. (2003). Southern ocean origin for the resumption of atlantic thermohaline cir-
culation during deglaciation. Nature, 424(6948):532-536. https://doi.org/10.1038/nature01855 PMID:
12891352

4. Knorr G. and Lohmann G. (2007). Rapid transitions in the atlantic thermohaline circulation triggered by
global warming and meltwater during the last deglaciation. Geochemistry, Geophysics, Geosystems, 8
(12). https://doi.org/10.1029/2007GC001604

5. Lehman S. J. and Keigwin L. D. (1992). Sudden changes in north atlantic circulation during the last
deglaciation. Nature, 356(6372):757—762. https://doi.org/10.1038/356757a0

6. Lohmann G., Butzin M., Eissner N., Shi X., and Stepanek C. (2020). Abrupt climate and weather
changes across time scales. Paleoceanography and Paleoclimatology, 35(9):e2019PA003782. https://
doi.org/10.1029/2019PA003782

7. Sarnthein M., Winn K., Jung S. J., Duplessy J.-C., Labeyrie L., Erlenkeuser H., et al. (1994). Changes in
east atlantic deepwater circulation over the last 30,000 years: Eight time slice reconstructions. Paleo-
ceanography, 9(2):209-267. https://doi.org/10.1029/93PA03301

8. SunY., KnorrG., Zhang X., Tarasov L., Barker S., Werner M., et al. (2022). Ice sheet decline and rising
atmospheric co2 control amoc sensitivity to deglacial meltwater discharge. Global and Planetary
Change, 210:103755. https://doi.org/10.1016/j.gloplacha.2022.103755

9. ShakunJ.D., Clark P.U., He F., Marcott S. A., Mix A. C., Liu Z., et al. (2012). Global warming preceded
by increasing carbon dioxide concentrations during the last deglaciation. Nature, 484(7392):49-54.
https://doi.org/10.1038/nature10915 PMID: 22481357

10. He, F. (2011). Simulating transient climate evolution of the last deglaciation with CCSM 3, volume 72.

11. LiuZ., Otto-Bliesner B., He F., Brady E., Tomas R., Clark P., et al. (2009). Transient simulation of last
deglaciation with a new mechanism for bglling-allerad warming. science, 325(5938):310-314. https://
doi.org/10.1126/science.1171041 PMID: 19608916

12. Zhang X., Knorr G., Lohmann G., and Barker S. (2017). Abrupt north atlantic circulation changes in
response to gradual co2 forcing in a glacial climate state. Nature Geoscience, 10(7):518-523. https:/
doi.org/10.1038/nge02974

13. Zhang X., Lohmann G., Knorr G., and Purcell C. (2014). Control of rapid glacial climate shifts by varia-
tions in intermediate ice-sheet volume. Nature, 512:290-294.

PLOS ONE | https://doi.org/10.1371/journal.pone.0300138  April 4, 2024 18/22


https://doi.org/10.1073/pnas.1116619109
http://www.ncbi.nlm.nih.gov/pubmed/22331892
https://doi.org/10.1038/364218a0
https://doi.org/10.1038/nature01855
http://www.ncbi.nlm.nih.gov/pubmed/12891352
https://doi.org/10.1029/2007GC001604
https://doi.org/10.1038/356757a0
https://doi.org/10.1029/2019PA003782
https://doi.org/10.1029/2019PA003782
https://doi.org/10.1029/93PA03301
https://doi.org/10.1016/j.gloplacha.2022.103755
https://doi.org/10.1038/nature10915
http://www.ncbi.nlm.nih.gov/pubmed/22481357
https://doi.org/10.1126/science.1171041
https://doi.org/10.1126/science.1171041
http://www.ncbi.nlm.nih.gov/pubmed/19608916
https://doi.org/10.1038/ngeo2974
https://doi.org/10.1038/ngeo2974
https://doi.org/10.1371/journal.pone.0300138

PLOS ONE

Paleoclimate data assimilation with CLIMBER-X: An ensemble Kalman filter for the last deglaciation

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Erb M. P., McKay N. P., Steiger N., Dee S., Hancock C., Ivanovic R. F., et al. (2022). Reconstructing
holocene temperatures in time and space using paleoclimate data assimilation. Climate of the Past, 18
(12):2599-2629. https://doi.org/10.5194/cp-18-2599-2022

Franke J., Bréonnimann S., Bhend J., and Brugnara Y. (2017). A monthly global paleo-reanalysis of the
atmosphere from 1600 to 2005 for studying past climatic variations. Scientific data, 4(1):1-19. https://
doi.org/10.1038/sdata.2017.76 PMID: 28585926

Goosse H., Crespin E., de Montety A., Mann M., Renssen H., and Timmermann A. (2010). Reconstruct-
ing surface temperature changes over the past 600 years using climate model simulations with data
assimilation. Journal of Geophysical Research: Atmospheres, 115(D9). https://doi.org/10.1029/
2009JD012737

Goosse H., Crespin E., Dubinkina S., Loutre M.-F., Mann M. E., Renssen H., et al. (2012). The role of
forcing and internal dynamics in explaining the “medieval climate anomaly”. Climate dynamics, 39
(12):2847-2866. https://doi.org/10.1007/s00382-012-1297-0

Hakim G. J., Emile-Geay J., Steig E. J., Noone D., Anderson D. M., Tardif R., et al. (2016). The last mil-
lennium climate reanalysis project: Framework and first results. Journal of Geophysical Research:
Atmospheres, 121(12):6745-6764. https://doi.org/10.1002/2016JD024751

Neukom R., Barboza L., Erb M., Shi F., Emile-Geay J., Evans M., et al. (2019a). Consistent multideca-
dal variability in global temperature reconstructions and simulations over the common era. Nature geo-
science, 12(8):643-649. https://doi.org/10.1038/s41561-019-0400-0 PMID: 31372180

Neukom R., Steiger N., Gomez-Navarro J. J., Wang J., and Werner J. P. (2019b). No evidence for glob-
ally coherent warm and cold periods over the preindustrial common era. Nature, 571(7766):550-554.
https://doi.org/10.1038/s41586-019-1401-2 PMID: 31341300

Tardif R., Hakim G. J., Perkins W. A., Horlick K. A., Erb M. P., Emile-Geay J., et al. (2019). Last millen-
nium reanalysis with an expanded proxy database and seasonal proxy modeling. Climate of the Past,
15(4):1251-1273. https://doi.org/10.5194/cp-15-1251-2019

Kurahashi-Nakamura T., Paul A., and Losch M. (2017). Dynamical reconstruction of the global ocean
state during the last glacial maximum. Paleoceanography, 32(4):326-350. https://doi.org/10.1002/
2016PA003001

Tierney J. E., Zhu J., King J., Malevich S. B., Hakim G. J., and Poulsen C. J. (2020). Glacial cooling and
climate sensitivity revisited. Nature, 584(7822):569-573. https://doi.org/10.1038/s41586-020-2617-x
PMID: 32848226

Renssen H., Mairesse A., Goosse H., Mathiot P., Heiri O., Roche D. M., et al. (2015). Multiple causes of
the younger dryas cold period. Nature Geoscience, 8(12):946—949. https://doi.org/10.1038/ngeo2557

Osman M. B., Tierney J. E., Zhu J., Tardif R., Hakim G. J., King J., et al. (2021). Globally resolved sur-
face temperatures since the last glacial maximum. Nature, 599(7884):239—-244. https://doi.org/10.
1038/541586-021-03984-4 PMID: 34759364

Fang M. and Li X. (2016). Paleoclimate data assimilation: Its motivation, progress and prospects. Sci-
ence China Earth Sciences, 59:1817—1826. https://doi.org/10.1007/s11430-015-5432-6

Steiger N. J., Smerdon J. E., Cook E. R., and Cook B. I. (2018). A reconstruction of global hydroclimate
and dynamical variables over the common era. Scientific data, 5(1):1-15. https://doi.org/10.1038/
sdata.2018.86 PMID: 29786698

Steiger N. J., Hakim G. J., Steig E. J., Battisti D. S., and Roe G. H. (2014). Assimilation of time-averaged
pseudoproxies for climate reconstruction. Journal of Climate, 27(1):426—441. https://doi.org/10.1175/
JCLI-D-12-00693.1

Willeit M., Ganopolski A., Robinson A., and Edwards N. R. (2022). The earth system model climber-x
v1. 0—part 1: Climate model description and validation. Geoscientific Model Development, 15
(14):5905-5948. https://doi.org/10.5194/gmd-15-5905-2022

Claussen M., Mysak L., Weaver A., Crucifix M., Fichefet T., Loutre M.-F., et al. (2002). Earth system
models of intermediate complexity: closing the gap in the spectrum of climate system models. Climate
dynamics, 18:579-586. https://doi.org/10.1007/s00382-001-0200-1

Nerger L. and Hiller W. (2013). Software for ensemble-based data assimilation systems—implementa-
tion strategies and scalability. Computers & Geosciences, 55:110-118. https://doi.org/10.1016/j.
cageo0.2012.03.026

Evensen G. (2003). The ensemble kalman filter: Theoretical formulation and practical implementation.
Ocean dynamics, 53(4):343-367. https://doi.org/10.1007/s10236-003-0036-9

Kapsch M.-L., Mikolajewicz U., Ziemen F., and Schannwell C. (2022). Ocean response in transient sim-
ulations of the last deglaciation dominated by underlying ice-sheet reconstruction and method of melt-
water distribution. Geophysical Research Letters, 49(3):e2021GL096767. https://doi.org/10.1029/
2021GL096767

PLOS ONE | https://doi.org/10.1371/journal.pone.0300138  April 4, 2024 19/22


https://doi.org/10.5194/cp-18-2599-2022
https://doi.org/10.1038/sdata.2017.76
https://doi.org/10.1038/sdata.2017.76
http://www.ncbi.nlm.nih.gov/pubmed/28585926
https://doi.org/10.1029/2009JD012737
https://doi.org/10.1029/2009JD012737
https://doi.org/10.1007/s00382-012-1297-0
https://doi.org/10.1002/2016JD024751
https://doi.org/10.1038/s41561-019-0400-0
http://www.ncbi.nlm.nih.gov/pubmed/31372180
https://doi.org/10.1038/s41586-019-1401-2
http://www.ncbi.nlm.nih.gov/pubmed/31341300
https://doi.org/10.5194/cp-15-1251-2019
https://doi.org/10.1002/2016PA003001
https://doi.org/10.1002/2016PA003001
https://doi.org/10.1038/s41586-020-2617-x
http://www.ncbi.nlm.nih.gov/pubmed/32848226
https://doi.org/10.1038/ngeo2557
https://doi.org/10.1038/s41586-021-03984-4
https://doi.org/10.1038/s41586-021-03984-4
http://www.ncbi.nlm.nih.gov/pubmed/34759364
https://doi.org/10.1007/s11430-015-5432-6
https://doi.org/10.1038/sdata.2018.86
https://doi.org/10.1038/sdata.2018.86
http://www.ncbi.nlm.nih.gov/pubmed/29786698
https://doi.org/10.1175/JCLI-D-12-00693.1
https://doi.org/10.1175/JCLI-D-12-00693.1
https://doi.org/10.5194/gmd-15-5905-2022
https://doi.org/10.1007/s00382-001-0200-1
https://doi.org/10.1016/j.cageo.2012.03.026
https://doi.org/10.1016/j.cageo.2012.03.026
https://doi.org/10.1007/s10236-003-0036-9
https://doi.org/10.1029/2021GL096767
https://doi.org/10.1029/2021GL096767
https://doi.org/10.1371/journal.pone.0300138

PLOS ONE

Paleoclimate data assimilation with CLIMBER-X: An ensemble Kalman filter for the last deglaciation

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Edwards N. and Shepherd J. (2002). Bifurcations of the thermohaline circulation in a simplified three-
dimensional model of the world ocean and the effects of inter-basin connectivity. Climate Dynamics, 19
(1):31-42. https://doi.org/10.1007/s00382-001-0207-7

Edwards N. R. and Marsh R. (2005). Uncertainties due to transport-parameter sensitivity in an efficient
3-d ocean-climate model. Climate dynamics, 24(4):415-433. https://doi.org/10.1007/s00382-004-
0508-8

Edwards N. R., Willmott A. J., and Killworth P. D. (1998). On the role of topography and wind stress on
the stability of the thermohaline circulation. Journal of physical oceanography, 28(5):756—778. https://
doi.org/10.1175/1520-0485(1998)028%3C0756:0TROTA%3E2.0.CO;2

Willeit M. and Ganopolski A. (2016). PALADYN v1. 0, a comprehensive land surface—vegetation—car-
bon cycle model of intermediate complexity. Geoscientific Model Development, 9(10):3817-3857.
https://doi.org/10.5194/gmd-9-3817-2016

Nerger L., Tang Q., and Mu L. (2020). Efficient ensemble data assimilation for coupled models with the
parallel data assimilation framework: example of awi-cm (awi-cm-pdaf 1.0). Geoscientific Model Devel-
opment, 13(9):4305-4321. https://doi.org/10.5194/gmd-13-4305-2020

Nerger L., Janiji¢ T., Schréter J., and Hiller W. (2012). A unification of ensemble square root kalman fil-
ters. Monthly Weather Review, 140(7):2335-2345. https://doi.org/10.1175/MWR-D-11-00102.1

Pham D. T., Verron J., and Roubaud M. C. (1998). A singular evolutive extended kalman filter for data
assimilation in oceanography. Journal of Marine systems, 16(3-4):323-340. https://doi.org/10.1016/
S0924-7963(97)00109-7

Gaspari G. and Cohn S. E. (1999). Construction of correlation functions in two and three dimensions.
Quarterly Journal of the Royal Meteorological Society, 125(554):723-757. https://doi.org/10.1002/q;.
49712555417

Tarasov L., Dyke A. S., Neal R. M., and Peltier W. R. (2012). A data-calibrated distribution of deglacial
chronologies for the north american ice complex from glaciological modeling. Earth and Planetary Sci-
ence Letters, 315:30—40. https://doi.org/10.1016/j.epsl.2011.09.010

Gowan E. J., Zhang X., Khosravi S., Rovere A., Stocchi P., Hughes A. L., et al. (2021). A new global ice
sheet reconstruction for the past 80 000 years. Nature communications, 12(1):1-9. https://doi.org/10.
1038/s41467-021-21469-w PMID: 33623046

Kohler P., Nehrbass-Ahles C., Schmitt J., Stocker T. F., and Fischer H. (2017). A 156 kyr smoothed his-
tory of the atmospheric greenhouse gases co 2, ch 4, and n 2 o and their radiative forcing. Earth System
Science Data, 9(1):363-387. https://doi.org/10.5194/essd-9-363-2017

Laskar J., Robutel P., Joutel F., Gastineau M., Correia A., and Levrard B. (2004). A long-term numerical
solution for the insolation quantities of the earth. Astronomy & Astrophysics, 428(1):261-285. https://
doi.org/10.1051/0004-6361:20041335

Dee D. P. (2005). Bias and data assimilation. Quarterly Journal of the Royal Meteorological Society: A
journal of the atmospheric sciences, applied meteorology and physical oceanography, 131(613):3323—
3343. https://doi.org/10.1256/qj.05.137

Dee D. P. and Da Silva A. M. (1998). Data assimilation in the presence of forecast bias. Quarterly Jour-
nal of the Royal Meteorological Society, 124(545):269-295. https://doi.org/10.1002/qj.49712454512

Li X. (2014). Characterization, controlling, and reduction of uncertainties in the modeling and observa-
tion of land-surface systems. Science China Earth Sciences, 57(1):80-87. https://doi.org/10.1007/
s11430-013-4728-9

Okazaki A., Miyoshi T., Yoshimura K., Greybush S. J., and Zhang F. (2021). Revisiting online and offline
data assimilation comparison for paleoclimate reconstruction: an idealized osse study. Journal of Geo-
physical Research: Atmospheres, 126(16):e2020JD034214. https://doi.org/10.1029/2020JD034214

Collins Matthew. (2002). Climate predictability on interannual to decadal time scales: The initial value
problem. Climate dynamics, 19:671-692. https://doi.org/10.1007/s00382-002-0254-8

Doblas-Reyes FJ and Andreu-Burillo | and Chikamoto Y and Garcia-Serrano J and Guemas V and
Kimoto M et al. (2013). Initialized near-term regional climate change prediction. Nature communica-
tions, 4(1):1715. https://doi.org/10.1038/ncomms2704 PMID: 23591882

Matsikaris Anastasios and Widmann Martin and Jungclaus Johann. (2015). On-line and off-line data
assimilation in palaeoclimatology: a case study. Climate of the Past, 11(1):81-93. https://doi.org/10.
5194/cp-11-81-2015

Bhend J., Franke J., Folini D., Wild M., and Brénnimann S. (2012). An ensemble-based approach to cli-
mate reconstructions. Climate of the Past, 8(3):963-976. https://doi.org/10.5194/cp-8-963-2012

King Jonathan M and Anchukaitis Kevin J and Tierney Jessica E and Hakim Gregory J and Emile-Geay
Julien and Zhu Feng et al. (2021). A data assimilation approach to last millennium temperature field
reconstruction using a limited high-sensitivity proxy network. Journal of Climate, 34(17):7091-7111.

PLOS ONE | https://doi.org/10.1371/journal.pone.0300138  April 4, 2024 20/22


https://doi.org/10.1007/s00382-001-0207-7
https://doi.org/10.1007/s00382-004-0508-8
https://doi.org/10.1007/s00382-004-0508-8
https://doi.org/10.1175/1520-0485(1998)028%3C0756:OTROTA%3E2.0.CO;2
https://doi.org/10.1175/1520-0485(1998)028%3C0756:OTROTA%3E2.0.CO;2
https://doi.org/10.5194/gmd-9-3817-2016
https://doi.org/10.5194/gmd-13-4305-2020
https://doi.org/10.1175/MWR-D-11-00102.1
https://doi.org/10.1016/S0924-7963(97)00109-7
https://doi.org/10.1016/S0924-7963(97)00109-7
https://doi.org/10.1002/qj.49712555417
https://doi.org/10.1002/qj.49712555417
https://doi.org/10.1016/j.epsl.2011.09.010
https://doi.org/10.1038/s41467-021-21469-w
https://doi.org/10.1038/s41467-021-21469-w
http://www.ncbi.nlm.nih.gov/pubmed/33623046
https://doi.org/10.5194/essd-9-363-2017
https://doi.org/10.1051/0004-6361:20041335
https://doi.org/10.1051/0004-6361:20041335
https://doi.org/10.1256/qj.05.137
https://doi.org/10.1002/qj.49712454512
https://doi.org/10.1007/s11430-013-4728-9
https://doi.org/10.1007/s11430-013-4728-9
https://doi.org/10.1029/2020JD034214
https://doi.org/10.1007/s00382-002-0254-8
https://doi.org/10.1038/ncomms2704
http://www.ncbi.nlm.nih.gov/pubmed/23591882
https://doi.org/10.5194/cp-11-81-2015
https://doi.org/10.5194/cp-11-81-2015
https://doi.org/10.5194/cp-8-963-2012
https://doi.org/10.1371/journal.pone.0300138

PLOS ONE

Paleoclimate data assimilation with CLIMBER-X: An ensemble Kalman filter for the last deglaciation

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

Palmer T., Williams P., and Williams P. (2010). Stochastic physics and climate modelling, volume 480.
Cambridge University Press Cambridge.

Pham D. T. (2001). Stochastic methods for sequential data assimilation in strongly nonlinear systems.
Monthly weather review, 129(5):1194—1207. https://doi.org/10.1175/1520-0493(2001)129%3C1194:
SMFSDA%3E2.0.CO;2

Box G. E., Jenkins G. M., Reinsel G. C., and Ljung G. M. (2015). Time series analysis: forecasting and
control. John Wiley & Sons.

Broecker, W. S. (2002). The glacial world according to Wally. International series of monographs on
physics. Lamont-Doherty earth observatory of Columbia University.

Lohmann G. and Schulz M. (2000). Reconciling balling warmth with peak deglacial meltwater dis-
charge. Paleoceanography, 15(5):537-540. https://doi.org/10.1029/1999PA000471

Hoskins B. J. and Karoly D. J. (1981). The steady linear response of a spherical atmosphere to thermal
and orographic forcing. Journal of the atmospheric sciences, 38(6):1179—1196. https://doi.org/10.
1175/1520-0469(1981)038%3C1179: TSLROA%3E2.0.CO;2

Kiefer T., Lorenz S., Schulz M., Lohmann G., Sarnthein M., and Elderfield H. (2002). Response of pre-
cipitation over greenland and the adjacent ocean to north pacific warm spells during dansgaard—oesch-
ger stadials. Terra Nova, 14(4):295-300. https://doi.org/10.1046/j.1365-3121.2002.00420.x

Romanova V., Lohmann G., Grosfeld K., and Butzin M. (2006). The relative role of oceanic heat trans-
port and orography on glacial climate. Quaternary science reviews, 25(7-8):832—845. https://doi.org/
10.1016/j.quascirev.2005.07.007

Buizert C., Gkinis V., Severinghaus J. P., He F., Lecavalier B. S., Kindler P., et al. (2014). Greenland
temperature response to climate forcing during the last deglaciation. Science, 345(6201):1177—1180.
https://doi.org/10.1126/science.1254961 PMID: 25190795

Shakun J. D. and Carlson A. E. (2010). A global perspective on last glacial maximum to holocene cli-
mate change. Quaternary Science Reviews, 29(15-16):1801-1816. https://doi.org/10.1016/}.
quascirev.2010.03.016

Stenni B., Buiron D., Frezzotti M., Albani S., Barbante C., Bard E., et al. (2011). Expression of the bipo-
lar see-saw in antarctic climate records during the last deglaciation. Nature Geoscience, 4(1):46—49.
https://doi.org/10.1038/ngeo1026

Kirchgessner P., Nerger L., and Bunse-Gerstner A. (2014). On the choice of an optimal localization
radius in ensemble kalman filter methods. Monthly Weather Review, 142(6):2165-2175. https://doi.
org/10.1175/MWR-D-13-00246.1

Ying Y., Zhang F., and Anderson J. L. (2018). On the selection of localization radius in ensemble filtering
for multiscale quasigeostrophic dynamics. Monthly Weather Review, 146(2):543-560. https://doi.org/
10.1175/MWR-D-17-0336.1

Smith K., Boccaletti G., Henning C., Marinov |., Tam C., Held ., et al. (2002). Turbulent diffusion in the
geostrophic inverse cascade. Journal of Fluid Mechanics, 469:13—48. https://doi.org/10.1017/
S0022112002001763

Flato, G., Marotzke, J., Abiodun, B., Braconnot, P., Chou, S. C., Collins, W., et al. (2014). Evaluation of
climate models. In Climate change 2013: the physical science basis. Contribution of Working Group | to
the Fifth Assessment Report of the Intergovernmental Panel on Climate Change, pages 741-866. Cam-
bridge University Press.

Palmer T. (2012). Towards the probabilistic earth-system simulator: A vision for the future of climate
and weather prediction. Quarterly Journal of the Royal Meteorological Society, 138(665):841-861.
https://doi.org/10.1002/qj.1923

Hasselmann K. (1976). Stochastic climate models part i. theory. tellus, 28(6):473—-485. https://doi.org/
10.3402/tellusa.v28i6.11316

Kageyama M., Paul A., Roche D. M., and Van Meerbeeck C. J. (2010). Modelling glacial climatic millen-
nial-scale variability related to changes in the atlantic meridional overturning circulation: a review. Qua-
ternary Science Reviews, 29(21-22):2931-2956. https://doi.org/10.1016/j.quascirev.2010.05.029

Otto-Bliesner B. L. and Brady E. C. (2010). The sensitivity of the climate response to the magnitude and
location of freshwater forcing: last glacial maximum experiments. Quaternary Science Reviews, 29(1-
2):56-73. https://doi.org/10.1016/j.quascirev.2009.07.004

Stouffer R. J., Seidov D., and Haupt B. J. (2007). Climate response to external sources of freshwater:
North atlantic versus the southern ocean. Journal of Climate, 20(3):436—448. https://doi.org/10.1175/
JCLI4015.1

Stouffer R. J., Yin J., Gregory J., Dixon K., Spelman M., Hurlin W., et al. (2006). Investigating the causes
of the response of the thermohaline circulation to past and future climate changes. Journal of climate,
19(8):1365—-1387. https://doi.org/10.1175/JCLI3689.1

PLOS ONE | https://doi.org/10.1371/journal.pone.0300138  April 4, 2024 21/22


https://doi.org/10.1175/1520-0493(2001)129%3C1194:SMFSDA%3E2.0.CO;2
https://doi.org/10.1175/1520-0493(2001)129%3C1194:SMFSDA%3E2.0.CO;2
https://doi.org/10.1029/1999PA000471
https://doi.org/10.1175/1520-0469(1981)038%3C1179:TSLROA%3E2.0.CO;2
https://doi.org/10.1175/1520-0469(1981)038%3C1179:TSLROA%3E2.0.CO;2
https://doi.org/10.1046/j.1365-3121.2002.00420.x
https://doi.org/10.1016/j.quascirev.2005.07.007
https://doi.org/10.1016/j.quascirev.2005.07.007
https://doi.org/10.1126/science.1254961
http://www.ncbi.nlm.nih.gov/pubmed/25190795
https://doi.org/10.1016/j.quascirev.2010.03.016
https://doi.org/10.1016/j.quascirev.2010.03.016
https://doi.org/10.1038/ngeo1026
https://doi.org/10.1175/MWR-D-13-00246.1
https://doi.org/10.1175/MWR-D-13-00246.1
https://doi.org/10.1175/MWR-D-17-0336.1
https://doi.org/10.1175/MWR-D-17-0336.1
https://doi.org/10.1017/S0022112002001763
https://doi.org/10.1017/S0022112002001763
https://doi.org/10.1002/qj.1923
https://doi.org/10.3402/tellusa.v28i6.11316
https://doi.org/10.3402/tellusa.v28i6.11316
https://doi.org/10.1016/j.quascirev.2010.05.029
https://doi.org/10.1016/j.quascirev.2009.07.004
https://doi.org/10.1175/JCLI4015.1
https://doi.org/10.1175/JCLI4015.1
https://doi.org/10.1175/JCLI3689.1
https://doi.org/10.1371/journal.pone.0300138

PLOS ONE

Paleoclimate data assimilation with CLIMBER-X: An ensemble Kalman filter for the last deglaciation

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

Clark P. U., Pisias N. G., Stocker T. F., and Weaver A. J. (2002). The role of the thermohaline circulation
in abrupt climate change. Nature, 415(6874):863-869. https://doi.org/10.1038/415863a PMID:
11859359

McManus J. F., Francois R., Gherardi J.-M., Keigwin L. D., and Brown-Leger S. (2004). Collapse and
rapid resumption of atlantic meridional circulation linked to deglacial climate changes. nature, 428
(6985):834—837. https://doi.org/10.1038/nature02494 PMID: 15103371

Lofverstrdom M., Caballero R., Nilsson J., and Kleman J. (2014). Evolution of the large-scale atmo-
spheric circulation in response to changing ice sheets over the last glacial cycle. Climate of the Past, 10
(4):1453-1471. https://doi.org/10.5194/cp-10-1453-2014

Sherriff-Tadano S., Abe-Ouchi A., Yoshimori M., Oka A., and Chan W.-L. (2018). Influence of glacial ice
sheets on the atlantic meridional overturning circulation through surface wind change. Climate dynam-
ics, 50:2881-2903. https://doi.org/10.1007/s00382-017-3780-0

Gowan E. J., Tregoning P., Purcell A., Lea J., Fransner O. J., Noormets R., et al. (2016). Icesheet 1.0: a
program to produce paleo-ice sheet reconstructions with minimal assumptions. Geoscientific Model
Development, 9(5):1673—-1682. https://doi.org/10.5194/gmd-9-1673-2016

Briggs R. D., Pollard D., and Tarasov L. (2014). A data-constrained large ensemble analysis of antarctic
evolution since the eemian. Quaternary Science Reviews, 103:91-115. https://doi.org/10.1016/j.
quascirev.2014.09.003

Acevedo Walter and Fallah Bijan and Reich Sebastian and Cubasch Ulrich. (2017). Assimilation of
pseudo-tree-ring-width observations into an atmospheric general circulation model. Climate of the Past,
13(5):545-557. https://doi.org/10.5194/cp-13-545-2017

Tierney J. E. and Tingley M. P. (2014). A bayesian, spatially-varying calibration model for the tex86
proxy. Geochimica et Cosmochimica Acta, 127:83-106. https://doi.org/10.1016/j.gca.2013.11.026

Brady E., Stevenson S., Bailey D., Liu Z., Noone D., Nusbaumer J., et al. (2019). The connected isoto-
pic water cycle in the community earth system model version 1. Journal of Advances in Modeling Earth
Systems, 11(8):2547—-2566. https://doi.org/10.1029/2019MS001663

Meyer V. D., Hefter J., Lohmann G., Max L., Tiedemann R., and Mollenhauer G. (2017). Summer tem-
perature evolution on the kamchatka peninsula, russian far east, during the past 20 000 years. Climate
of the Past, 13(4):359-377. https://doi.org/10.5194/cp-13-359-2017

Wang R., Kuhn G., Gong X., Biskaborn B. K., Gersonde R., Lembke-Jene L., et al. (2021). Deglacial
land-ocean linkages at the alaskan continental margin in the bering sea. Frontiers in Earth Science,
page 1172.

Delworth T. L., Zeng F., Zhang L., Zhang R., Vecchi G. A., and Yang X. (2017). The central role of
ocean dynamics in connecting the north atlantic oscillation to the extratropical component of the atlantic
multidecadal oscillation. Journal of Climate, 30(10):3789-3805. https://doi.org/10.1175/JCLI-D-16-
0358.1

Deser C., Alexander M. A., Xie S.-P., and Phillips A. S. (2010). Sea surface temperature variability: Pat-
terns and mechanisms. Annual review of marine science, 2:115-143. https://doi.org/10.1146/annurev-
marine-120408-151453 PMID: 21141660

Gong X., Lembke-Jene L., Lohmann G., Knorr G., Tiedemann R., Zou J., et al. (2019). Enhanced north
pacific deep-ocean stratification by stronger intermediate water formation during heinrich stadial 1.
Nature communications, 10(1):656. https://doi.org/10.1038/s41467-019-08606-2 PMID: 30737377

Lohmann G. and Schneider J. (1999). Dynamics and predictability of stommel’s box model. a phase-
space perspective with implications for decadal climate variability. Tellus A, 51(2):326-336. https://doi.
org/10.3402/tellusa.v51i2.12314

Ruhlemann C., Mulitza S., Lohmann G., Paul A., Prange M., and Wefer G. (2004). Intermediate depth
warming in the tropical atlantic related to weakened thermohaline circulation: Combining paleoclimate
data and modeling results for the last deglaciation. Paleoceanography, 19(1).

PLOS ONE | https://doi.org/10.1371/journal.pone.0300138  April 4, 2024 22/22


https://doi.org/10.1038/415863a
http://www.ncbi.nlm.nih.gov/pubmed/11859359
https://doi.org/10.1038/nature02494
http://www.ncbi.nlm.nih.gov/pubmed/15103371
https://doi.org/10.5194/cp-10-1453-2014
https://doi.org/10.1007/s00382-017-3780-0
https://doi.org/10.5194/gmd-9-1673-2016
https://doi.org/10.1016/j.quascirev.2014.09.003
https://doi.org/10.1016/j.quascirev.2014.09.003
https://doi.org/10.5194/cp-13-545-2017
https://doi.org/10.1016/j.gca.2013.11.026
https://doi.org/10.1029/2019MS001663
https://doi.org/10.5194/cp-13-359-2017
https://doi.org/10.1175/JCLI-D-16-0358.1
https://doi.org/10.1175/JCLI-D-16-0358.1
https://doi.org/10.1146/annurev-marine-120408-151453
https://doi.org/10.1146/annurev-marine-120408-151453
http://www.ncbi.nlm.nih.gov/pubmed/21141660
https://doi.org/10.1038/s41467-019-08606-2
http://www.ncbi.nlm.nih.gov/pubmed/30737377
https://doi.org/10.3402/tellusa.v51i2.12314
https://doi.org/10.3402/tellusa.v51i2.12314
https://doi.org/10.1371/journal.pone.0300138

