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Abstract.

We present a new paleo reanalysis (https://zenodo.org/records/19660743; Dalaiden, 2026) based on an adaptation of the
Norwegian Climate Prediction Model (NorCPM), in which the Norwegian Earth System Model is equipped with an Ensemble
Kalman Filter to assimilate hundreds of annually resolved proxy records, including tree rings, corals, and ice cores, over the
last 500 years. First, an offline 30-member reanalysis is produced. This is followed by a dynamically coupled 10-member
reanalysis obtained through atmospheric wind nudging from the offline reconstruction, allowing the ocean to respond to recon-
structed atmospheric circulation variability. This approach enables an explicit representation of ocean dynamics and associated
atmosphere-ocean feedback, which are typically indirectly represented in existing multi-century reanalyses. The offline reanal-
ysis successfully reproduces large-scale atmospheric variability and hydroclimate variability over the 20th century across the
tropics, mid-latitudes, and polar regions, and compares well with existing paleo reconstructions. The wind-nudged ensemble
further captures ocean variability and exhibits more pronounced multi-decadal variability, highlighting the role of wind-driven
ocean adjustment in shaping low-frequency climate variability. Challenges remain, particularly in the Southern Ocean where
the wind-nudged ensemble shows strong sensitivity to wind variability. Nevertheless, these results demonstrate a promising
pathway toward fully coupled ocean-atmosphere reanalyses spanning the past centuries, opening new opportunities to investi-

gate the mechanisms underlying low-frequency variability and coupled feedback.

1 Introduction

Providing information on past climate variability is essential to place the observed climate changes over the past few decades
into a longer-term context (e.g., Mann et al., 2008; Thorne et al., 2026), and to better understand their underlying physical
drivers. Climate reconstructions enable quantitative assessment of the relative contributions of internal variability (arising
from natural fluctuations of the climate system) and externally forced variability (driven by factors such as volcanic eruptions
and anthropogenic greenhouse gas emissions) to observed climate changes. For instance, global mean surface temperature
since the 20" century has been characterized by a long-term anthropogenic warming trend, superimposed with pronounced
multi-decadal variability (e.g., Kosaka and Xie, 2013; England et al., 2014; Dai et al., 2015). These low-frequency fluctuations

primarily reflect internal climate variability, particularly associated with changes in the state of the Pacific and Atlantic Oceans.
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Depending on its phase, this internal variability can either amplify or temporarily offset the anthropogenic warming signal. A
prominent example is the early 21% century warming hiatus, which has been linked to anomalously cool conditions in the
tropical Pacific Ocean (e.g., England et al., 2014; Dai et al., 2015). Owing to the large thermal inertia of the ocean, such
anomalies can persist for years to decades, exerting substantial influence on global and regional climate (e.g., Henley, 2017),
including hydroclimate extremes such as the 2019-2020 Australian bushfires (Abram et al., 2021). A robust estimation of
internal variability is also critical for accurately attributing observed climate changes to external forcing by quantifying the
contribution of unforced variability (Hegerl and Zwiers, 2011). Understanding internal variability is therefore essential not
only for interpreting past climate fluctuations, but also for future climate projections. Even under strong anthropogenic forcing
expected over the coming decades, internal variability can substantially influence the trajectory of climate change on decadal
to multi-decadal timescales, particularly at regional scales (e.g., Deser et al., 2020; Lehner and Deser, 2023; Fischer et al.,
2018). However, the instrumental record remains too short to adequately characterize low-frequency internal variability and its
underlying mechanisms.

To extend the observational record of climate variability, information about past climate changes relies on indirect evidence,
more specifically paleoclimate records. Over the past centuries, a wide range of such records are available from various natural
archives, including tree rings (the most common), ice cores, corals, and sediment cores, among others (Emile-Geay et al.,
2017). These archives record environmental conditions at the time of formation through measurable proxy variables (e.g., tree-
ring width). Thanks to major efforts from the paleoclimate community, particularly through the Past Global Changes (PAGES)
activities, several thousand of paleoclimate records have been compiled and organized into publicly available databases (Emile-
Geay et al., 2017; Walter et al., 2023; Thomas et al., 2017; Konecky et al., 2020; Breitenmoser et al., 2014). Given the large
number of available records, these databases provide a key opportunity to investigate low-frequency internal climate variability.
However, paleoclimate records provide information only at specific locations and are typically sensitive to specific climate vari-
ables. Historically, Climate Field Reconstructions (CFRs) have been developed using statistical methods to spatially propagate
the local information contained in proxy records (e.g., Mann et al., 2008). More recently, data assimilation (DA) frameworks
have been used. DA estimate the state of a dynamical model based on observations and statistical information, and was orig-
inally developed for numerical weather prediction (e.g., Kalnay, 2003) and have been adapted for paleoclimate applications
(e.g., Goosse et al., 2009; Hakim et al., 2016). Paleo Data Assimilation (PDA) combines the information from proxy records
with the physical constraints provided by Earth System Models (ESMs), producing spatially complete, multivariate, and dy-
namically consistent reconstructions of past climate variability (e.g., Hakim et al., 2016; Valler et al., 2024).

In the standard DA framework, the climate model is integrated forward in time to provide a forecast, which serves as the
initial estimate (called the prior) of the climate system at the next time step. However, for paleoclimate applications, integrating
a fully coupled climate model over the period of interest (e.g., several centuries) is computationally prohibitive with a state-
of-the-art ESM. As a result, and because the forecast step may provide limited additional constraint, most paleoclimate DA
studies rely on pre-existing model simulations to construct the prior (e.g., Hakim et al., 2016; Steiger et al., 2018; Valler et al.,
2024). In these so-called offline DA frameworks, the prior is sampled from ensembles of simulations. Efforts have been made

to improve the realism of the prior by using ensembles of simulations forced with transient external forcing (Valler et al., 2024).
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However, the reanalysis from Valler et al. (2024) employs a prior derived from atmosphere-only simulations, which therefore
do not represent coupled ocean-atmosphere interactions. To address this limitation, Perkins and Hakim (2017) introduced a
coupled PDA framework incorporating a Linear Inverse Model (LIM) to approximate the linear impact of ocean inertia on
climate variability. Although the LIM provides a computationally efficient representation of ocean memory, it remains a linear
approximation trained on General Circulation Model simulations, which limits its ability to fully represent nonlinear ocean
processes. More recently, Dalaiden et al. (2025) reconstructed ocean variability using a global ocean—sea-ice model forced by
a paleo-based atmospheric reanalysis. While this approach allows the ocean to dynamically respond to atmospheric variability,
it does not include two-way coupling between the ocean and atmosphere, and therefore omits coupled feedback processes.
The main objective of this work is to establish the foundation for a fully dynamical, coupled ocean—atmosphere reanalysis
spanning the past centuries. To this end, we extend the Norwegian Climate Prediction Model (NorCPM) (Counillon et al., 2016;
Bethke et al., 2021) to enable the assimilation of paleoclimate records. NorCPM combines the Norwegian Earth System Model
version 1 (NorESM1) (Bentsen et al., 2013; Tjiputra et al., 2013) with an Ensemble Kalman Filter (EnKF) (Evensen, 2003),
and was originally developed for climate reconstruction and prediction using instrumental observations. Here, we present a
new offline paleo reanalysis (hereafter paleo-NorCPM1 offline) based on a state-of-the-art DA framework, using a 30-member
ensemble forced with transient external forcing and an extensive proxy database spanning the past five centuries. This approach
leverages a fully coupled Earth System Model prior, allowing consistent representation of atmosphere—ocean interactions. As a
step toward a fully coupled paleo reanalysis, we further perform wind-nudged NorESM simulations (hereafter paleo-NorCPM1
wind nudging), in which the reconstructed atmospheric circulation from the offline product (i.e., paleo-NorCPM1 offline) is
used to constrain the model through atmospheric nudging, thereby enabling a dynamically consistent reconstruction of the full
climate system over the past centuries, including ocean variability. The NorCPM framework, proxy database, and the offline
reconstruction methodology are described in Sect. 2, and the wind-nudging framework in Sect. 3. The resulting reanalyses are

evaluated against independent observational datasets and compared with existing paleoclimate reanalyses in Sect. 4.

2 Norwegian Climate Prediction Model

The Norwegian Climate Prediction Model (NorCPM) was originally developed for climate reconstruction using instrumental
oceanic observations (e.g., Counillon et al., 2016; Wang et al., 2017), as well as for seasonal and decadal climate predictions
(e.g., Wang et al., 2019). More specifically, NorCPM combines the Norwegian Earth System Model (NorESM) with an En-
semble Kalman Filter (EnKF; Evensen, 2003) to incorporate observational information into the model state. In this section,
we describe the main components of NorCPM, the paleoclimate proxy database used in this study, and the specific adaptations

implemented into NorCPM to enable the assimilation of paleoclimate records.
2.1 Ensemble Kalman Filter

The fundamental objective of data assimilation is to update the initial state of a system using available observations in an

optimal way, accounting for uncertainties in both the initial state and the observations (e.g., Carrassi et al., 2018). In climate
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applications, the initial state is represented by an ensemble of climate model simulations, while the observations may come
from diverse sources, such as near-surface air temperature from weather stations. The data assimilation method implemented

in NorCPM is based on the EnKF (e.g., Kalnay, 2003; Evensen, 2003) and can be written as:

X*=X"+K[D-H(X")], (1)

where X? is the initial estimate of the system state, called the prior, and X is the updated estimate (the posterior, often referred
to as the reanalysis). The matrix D contains the observations assimilated at a given analysis step.

During the assimilation process, the prior (i.e., X?) is compared with the observations (i.e., D). For this model-observation
comparison, the prior X° is mapped into observation space using H, the observational operator. In straightforward cases, H
simply extracts the model value at the appropriate geographic location. In paleoclimate applications, H corresponds to a Proxy
System Model (PSM) (Evans et al., 2013), which simulates the proxy quantity being assimilated (e.g., tree-ring width) from
standard climate variables such as temperature. Further details on the PSMs are provided in Section 2.4. The difference between
D and H(X?") is the innovation. Large innovations generally lead to larger updates of the prior, depending on K. In Eq. (1),

the analysis is thus a linear combination of the prior and the innovation, weighted by the Kalman gain K, defined as:

K=PH"HPH? +R)". Q)

The matrix P is the covariance matrix of X°. P plays a pivotal role in the final reanalysis as it governs how information from
each assimilated observation is propagated spatially and across variables, through both spatial and multivariate covariances
computed from the prior ensemble. The matrix R represents the observational error covariance matrix. In this study it is
specified as diagonal, implying that observational errors are assumed independent between observations. The estimation of R
is described in Section 2.4.

We employ the deterministic Ensemble Kalman Filter (DEnKF) of Sakov and Oke (2008), which updates the ensemble
mean and the ensemble anomaly (i.e., anomalies relative to the ensemble mean) separately and avoids the need to perturb the
observations (Whitaker and Hamill, 2002; Sakov and Oke, 2008). More specifically, the algorithm first solves Eq. (3) for the

ensemble mean as follows:

W:ﬁ+K{D—H(ﬁ)]. 3)

Eq. (3) minimizes the distance between the ensemble mean and observations, while accounting for observational error. In a

second step, the ensemble anomalies are updated as follows:

’ ’ 1 ’
Xa:Xb—§KH(X 9, “4)
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where ’ indicate departures from the ensemble mean (e.g., X'e =X - Xa),

Given the high degree of freedom of the climate system and the sampling error inherent to a finite ensemble size, NorCPM
employs two main mitigation strategies. The first addresses the well-known issue of ensemble collapse (i.e., reduction of the
ensemble spread). Instead of applying a traditional inflation factor (Anderson, 2001), NorCPM uses a moderation approach: the
observational error is increased by a factor of two (Eq. 4). This adjustment affects only the update of the ensemble anomalies,
not the estimation of the ensemble mean, thereby preserving sufficient ensemble variance while still providing the optimal
estimate of the mean state (Sakov et al., 2012). The second strategy is a pre-screening of observations associated with large
innovations. When an observation deviates substantially from the ensemble, the observational error for this specific observation
is increased such that the innovation falls within two standard deviations of the ensemble. This preserves the information
provided by the observation while preventing it from exerting an impact on the analysis that is inconsistent with the physical
constraints from the climate model, thereby maintaining the overall physical consistency of the system.

This is the operational scheme in NorCPM and has been extensively tested and validated (Sakov et al., 2012; Counillon
et al., 2016; Bethke et al., 2021; Wang et al., 2025). Further details on the DEnKF are provided in Sakov and Oke (2008), and
the specific NorCPM implementation is described in Counillon et al. (2014). For readability, we use the acronym EnKF to refer

to the DEnKF throughout the manuscript.
2.1.1 Offline approach

In this study, we use an offline, or no-cycling, data assimilation approach, in which the assimilation increment (i.e., the differ-
ence between X” and X?) is not used to update the prior for the following assimilation step. In other words, X! is not taken
as X¢_;. This approach is widely used in paleo data assimilation (e.g., Hakim et al., 2016; Steiger and Hakim, 2016; Dalaiden
et al., 2023; Valler et al., 2024; Hu et al., 2025). The rationale lies from the temporal resolution and representativeness of the
assimilated records. Most proxies used in this study are annual and primarily reflect atmospheric and surface processes (see
Section 2.3). Because the atmosphere has a weaker temporal memory than one year, the benefit of a fully "online" sequential
approach is limited, as demonstrated by previous studies (Matsikaris et al., 2015; Okazaki et al., 2021). Therefore, by employ-
ing an offline approach based on a fixed prior, the temporal variability is entirely constrained by the observations incorporated
in the data assimilation system.

A major advantage of the offline method is its substantial computational efficiency: the Earth System Model (ESM) does
not need to be integrated forward until the next analysis step. Instead, the key requirement for a successful reanalysis is to
build a prior that is as informative as possible about the target climate state. Paleo data assimilation studies typically achieve
this by drawing priors from long ESM simulations spanning the past several centuries, using seasonal or annual means as
the prior ensemble (e.g., Hakim et al., 2016; Steiger and Hakim, 2016; Dalaiden et al., 2023; Valler et al., 2024; Hu et al.,
2025). However, during periods with limited proxy availability (i.e., low innovation), this strategy may provide only modest
additional constraint, so that the reanalysis remains close to the prior. To partly address this, we construct the prior using a 30-
member ensemble of NorESM simulations in which all members share identical external forcing but differ in initial conditions

(see Section 2.2 for experimental details). For each reconstructed year, the prior consists of the 30 ensemble members for
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that specific year, ensuring consistent forcing across the ensemble. Within our framework, in years with zero innovation, the
reanalysis is identical to the prior. This provides a more informative estimate than using annual means from a long control
simulation, because it retains the externally forced signal specific to that year. This is especially important for periods with
strong external perturbations but sparse observational coverage, for example, years following major volcanic eruptions where

limited observations cannot constrain the climate response, but the ESM can supply the missing forced component.
2.1.2 Hybridization of the covariance matrix

Using a 30-member ensemble is insufficient to reliably estimate the covariance matrix P, making the reanalysis prone to the
sampling error (e.g., Anderson and Collins, 2007). To further mitigate this issue in our study, we adopt a hybrid version of the
EnKF in which P is constructed from a combination of a dynamical covariance matrix (P?), estimated from the 30-member
ensemble, and a static covariance matrix (P?), derived from a long climatological simulation (e.g., Counillon et al., 2009;
Barthélémy et al., 2024; Valler et al., 2024). Therefore, the static covariances are not used to form the prior but only to infer

updates resulting from the observations. As such, P (Eq. 2) is estimated by a linear combination of P and P*:

P=3P%+(1-3)P?, ®)

where (3 € [0,1]. In this study, P* is estimated from a 300-year preindustrial control simulation, as in Barthélémy et al. (2024).

Here, the parameter (3 is a scalar. To determine the optimal value, we performed 20 DA experiments in which 3 varied from
0 to 1 in increments of 0.05, assimilating all available paleoclimate observations over the period 1950-2000. A value of § =1
corresponds to only relying on the dynamical covariance matrix for weighting the innovation, whereas 8 = 0 relies exclusively
on the static covariance matrix. For each experiment, we evaluated the skill of the resulting reanalysis against observational
datasets and selected the value of 3 that minimized the root mean square error (RMSE) of sea surface temperature (SST),
continental near-surface air temperature, and 500-hPa geopotential height. ERSSTv5 (Huang et al., 2017) was used as the
reference for SST, while ERA5 (Hersbach et al., 2020) served as the reference for near-surface air temperature and 500-hPa
geopotential height. For ocean grid points covered by sea ice (defined as a concentration exceeding 15%), ERAS near-surface
air temperature was used instead of SST.

We obtain an optimal value of 5 = 0.14, indicating that the innovation is weighted predominantly by the static covariance
matrix rather than the dynamical covariance. This result highlights the importance of the ensemble size. It is important to
note, however, that the optimal value of 3 strongly depends on the specific DA configuration: the dynamical ensemble size, the
characteristics of the assimilated observations, and the assimilation frequency. In our case, because most assimilated records are
continental proxies with annual resolution (see Section 2.3), a larger contribution from the static covariance matrix is expected,
since the long climatological simulation provides a more robust estimate of the covariance structures than can be obtained
from the dynamical 30-member ensemble. Moreover, the weak interannual persistence of annually resolved continental proxies

limits the added value of flow-dependent covariances.
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2.1.3 Localization cut-off of the covariance matrix

The covariance matrix P is a pivotal component of DA because it governs how information from assimilated observations is
propagated across space and between variables. However, P is estimated from a finite ensemble (and that even with hybrid
covariance), which makes it prone to sampling error and the emergence of spurious long-range covariances. These artificial
covariances can introduce substantial biases in the final reanalysis, particularly in regions with sparse observational coverage,
where data assimilation increments may be dominated by spurious remote covariances. To mitigate this issue, we apply local-
ization within a local analysis framework, which restricts the update at each model grid point to observations located within
a prescribed radius of influence (Evensen, 2003). In this study, we use the Gaspari and Cohn function (Gaspari and Cohn,
1999) to impose a smooth spatial tapering. The Gaspari and Cohn function generates Gaussian weights that decrease to zero
at the cut-off radius. As a result, the EnKF restricts the influence of each observation to a defined spatial domain (i.e., a local
analysis).

Similar to the hybrid approach described in Section 2.1.2, covariance localization reduces errors arising from the limited
number of ensemble members. In an idealized setting with a very large ensemble (e.g., more than 10,000 members), Miyoshi
et al. (2014) showed that localization may no longer be necessary in a data assimilation framework using an intermediate
Atmospheric General Circulation Model. However, producing such a large ensemble is unpractical using a fully coupled ESM,
especially over multi-century timescale considered here (compared with the three-week experiment of Miyoshi et al. (2014)).

The choice of localization radius depends on several factors, including the density and temporal evolution of the observa-
tional network, the physical decorrelation scales of the assimilated variables, the assimilation time step, the ensemble size, and
the nature of the prior. Paleo DA studies typically employ cut-off distances between 12,000 and 25,000 km (e.g., Tardif et al.,
2019; Osman et al., 2021). Using a too small radius can generate discontinuities in the reanalysis field, a particular concern for
paleo reanalyses where the observational network is sparse and unevenly distributed in space. Conversely, a too large radius
can lead to unrealistic signal. Based on a series of sensitivity tests, we adopt a cut-off distance of 15,000 km for both P¢ and

Pe.
2.2 Norwegian Earth System Model version 1

In this study, we use the medium-resolution configuration of the Norwegian Earth System Model, NorESM1-ME (Bentsen
et al., 2013; Tjiputra et al., 2013). NorESM1 is a CMIP-class Earth System Model and has participated in CMIP since phase
5. It is built upon the Community Earth System Model version 1 (CESM1) (Hurrell et al., 2013), but includes several key
modifications. The atmospheric component of NorESM1 is based on the Community Atmosphere Model version 4 (CAM4)
(Neale et al., 2010), with adjustments including a fully prognostic treatment of the aerosol life cycle and a representation
of aerosol-cloud interactions (Kirkevag et al., 2013). The ocean component is an updated version of the Miami Isopycnic
Coordinate Ocean Model, namely the Bergen Layered Ocean Model (BLOM) (Bentsen et al., 2013). Other model components
follow those used in CESM1: the Los Alamos Sea Ice Model version 4 (CICE4) (Holland et al., 2012) for sea ice, and the
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Community Land Model version 4 (CLM4) (Lawrence et al., 2011) for land processes. A detailed description of NorESM1 is
provided in Bentsen et al. (2013).

NorESM1-ME is run at approximately 2° horizontal resolution (latitude: 1.9°; longitude: 2.5°) for both the atmospheric and
land components. CAM4 uses 26 vertical hybrid-sigma levels, with the model top at 3 hPa. The ocean and sea-ice components
employ a nominal 1° horizontal resolution. BLOM uses 51 vertical isopycnal layers in combination with a two-layer bulk

mixed layer formulation with varying mixed layer depth and density.
2.2.1 Experimental design of NorESM1 simulations

For this study, we first generate a 30-member ensemble for the period 1500-1860 based on transient external forcing (see
Section 2.2.2 for details). After 1850, we make use of the already existing historical 30-member ensemble spanning the 1850-
2100 period from Bethke et al. (2021), which uses the same model version. The 10-year overlap between the two ensembles
allows us to match any potential inconsistencies by aligning their ensemble means. As for the initial conditions in 1500, we
initialize each member from different years of a 1153-year NorESM1-ME preindustrial control simulation. Specifically, initial
conditions are taken from the final 150 years of the simulation at five-year intervals, providing 30 distinct and dynamically
consistent initial conditions. This procedure perturbs not only the atmosphere but also the full ocean, thereby ensuring sufficient

ensemble spread in the fully coupled climate system.
2.2.2 External forcing datasets

The external forcing over the period 1500-2010 combines datasets following both the PMIP and CMIP protocols. For the
pre-1850 period, volcanic forcing is taken from Gao et al. (2008), who reconstructed volcanic aerosol loadings using 54 ice-
core records from Greenland and Antarctica. From 1850 onward, we use the standard CMIP6 volcanic forcing dataset (Revell
et al., 2017; Thomason et al., 2018). Solar forcing is similarly merged from two sources. Before 1850, total solar irradiance
variations are taken from the Spectral And Total Irradiance REconstruction (SATIRE) dataset (Vieira et al., 2011), including
an imposed 11-year sunspot cycle. For the historical period, solar forcing is from the CMIP6 forcing dataset (Matthes et al.,
2017). Greenhouse gas concentrations follow the PMIP3 (Schmidt et al., 2012) and CMIP6 protocols (Meinshausen et al.,
2017). For all the forcing datasets, we note that the pre-historical and historical datasets show negligible differences over their
overlap period (1850-2000). Orbital forcing is prescribed according to the calculations of Berger (1978). For the historical
period, aerosol emissions are also prescribed using the CMIP6 forcing (Meinshausen et al., 2017; Hegglin et al., 2016). From
2015, the Shared Socioeconomic Pathway 2.5-4 (SSP2-4.5) is used as forcing.

Over the past 500 years, volcanic activity has exhibited strong variability (Figure S1), with several major eruptions prior to
the 20th century, notably the 1815 Tambora eruption, and more recently the 1991 Mount Pinatubo eruption. Solar forcing has
also displayed substantial changes (Figure S2), including a prolonged period of reduced solar activity from the mid-17th to
early-18th century (known as the Maunder Minimum), followed by a general increase toward present-day levels. Greenhouse
gas concentrations remained relatively stable until the 19th century (Figure S3), after which they began to markedly rise, most

prominently during the 20" century.



250

255

260

265

270

Earth System
Science

Data

https://doi.org/10.5194/essd-2026-433
Preprint. Discussion started: 17 August 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

2.3 Paleoclimate observations

Since our objective is to reconstruct climate variability over the past several centuries, we restrict our observational database to
paleoclimate records. This choice ensures long temporal coverage and avoids potential artifacts in the reconstruction that may
arise from mixing instrumental and proxy observations, including for instance a jump in the data availability. We consider only
sub-annual and annual records. Sub-annual records (some coral records) are averaged to annual resolution to ensure consistency
across all records.

Most of the records used here originate from major international community efforts, particularly the Past Global Changes
(PAGES) working groups, which have compiled climate proxies spanning the last millennium. The latest PAGES2k database
(Emile-Geay et al., 2017) provides the largest collection of multi-archive records covering the past 2,000 years validated by
experts. Although this database includes numerous proxy types from a wide range of archives, we limit our selection to tree
rings (width [TRW] and mixed latewood density [MXD]), ice cores (§ 180, 2H, snow accumulation and sea salt content), and
corals (6'80 and Sr/Ca), owing to their well-established physical and statistical relationships with climate. These three archives
represent approximately 98% of available records in the latest PAGES2k database. However, because the PAGES2k database
was released in 2017, many recently published records are not included. We therefore supplement this database with additional
databases.

For coral records, we incorporate the CoralHydro2k database (Walter et al., 2023), which provides a compilation of coral
records spanning the last two millennia ('O and the ratio of Strontium and Calcium [Sr/Ca] from the coral skeleton). For
ice-core records, we leverage from several additional sources to address gaps in PAGES2k. First, we use the Iso2k database
(Konecky et al., 2020), from which we retain only ice-core isotope records (§'80 and 2H). We further include Antarctic and
Greenland snow-accumulation records (Thomas et al., 2017; Medley et al., 2018; Box et al., 2013) as well as the recently
published Clivash2k database of sea-salt concentrations in Antarctic ice cores (Thomas et al., 2022). Finally, to expand the
tree-ring width archive, we also add the large compilation of tree-ring width time-series from Breitenmoser et al. (2014), who
synthesized all the chronologies from the International Tree Ring Data Bank (ITRDB). Detailed information for all record

types are provided in Table 1.
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6'80 coral records

Sr/Ca coral records

PAGES2k tree-ring width tree records
PAGES2k mixed latewood density tree
records

Breitenmoser tree-ring width tree records
5'80 ice-core records

’H ice-core records

Antarctic snow accumulation ice-core
records

Greenland snow accumulation ice-core
records

Antarctic sea salt ice-core records

coral
coral
tree

tree

tree

ice core

ice core

ice core

ice core

ice core

5180

Sr/Ca
TRW
MXD

TRW
5180

’H

SNoOwW accumulation

snow accumulation

sea salt (Nat)

CoralHydro2k (Walter et al., 2023)
CoralHydro2k (Walter et al., 2023)
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Figure 1. Geographical locations of all paleo records along with the temporal availability for the different types of records.

In total, our observational database comprises more than 3,000 records (Figure 1). The number of available records increases
gradually through time, with the highest coverage occurring in the late 20" century. The observational network is dominated by
continental proxies, primarily tree-ring width records, reflecting the substantial contribution from Breitenmoser et al. (2014).
In contrast, oceanic information is limited to coral records, which represent the only proxy type providing direct historical
information for the ocean. Spatial coverage is uneven. Several regions, in particular the African continent and the extratropical
oceans, remain sparsely sampled. Furthermore, despite the large number of Antarctic ice-core records, the Southern Hemi-

sphere as a whole is under-represented.
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2.4 Proxy System Models

The Proxy System Model (PSM) serves as the forward operator (H in Eq. (2)) that maps climate variables from the ESM out-
puts (i.e., the prior) onto the observational proxy space. Following the definition of Evans et al. (2013), a PSM represents "the
complete set of processes by which the response of a sensor (e.g., a tree) to environmental forcing is recorded and observed in
a material archive (e.g., a tree ring) as a measurable variable (e.g., tree-ring width)." Historically, paleoclimate studies relied
on inverse modeling (e.g., Mann et al., 2008), translating proxy observations into climate variables. With the emerging devel-
opment of process-based PSMs (e.g., Evans et al., 2013; Dee et al., 2015), which explicitly simulate the physical, biological
and chemical processes governing proxy recording, forward modeling has become the standard, as it provides a natural and
flexible framework for integrating diverse proxy types into DA systems.

In theory, process-based PSMs are ideal for mapping the prior onto proxy space because, by explicitly resolving the pro-
cesses leading to the proxy archiving, these PSMs explicitly encode the associated environmental conditions to the proxy
archiving. However, these PSMs often involve a high degree of freedom, making calibration challenging (e.g., Rezsohazy
et al., 2022). Their complexity requires extensive observational constraints, which are rarely available for most proxy types
and locations. This strongly limits global applications. For these reasons, and consistent with many paleoclimate DA studies
(e.g., Hakim et al., 2016; Steiger et al., 2017; Valler et al., 2024; Dalaiden et al., 2025), we adopt simple statistical PSMs in
paleo-NorCPM1, specifically linear uni- or bivariate models. In these models, the proxy value is simulated using one or two ex-
planatory climate variables. Besides being easier to calibrate over process-based PSMs, these simple PSMs offer considerable
practical advantages, including straightforward implementation across all the paleoclimate archives and types. Nevertheless, a
limitation of this approach is that simple statistical PSMs do not explicitly represent all processes involved in proxy recording.
Consequently, by using such simple PSMs, we do not fully exploit the information from proxy observations.

For each assimilated proxy time-series, the following linear uni- or bivarite models are considered:

yi = o + Bri X1 + & (6)
Yi = o + B X1i + BoiXoi + € @)

where ¢ corresponds the ith proxy time-series and y; denotes the simulated time series for proxy ¢. The term «; is the intercept,
while (1; and Bs; are the linear coefficients (i.e., slopes) associated with the explanatory variables X7; and X5;, respectively.
The term ¢; represents Gaussian noise with zero mean and unit variance. The parameters «;, $1; and f2; are estimated using
ordinary least squares.

The definitions of the PSMs, together with their explanatory variables and calibration datasets for each proxy type, are

summarized in Table 2.
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Table 2. Information regarding the Proxy System Models.

Paleo records PSMs Calibration datasets Calibration period  Min. length
Ice core

5180, 2H (AIS) f(tas) Bromwich et al. (2024) 1958- 21

5180, 2H (GrIS) f(tas) ERAS5 (Hersbach et al., 2020) 1950— 21

Snow accumulation (AIS)  f(prcp) ERAS (Hersbach et al., 2020) 1979-

Snow accumulation (GrIS)  f(prcp) ERAS (Hersbach et al., 2020) 1958

Sea salt f(slp) Dalaiden et al. (2025) 1958 21
Tree

TRW, MXD f(tasg,preps)  ERAS (Hersbach et al., 2020) 1950- 21
Coral

5180 f(sst,sss) NorCPM1 (Bethke et al., 2021) 1950 21

Sr/Ca f(sst) NorCPMI1 (Bethke et al., 2021)  1950— 21

sst: sea surface temperature, sss: sea surface salinity, tas: near-surface air temperature, prcp: precipitation, slp: sea-level pres-

sure, ¢ denotes seasonal mean (detailed in Section 2.4.2).

The PSMs are calibrated over the second half of the 20™ century, when instrumental observations are most reliable and
spatially complete. Consequently, restricting the calibration to this period minimizes biases associated with data sparsity and
inhomogeneities and ensures that the statistical relationships between proxies and climate variables are derived from high-

quality climate datasets.
2.4.1 Ice-core records

For ice-core water isotope records (i.e., § 180 and 2H) records, we assume that the isotopic signal reflects annual-mean local
near-surface air temperature variability, following the well-established isotope—temperature relationship (e.g., Jouzel et al.,
1997). For records located on the Greenland Ice Sheet, ERAS is used for calibration, as it provides a realistic representation of
surface processes from 1950 onward when compared with state-of-the-art polar regional atmospheric models (Delhasse et al.,
2020). For Antarctic ice cores, we instead employ the recently published dataset of Bromwich et al. (2024), because ERAS
exhibits a cold bias over Antarctica prior to 1979. The Bromwich et al. (2024) dataset is based on a kriging approach that
interpolates surface temperature across the ice sheet using long-term weather-station observations available from 1958 (Turner
et al., 2004).

Ice-core snow-accumulation records are calibrated against local precipitation. ERAS precipitation is used for Greenland
from 1958 onward, while for Antarctica the calibration period is restricted to 1979 onward due to the pre-1979 cold bias in
ERAS Bromwich et al. (2024). Although precipitation in ERAS is not directly assimilated but generated by the model physics

(Hersbach et al., 2020), it is constrained indirectly by the assimilation of atmospheric temperature, humidity, and circulation-
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related fields. It therefore provides one of the most spatially consistent large-scale precipitation products available over the ice
sheets, where in situ observations are sparse (Gossart et al., 2019; Delhasse et al., 2020). Because snow-accumulation records
are directly compared with precipitation, the minimum length required for calibration is relaxed to nine data points, following
Medley and Thomas (2018). For both water isotope and snow-accumulation records, proxies are excluded when the sign of
the relationship with the explanatory variable is inconsistent with physical expectations. This screening strategy has also been
adopted in previous paleoclimate reconstructions (e.g., Emile-Geay et al., 2017; Hakim et al., 2016; Valler et al., 2024). A
specific PSM is calibrated for each ice-core records, depending on the local climatic inputs.

Finally, for sea-salt records, we employ the PSM based on the relationship with the large-scale atmospheric circulation
developed by Dalaiden et al. (2023), using the surrounding, offshore sea-level pressure as the explanatory variable. Calibration
relies on the recent atmospheric reanalysis of Dalaiden et al. (2025), which is constrained by long-term surface temperature and
atmospheric pressure observations available from 1958 (Turner et al., 2004). This approach extends the calibration period by
21 years compared with what is possible using ERAS5 alone as ERAS does not provide accurate variability in the high-latitude

Southern Hemisphere regions before 1979 (Bromwich et al., 2024; Dalaiden and Bethke, 2026).
2.4.2 Tree records

For tree-ring records, the PSMs are based on local near-surface temperature and precipitation. We tested multiple combinations
of explanatory variables for both tree-ring width and wood-density records, exploring a range of seasonal averages to identify
the most appropriate PSM for each tree chronology. Tree-ring records may preferentially reflect temperature, precipitation, or
a combination of both, and their sensitivity depends on specific seasons, such as the growing season or summer conditions. For
that reason, temperature and precipitation were averaged over several seasonal windows and tested within uni- and bivariate
linear models. For Northern Hemisphere records, the tested seasons include AMJJAS (April to September), JJA (June to
August), JAS (July to September), AMIJA (April to August), and JJASON (June to November), while for Southern Hemisphere
records the tested seasons are ONDJFM (October to March), DJF (December to February), JEM (January to March), SONDJF
(September to February), and DIFMAM (December to May). All possible combinations of explanatory variables and seasonal
windows were evaluated. The optimal PSM for each record was selected using the Bayesian Information Criterion (BIC),
which penalizes model complexity (Schwarz, 1978); the PSM with the lowest BIC was retained. Therefore, like for ice-core
records, for each tree-ring records, a specific PSM is built.

ERAS was used as the calibration dataset to ensure dynamical consistency between temperature and precipitation fields.
Sensitivity tests using the Global Meteorological Forcing Dataset for land surface modeling (Sheffield et al., 2006) yielded
broadly similar but slightly inferior PSM performance. Additionally, some previous studies have instead relied on drought
indices to represent moisture availability in tree-based PSMs (e.g., Steiger et al., 2018). Accordingly, we tested replacing
precipitation with the Standardized Precipitation—Evapotranspiration Index (SPEI). However, PSMs based on SPEI exhibited
no substantial improvement regarding the skill of the reanalysis. Therefore, precipitation was retained as the indicator of

moisture availability in the final PSM configuration.
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2.4.3 Coral records

The coral proxies used in this study are §'80 and Sr/Ca. Coral §'30 reflects variations in both sea surface temperature (SST)
and sea surface salinity (SSS) (Epstein et al., 1953; Thompson et al., 2011; Conroy et al., 2017), whereas Sr/Ca primarily
records SST variability (Beck et al., 1992). Accordingly, both SST and SSS are used as explanatory variables in the PSMs for
coral 5'80 records, while only SST is employed for Sr/Ca records.

Like the other proxy types, records are excluded from the assimilation system when the sign of the relationship between
the proxy and the explanatory variables is inconsistent with the theory (i.e., a negative slope with SST and a positive slope
with SSS for §'80). Coral PSMs are calibrated using the oceanic reanalysis NorCPM1 (Bethke et al., 2021), which is based
on the Norwegian Climate Prediction Model and assimilates gridded SST from HadSST2 (Rayner et al., 2003) along with
subsurface temperature profiles (Good et al., 2013). Because NorCPM1 is built upon NorESM1, this choice ensures dynamical
consistency with the paleo reanalysis framework used in this study.

The coral PSMs (specific to each records) are built using annual means defined over the tropical year (April-March). Al-
though some records from CoralHydro2k have sub-annual resolution, all coral records are averaged to annual resolution to

ensure consistency across the full proxy database.
2.5 Observational error

The observational error (R in Eq. 2) plays a central role in the reanalysis, as it determines the extent to which each proxy record
influences the update of the prior. In paleo data assimilation, the observational error is commonly assumed to arise primarily
from two sources (Badgeley et al., 2020; Dalaiden et al., 2022): (i) unresolved processes in the climate model due to the coarse
spatial resolution, and missing physical processes in the climate model; and (ii) errors associated with the PSMs, which do
not explicitly represent all processes involved in proxy archiving. Following previous DA-based reconstructions (Tardif et al.,
2019; Valler et al., 2024), we define the observational error as the variance of the residuals from the linear PSMs. Because
all climate variables are bi-linearly interpolated onto the CAM grid prior to PSM calibration, representativeness errors are
implicitly accounted for.

To improve the robustness of the observational error estimate, we apply a Monte Carlo approach during PSM calibration. For
each proxy record, 1,000 realizations are generated by randomly selecting 80% of the available data for calibration and using
the remaining 20% to estimate the residual error. The mean error variance across the 1,000 realizations is retained as the final
observational error. Compared to estimates based on the full calibration period alone, this procedure increases the standard
deviation of the residuals by approximately 20%, reflecting the additional uncertainty associated with limited calibration data.
This approach, using a split between calibration and validation periods for error estimation while retaining the full dataset to
calibrate the regression coefficients, provides a balanced compromise given the relatively short overlap between proxy records

and the available calibration datasets.
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2.6 Data assimilation experimental design

The offline paleo reanalysis spans the period 1501-2000, at monthly resolution. The assimilation window corresponds to
the April-March tropical year, in order to preserve Pacific tropical variability, which represents the major driver of global
internal climate variability (e.g., Allan, 2000; England et al., 2014). Because our objective is to use paleoclimate observations
to constrain the temporal variability of the ESM, the assimilation is performed on anomaly fields. Both the prior and proxy
records are expressed as anomalies relative to the 1961-2000 mean, thereby removing the mean state differences between the
model and the observations.

Only proxy records for which a local PSM has been successfully calibrated are assimilated; specifically following the
criteria of the regression slope(s) being statistically significant at the 95% confidence level. This pre-screening procedure has
been shown to improve reconstruction skill compared with assimilating all available records (Franke et al., 2020), as it retains
only proxies that exhibit a robust relationship with climate variables and thereby maximizes the signal-to-noise ratio, i.e.,
the strength of the climatic signal relative to non-climatic variability in the proxy records. Proxy records exhibiting values
exceeding 3.5 standard deviations from their temporal mean are excluded from the assimilation at the corresponding time step
(pre-screening). This procedure aims to avoid the assimilation of extreme values that are inconsistent with the model variability
or may reflect proxy-specific noise or errors. Such large innovations can lead to unrealistic corrections and degrade the stability
of the DA system. Similar approaches are employed in previous studies (e.g., Dalaiden et al., 2023; Valler et al., 2024).

Ice-core and coral records are available as annual signals, whereas tree-ring records primarily reflect seasonal conditions,
typically associated with the growing season or summer mean. As a result, reconstruction skill is highest for annual means and
during the summer seasons. To propagate this seasonal information to monthly variability, we exploit the temporal covariance
structure. Therefore, the state vector (i.e., X in Eq. 1) includes all variables required by the PSMs as well as the reconstructed
climate fields, at monthly resolution. The innovation (D — H(X?)) is at the resolution of the proxy record (annually or season-
ally). In the case of a tree-ring record whose selected PSM depends on local summer temperature, the innovation is computed
from the mismatch between the observed proxy value and the simulated proxy value derived from summer temperature. If the
prior covariance between summer temperature at that site and other variables or locations is zero, then no update is applied to
those variables or locations, even though the innovation itself is non-zero. The resulting update is therefore governed by the
modeled covariance structure. In theory, all the variables simulated by the ESM can be reconstructed. However, throughout the
manuscript, we mainly analyse surface variables for which we expect the largest impact, such as near-surface air temperature,
SST, precipitation, as well as variables related to the atmospheric circulation, like 500-hPa geopotential heights and low to

mid-tropospheric winds.

3 Wind nudged NorESM simulations

In offline DA frameworks, the prior at time ¢ + 1 does not depend on the posterior at time ¢. In other words, each time step is
reconstructed independently. Because the DA window in paleo-NorCPM1 offline is annual, this approach is not well suited for

reconstructing subsurface ocean variability, owing to the longer intrinsic memory of the ocean compared with the atmosphere.
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To address this limitation, we perform additional NorESM simulations using atmospheric nudging that dynamically propagate
benefits from atmospheric assimilation into the ocean.

The primary objective of these nudging experiments is to reconstruct climate variability consistent with the reconstructed at-
mospheric circulation from paleo-NorCPM1 offline, while allowing the ocean and sea-ice components to respond dynamically.
This approach provides a physically consistent reconstruction of the coupled climate system, under the assumption that wind
variability and external forcing are the dominant drivers of large-scale climate variability. Furthermore, constraining only the
atmospheric circulation provides a framework for future fully coupled online data assimilation, in which oceanic proxy records
could be assimilated directly, as demonstrated in Garcia-Oliva et al. (2024).

Atmospheric nudging in ESMs allows reconstruction of the full climate state while constraining specific atmospheric vari-
ables. As described in Roach et al. (2022), the implementation of atmospheric nudging in CAM modifies the temporal evolution
of the atmospheric model state x. Without nudging, the model evolves freely according to its internal dynamics, and the tem-

poral tendency of the system is given by:

_dx

®)

where ¢ stands for time. When atmospheric nudging is applied, a restoring term is added in the model tendency for the next
analysis time step that relaxes the model state toward prescribed target conditions T over a specified restoring timescale 7. The

nudging tendency is defined as:

T — x(t)

F nudge — . (9)
Therefore, the temporal evolution of the model state can be rewritten as follows:

d T —x(t

B pxy 4 LX) (10)
dt T

In this formulation, the model state x is continuously relaxed toward the prescribed atmospheric target T, while remaining
dynamically consistent with the coupled model physics.

In our experiments, the three-dimensional zonal and meridional wind fields from paleo-NorCPM1 offline are globally nudged
over the period 1600-2000. More specifically, we perform ten simulations using the wind fields from ten ensemble members of
paleo-NorCPM1 offline. We consider that this ensemble size represents a reasonable trade-off between computational cost and
a sufficient number of members to capture the ensemble spread of paleo-NorCPM1 offline. The experimental setup is otherwise
identical to the transient simulations (see Section 2.2.1). These simulations therefore reflect the climate evolution constrained
by the reconstructed atmospheric variability from paleo-NorCPM1 offline and external forcing. In this configuration, while the
atmospheric circulation is constrained, the thermodynamics predominantly evolve freely through coupled ocean-atmosphere

interactions. To preserve air-sea coupling and allow surface fluxes to adjust dynamically, the atmospheric boundary layer is
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excluded from nudging (i.e., the lowest five atmospheric layers are not nudged). The wind fields are relaxed toward the target
state at every model time step (30 minutes), using a restoring timescale 7 of 6 hours.

Paleo-NorCPMI1 offline provides wind fields only at monthly resolution. As an initial step, we therefore set the restoring
timescale 7 to one month. However, this configuration yielded weak synchronization between the model and the target wind
fields, including an increasing time lag. This is partly related to differences between the intrinsic model tendency and the
target fields, which become more pronounced when using longer restoring timescales, as the nudging correction is applied
more gradually compared with a short restoring timescale. Similar results were obtained when using restoring timescales
of 10 days and 1 week, consistent with previous findings (e.g., Kruse et al., 2022). Effective nudging requires a frequent
restoring towards the target fields. Applying strong restoring directly toward monthly-mean wind fields without including sub-
monthly variability will reduce the atmospheric variability, leading to an unrealistic climate variability. Therefore, following
earlier work (Naughten et al., 2018; Dalaiden et al., 2025), we generated 6-hourly wind fields by superimposing generic high-
frequency variability onto the monthly variability of paleo-NorCPM1 offline. The sub-monthly variability was derived from a
pre-industrial control simulation performed with NorESM1-ME. Specifically, the monthly mean was removed from the original
6-hourly wind fields to isolate the high-frequency component. A 30-year segment was selected to construct this high-frequency
variability, which was then cyclically reused throughout the experiment. To reduce sensitivity to the specific realization of the
prescribed high-frequency variability, each ensemble member is initialized from a different starting point within the 30-year
high-frequency variability segment (e.g., year O for member 1 and year 9 for member 10), after which the sequence is applied
cyclically throughout the simulation. This approach minimizes the imprint of the selected high-frequency variability on the
simulations and ensures that the reconstructed climate variability remains primarily constrained by the monthly wind variability
from paleo-NorCPM1 offline, rather than by the particular realization of sub-monthly variability.

Before applying this workflow to the real experiments with the target wind fields from paleo-NorCPM1 offline, we evaluated
the nudging configuration using a twin experiment setup (i.e., based on free NorESM1 simulations). These tests demonstrate
that the nudging setup successfully synchronizes the monthly wind variability and enables realistic reconstruction of major
modes of climate variability, including among others El Nifio-Southern Oscillation (ENSO), North Atlantic Oscillation (NAO),
Pacific Decadal Oscillation (PDO), Southern Annular Mode (SAM), Indian Ocean Dipole (IOD) and the Interdecadal Pacific
Oscillation (IPO; Figure S5).

The initial wind nudging experiments exhibit a small cooling drift in the ocean. Such drift has also been reported in wind
nudging experiments with CESM (e.g., Gilbert et al., 2025). This drift primarily arises from small imbalances in air-sea heat
fluxes introduced when the atmospheric circulation is externally imposed. Although the drift is predominantly confined to
deep ocean layers, its cumulative effect over the 400-year simulation can influence the reconstructed variability. Therefore, to
mitigate this long-term drift, we apply an ad hoc surface heat flux correction. Specifically, a spatially uniform, constant heat
flux is added to the ocean at each coupling time step between the atmosphere and ocean. The magnitude of the correction
is estimated using a twin experiment framework by evaluating the drift in a 100-year control simulation with monthly wind
nudging, following the nudging setup described above. This turns into a required heat flux correction of 0.22 W m2. Although

the heat flux correction compensates for most of the oceanic cooling drift, a small residual drift remains due to nonlinear
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processes. Nevertheless, the magnitude of the remaining drift is modest and comparable to the intrinsic drift present in long

free-running model simulations.

4 Evaluation

In order to evaluate the performance of paleo-NorCPM1, we rely on three complementary metrics, following Dalaiden et al.
(2022). The first metric is the Pearson correlation coefficient (7), which measures the strength of the linear relationship between

two time series and quantifies the ability of the reconstruction to reproduce the temporal or spatial change. It is defined as:

po L Z(yi—?)(%‘—f) (11

where N is the length of the time series, x denotes the reference time series (i.e., the observational time-series), and y represents
the reconstructed time series (i.e., paleo-NorCPM1). o, and o, correspond to the standard deviations of the reference and
reconstructed time series, respectively, and overbars indicate temporal means. In addition to r, we also use the Coefficient of
Efficiency (CE) (Nash and Sutcliffe, 1970), , also known as the mean square skill score (MSSS), which evaluates both the

timing and amplitude of variability relative to a reference climatology. CE is defined as:

S (i —yi)?
Eij\;(xi —7)?

CE ranges from —oo to 1. A value of 1 indicates perfect agreement between reconstruction and reference, while values greater

CE=1- (12)

than O indicate that the reconstruction performs better than the reference climatology. Finally, we assess the reliability of the

ensemble spread using the Ensemble Calibration Ratio (ECR), defined as:

aens,i

ECR = median (W) (3
The ECR quantifies the consistency between ensemble spread and reconstruction error. An ECR value greater than unity
indicates an underdispersive ensemble, meaning that the ensemble spread underestimates the reconstruction error. In contrast,
an ECR value less than unity indicates an overdispersive ensemble, where the ensemble spread exceeds the reconstruction error.
Ideally, an ECR value close to 1 indicates a well-calibrated ensemble. From a conservative perspective, an underdispersive
ensemble is less desirable than an overdispersive ensemble, as it underestimates the true reconstruction uncertainty and may

lead to overconfident interpretation of the results.
4.1 Evaluation over the instrumental period

To assess the performance of paleo-NorCPM 1 in reproducing year-to-year variability, we compare key climate variables against

instrumental and reanalysis datasets over the 20" century. Specifically, we evaluate the following variables and their corre-
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sponding reference datasets: 500-hPa geopotential height from the 20" Century Reanalysis version 3 (20CRv3) (Slivinski
et al., 2021), near-surface air temperature from the Met Office Hadley Centre/Climatic Research Unit global surface tempera-
ture dataset (HadCRUTS) (Morice et al., 2021), SST from NOAA Extended Reconstructed SST version 5 (ERSSTvS) (Huang
et al., 2017), precipitation from the Global Soil Wetness Project phase 3 dataset (GSWP3) (Lange et al., 2021), SPEI de-
rived from near-surface temperature from HadCRUTS and precipitation from GSWP3-WS5ES, and sea-ice concentration from
HadISST4 (Kennedy et al., 2019). With the exception of sea-ice concentration, which is evaluated over the period 1979-2000
owing to data availability, all variables are assessed over the full 20" century. The evaluation relies on datasets independent
of those used during the PSM calibration, thereby ensuring an objective assessment of the reanalysis performance, although
common observations may be shared between the datasets for the PSM calibration and reanalysis evaluation.

Figure 2 shows maps of the temporal correlation coefficient, computed from annual averages over the calendar year, for
the six evaluated variables. Overall, paleo-NorCPM1 offline reproduces large-scale atmospheric circulation, near-surface air
temperature, and SST well, with spatially averaged correlation coefficients of 0.54, 0.55, and 0.52, respectively. The highest
correlations are found in the tropics, particularly over the oceans, reflecting an accurate representation of tropical variability
through the information provided by the coral records. Regions characterized by dense observational networks also exhibit
higher skill, including North America, Europe, the Greenland Ice Sheet, and the West Antarctic Ice Sheet. For precipitation,
paleo-NorCPM1 offline performs best in the tropical Pacific, indicating a good representation of Inter Tropical Convergence
Zone (ITCZ) dynamics, as well as in North America and Europe, where tree-ring and ice-core snow-accumulation records
provide strong constraints. However, skill is lower in data-sparse regions, particularly over parts of Africa, reflecting the lim-
ited availability of proxy constraints. It is also important to note that instrument-based gridded precipitation datasets contain
substantial uncertainties (e.g., Sun et al., 2018; Lange et al., 2021), which complicates the evaluation of reconstructed pre-
cipitation. Consistent with this, the agreement is much closer when comparing paleo-NorCPM1 offline with ERAS (Figure
S7). Finally, the reconstructed sea-ice concentration shows substantial skill, particularly in the Baffin and Hudson Bays, the
Beaufort and Labrador Seas in the Arctic, and the Amundsen—Bellingshausen and Weddell Seas in the Southern Ocean. As no
direct sea-ice proxies are assimilated in paleo-NorCPM1 offline, this highlights the role of the ensemble covariance to update
variables other than those assimilated. Seasonally, reconstructed near-surface air temperature over North America and Europe
shows stronger agreement with HadCRUTS in summer than in annual means, highlighting the seasonal information provided

by tree-ring records.
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Precipitation <paleo-NorCPM (offline), GSWP3>

—— X - ——

Figure 2. Maps of the correlation coefficients for paleo-NorCPM1 offline (ensemble mean), evaluated against reference datasets for six
variables: 500-hPa geopotential height from the 20™ Century Reanalysis version 3 (20CRv3; Slivinski et al., 2021); near-surface air tem-
perature from the Met Office Hadley Centre/Climatic Research Unit global surface temperature dataset (HadCRUTS5; Morice et al., 2021);
SST from the NOAA Extended Reconstructed SST version 5 (ERSSTvS; Huang et al., 2017); precipitation from the Global Soil Wetness
Project phase 3 dataset (GSWP3) (Lange et al., 2021); SPEI derived from HadCRUTS5 temperature and GSWP3 precipitation; and sea-ice
concentration from HadISST4 (Kennedy et al., 2019). Correlations are computed using annual time-series and over the 20" century, except
for sea-ice concentration, which is evaluated over 1979-2000. Stippling indicates statistically significant correlations at the 95% confidence

level (taking into account the False Discovery Rate (FDR) (Benjamini and Hochberg, 1995)).
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As for paleo-NorCPM1 wind nudging (Figure S6), the overall spatial patterns of correlation with independent datasets re-
main broadly similar to those obtained with paleo-NorCPM1 offline — albeit the correlation coefficients are generally reduced
compared with the offline reconstruction (Figures 2 and S7). This reduced agreement likely reflects several factors: i) paleo-
NorCPM1 wind nudging reflects the climate variability as the dynamical response of the climate system to the reconstructed
atmospheric circulation and external forcing, thereby neglecting processes that are not directly associated with the imposed
atmospheric variability (e.g. oceanic processes); ii) unlike paleo-NorCPM1 offline, the wind nudging simulations are inte-
grated continuously over 400 years without corrections from the DA system, making paleo-NorCPM1 wind nudging prone
to the accumulation of model errors; iii) the wind nudging ensemble consists of 10 members, compared with 30 members
for paleo-NorCPM1 offline, which also contributes to slightly reduced agreement with independent datasets; ; iv) in contrast,
paleo-NorCPM1 offline directly assimilates proxy information at each time step, which may lead to a stronger agreement with
reference datasets partly due to the assimilation procedure itself. Despite these limitations, paleo-NorCPM1 wind nudging
maintains a comparable level of skill across most variables, indicating that constraining the atmospheric circulation provides a
strong large-scale constraint on climate variability. Moreover, by allowing the ocean to dynamically adjust to the reconstructed
wind variability, along with the associated atmosphere-ocean feedback, paleo-NorCPM1 wind nudging improves the represen-
tation of SST variability in regions characterized by strong ocean circulation. In particular, SST variability in the North Pacific
and North Atlantic Oceans is slightly better reproduced compared with paleo-NorCPM1 offline (Figures 2 and S6), illustrat-
ing the added value of the wind nudging framework for capturing climate variability in dynamically active ocean regions (e.g.,
Deser et al., 2010). To note, we observe in paleo-NorCPM1 wind nudging an important degradation in the high-latitude regions
of the Southern Hemisphere, due to an overly strong dynamical response of the Southern Ocean to the imposed atmospheric
circulation. This highlights the combined influence of uncertainties in the reconstructed wind fields and the model sensitivity
in this region (e.g., Sallée et al., 2025). As a consequence, paleo-NorCPM1 wind nudging exhibits reduced skill in representing
hydroclimate variability over Antarctica (this is discussed in more detail in Sections 4.2.2 and 4.2.5).

As a further detailed, and independent evaluation over the 20" century, we assess the performance of paleo-NorCPMI
offline in reproducing key integrated variables, including continental temperature, precipitation, SPEI over key regions as well
as major modes of atmospheric and climate variability (Table 3). It should be noted that the ECR calculation does not account
for uncertainties in the reference datasets. Therefore, ECR values are likely overestimated, and our assessment of the ensemble

spread is thus conservative.

22



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-433
Preprint. Discussion started: 17 August 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

Table 3. Evaluation of the paleo-NorCPM1 offline (ensemble mean) for selected integrated climate variables and large-scale climate modes.
The temporal correlation coefficients (stars indicate statistically significant under the 95% confidence level), coefficients of efficiency and
ensemble calibration ratio are displayed. The annual time-series are considered, otherwise specified. The corresponding reference dataset

and the evaluation period are also indicated.

paleo-NorCPM1 offline  Validation dataset

corr Cce ecr

Global mean surface temperature 0.92* 0.82 0.62 HadCRUTS5 (1901-2000)
Northern Hemisphere mean surface temperature  0.88*  0.75 0.75 HadCRUTS (1901-2000)
Southern Hemisphere mean surface temperature  0.92* 0.68 0.68 HadCRUTS5 (1901-2000)

Tropical mean surface air temperature 0.91* 0.80 0.61 HadCRUTS5 (1901-2000)
Arctic mean surface temperature 0.59* 0.18 0.63 HadCRUTS (1958-2000)
Nino3.4 0.88* 0.71 0.11 ERSSTvVS5 (1901-2000)
Interdecadal Pacific Oscillation 0.85* 0.69 0.31 ERSSTv5 (1901-2000)
Walker Circulation 0.48* 022 1.36 20CRv3 (1901-2000)
Indian Ocean Dipole 041* 0.16 0.46 ERSSTVS5 (1901-2000)
Atlantic Multi-Decadal Variability 0.73* 037 1.10 ERSSTvVS5 (1901-2000)
Winter North Atlantic Oscillation 0.41* 0.16 0.49 20CRv3 (1901-2000)
Summer North Atlantic Oscillation 0.44* 0.19 0.20 20CRv3 (1901-2000)
Summer European mean surface temperature 0.62* 038 0.28 HadCRUTS (1901-2000)
Summer European SPEI 0.48* 0.08 0.95 HadCRUTS5-gswp3 (1950-2000)
Southern Annular Mode 0.64* 040 043 Marshall2003 (1958-2000)
Antarctic mean surface temperature 0.53* 020 047 Dalaiden2025 (1958-2000)
Antarctic mean snow accumulation 0.64* 035 0.86 gswp3 (1958-2000)
Greenland mean surface temperature 0.50* 0.20 0.30 ERAS5 (1958-2000)
Greenland mean snow accumulation 0.64* 035 1.11 gswp3 (1958-2000)
Antarctic sea-ice extent 0.54* 0.23 0.10 HadISST (1979-2000)
Arctic sea-ice extent 0.80* 0.63 1.11 HadISST (1958-2000)

Based on these criteria, paleo-NorCPM1 offline demonstrates substantial skill in reproducing large-scale temperature vari-
ability and major climate modes, including Pacific modes such as ENSO (e.g., Nifio3.4 index), IPO, and IOD, the Walker
circulation, and Atlantic Multidecadal Variability (AMV). The reconstructed winter and summer North Atlantic Oscillation

570 (NAO), as well as European continental temperature and SPEI, show agreement with reference datasets, highlighting the po-
tential of paleo-NorCPM1 offline for investigating European hydroclimate variability. The reanalysis also performs well in

polar regions, with evaluation metrics indicating a realistic representation of near-surface air temperature over the Arctic,
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Greenland and Antarctic ice sheets, and total integrated precipitation over the two ice sheets. Furthermore, the reconstructed
Southern Annular Mode is in good agreement with the station-based index of Marshall (2003), indicating that paleo-NorCPM1
offline accurately captures variability in Southern Hemisphere westerly winds. Finally, sea-ice concentration is well reproduced
in both the Arctic and Antarctic regions when compared with satellite-based products.

Several caveats regarding the assessment of the performance of the paleo-NorCPM1 offline should be noted. Although the
evaluation is designed to be independent, partial overlap may exist between datasets used for the calibration of the PSM and
those employed here for the validation. For instance, the datasets from Dalaiden et al. (2025) and Marshall (2003) are based on
the temperature and atmospheric pressure records from Antarctic weather stations, which are also used in the datasets for the
calibration of the PSMs for Antarctic ice-core records. In addition, reference datasets themselves are subject to uncertainties,
and the evaluation should therefore be interpreted as a comparison rather than a strict evaluation. Finally, agreement between
paleo-NorCPM1 and reference datasets is generally higher during the second half of the 20" century (not shown). This likely
reflects (i) increased proxy availability over that period (Figure 1), (ii) improved reliability and spatial coverage of instrumental

observations, and (iii) partial overlap with the calibration period of the PSMs, which may lead to some degree of overfitting.
4.2 Comparison with other reconstructions
4.2.1 Large-scale temperatures and atmospheric circulation since 1500

In addition to the evaluation using instrumental datasets, we compare paleo-NorCPM1 with other paleo-based reconstructions.
More specifically, we consider three widely used products in the paleo community to study climate over the past centuries.
The first is the Modern Era Reanalysis (ModE-RA) (Valler et al., 2024), which comprises 20 atmospheric reconstructions con-
strained by both long-term instrumental time series and paleoclimate records, using an offline data assimilation framework. The
overall approach of ModE-RA is therefore similar to that of paleo-NorCPM1. However, several important differences should
be noted: 1) paleo-NorCPM1 relies exclusively on paleoclimate records, whereas ModE-RA also incorporates instrumental
observations; ii) the ModE-RA prior is based solely on atmospheric model simulations, while paleo-NorCPM1 employs a fully
coupled ESM; iii) paleo-NorCPM1 explicitly assimilates a broader set of ice-core records, whereas ModE-RA includes only
limited ice-core information (mainly a few records from Greenland).

The second reconstruction considered is the Last Millennium Reanalysis version 2 (LMR; Tardif et al., 2019), hereafter
referred to as LMR Offline. This product also uses an offline EnKF DA framework to combine model simulations with a pa-
leoclimate database. The proxy database is broadly similar to that used in paleo-NorCPM1, but paleo-NorCPM1 includes a
more extensive set of ice-core records, particularly expanded isotopic datasets (Konecky et al., 2020), as well as snow accu-
mulation records (Thomas et al., 2017; Box et al., 2013) and Antarctic sea-salt records (Thomas et al., 2022). To construct the
prior, LMR Offline relies on model simulations spanning the period 850—1850, from which individual years are randomly sam-
pled. As noted by Perkins and Hakim (2017), this approach may bias the reanalysis toward the preindustrial climatology and
damp low-frequency variability during periods with sparse observational coverage. To partly address this limitation, Perkins

and Hakim (2017) developed a Linear Inverse Model (LIM) trained on simulations spanning the last millennium to represent
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oceanic influences in the reconstruction. The LIM is trained using several oceanic variables, including SST, sea surface salinity,
sea surface height, and 0-700m ocean heat content. The LIM is coupled to LMR to represent linear atmosphere—ocean inter-
actions, yielding a third product referred to here as LMR Online. The proxy database used in LMR Online is similar to that of
LMR Offline, but excludes the tree-ring records from Breitenmoser et al. (2014).

Finally, all three reconstructions differ from paleo-NorCPM1 in how they treat observational uncertainty. As described in
sec. 2.5, paleo-NorCPM1 estimates observational error using 1,000 realizations based on subsampling data points during PSM
calibration. This procedure yields a more conservative representation of observational uncertainty than in the other reconstruc-
tions and leads to a more cautious weighting of proxy information within the DA system.

Figure 3 shows the evolution of global, Northern Hemisphere, Southern Hemisphere, and tropical (30°) near-surface air tem-
perature over the period 1500-2000 from paleo-NorCPM1 offline, paleo-NorCPM1 wind nudging, ModE-RA, LMR Offline,
and LMR Online, together with HadCRUTS for comparison.
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Figure 3. Global, Northern Hemisphere, Southern Hemisphere, and tropical (30°S-30°N) near-surface air temperature anomalies from
paleo-NorCPM1 offline, paleo-NorCPM1 wind nudging, ModE-RA, LMR Offline, and LMR Online for the period 1500-2000. HadCRUT5
is also shown over the 20™ century, including its 95% uncertainty range (except for the tropical region). For paleo-NorCPM1 offline and
paleo-NorCPM1 wind nudging, the +1 standard deviation ensemble spread is plotted. All time series are expressed relative to the 20™

century mean. The temporal correlation coefficient and coefficient of efficiency between paleo-NorCPM1 offline (and paleo-NorCPM1 wind

1
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nudging) and the reference datasets are reported in the legend (first and second entries, respectively).
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Overall, all reconstructions capture the major features of 20" century temperature evolution, including the pronounced
warming trend, the mid-20" century cooling in the early 1950s, and the strong warming afterwards beginning around 1970. The
close agreement between paleo-NorCPM1 wind nudging and the other reconstructions indicates that wind-driven variability
combined with external forcing is sufficient to reproduce the main features of large-scale temperature variability.

Prior to the 20™ century, differences among the reconstructions are more pronounced. For global mean near-surface air tem-
perature, both paleo-NorCPM1 offline and paleo-NorCPM1 wind nudging exhibit high correlation with the other reconstruc-
tions (mean correlations exceeding 0.8), indicating strong overall agreement. The highest consistency is found in the Northern
Hemisphere, likely reflecting the dense proxy network dominated by tree-ring records. As a note, LMR Online slightly deviates
from the other reconstructions following major volcanic eruptions, exhibiting a stronger cooling response, and the associated
impact on the low-frequency variability thereafter. In the Southern Hemisphere, although temporal variability is generally
similar across reconstructions, LMR Offline appears systematically warmer than the others. One possible explanation is the
relatively sparse observational network in the Southern Hemisphere, together with methodological differences that may favor
the pre-industrial climatology where observational constraints are weak. This can ultimately cause an underestimation of the
anthropogenic signal during the 20" century. A similar, though weaker, behavior is also observed in the tropics. The reduced
temperature differences in LMR Online with the other reconstructions suggest that explicitly accounting for ocean dynamics
helps mitigate this potential bias, consistent with the findings of Perkins and Hakim (2017). Although ModE-RA does not
assimilate ice-core records, its prior is based on an ensemble forced by external forcing and historical sea surface conditions,
which may explain its closer agreement with LMR Online and paleo-NorCPM1.

A distinctive feature of paleo-NorCPM1 wind nudging is its more pronounced low-frequency variability in the Southern
Hemisphere, particularly during the 18" century and the late 19" century. This enhanced variability likely arises from wind-
driven ocean dynamics — known to be especially strong in the Southern Ocean (Sallée et al., 2025) — which modulate surface
temperature on multi-decadal timescales. This behavior is further discussed in Sections 4.2.2 and 4.2.5.

Finally, Figure 4 shows maps of temporal correlation coefficients between paleo-NorCPM1 offline and the three other re-
constructions for near-surface air temperature and 500-hPa geopotential height over the period 1601-2000. Overall, paleo-
NorCPMI1 offline exhibits strong agreement with all three reconstructions, with nearly all grid points displaying positive corre-
lations for both variables. This indicates that paleo-NorCPM1 offline provides a reconstruction of comparable quality to these
reconstructions. The highest agreement is found over the Pacific, particularly for 500-hPa geopotential height, highlighting the
consistent representation of large-scale atmospheric circulation, including Hadley cell dynamics. To note, paleo-NorCPM1 of-
fline shows the strongest agreement with LMR Online, with a spatially averaged correlation coefficient of 0.58, compared with
0.49 and 0.46 for LMR Offline and ModE-RA, respectively, for near-surface air temperature. Because LMR Online incorporates
a LIM to represent the effect of the slow response of the climate system (especially the ocean), this closer agreement suggests
that paleo-NorCPM1 offline also captures a component related to oceanic processes. This result is consistent with the prior
constructed from a fully coupled ESM and a hybrid covariance approach in paleo-NorCPM1, which allows ocean—atmosphere
interactions to be implicitly represented even within an offline assimilation framework (with the linear approximation of the

data assimilation step).
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Figure 4. Maps of the correlation coefficients for paleo-NorCPM1 offline (ensemble mean), evaluated against ModE-RA, LMR Offline
and LMR Online for annual near-surface air temperature and 500-hPa geopotential height over 1601-2000. Stippling indicates statistically

significant correlations at the 95% confidence level (taking into account the False Discovery Rate; FDR).

4.2.2 Ocean Heat Content

After evaluating the performance of paleo-NorCPM1 for the atmosphere and surface, we next assess its ability to reproduce
subsurface ocean variability by analyzing the Ocean Heat Content (OHC) integrated over the top 700 m (Figure 5). Direct
observations of OHC are sparse prior to the deployment of the Argo float network in the late 1990s (Riser et al., 2016), making
the evaluation of OHC from paleo-NorCPM1 highly challenging. To place paleo-NorCPM1 in context, we compare it with
three products. The first is the CoReal860+ climate reanalysis (Wang et al., 2025), which is based on NorCPM and assimi-
lates instrumental SST observations from 1860. CoReal860+ has been shown to provide reliable estimates of historical ocean

variability. For the earlier period, we use the ocean reconstruction of Dalaiden et al. (2025), which is driven by hybrid atmo-
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spheric forcing derived from ModE-RA and an Antarctic atmospheric reconstruction. This reconstruction, therefore, reflects
the oceanic response to historical atmospheric variability. As such, the two-way interactions between the ocean and atmosphere
are not explicitly represented, potentially affecting the amplitude and phase of simulated variability. Finally, LMR Online is

also included in the assessment as it provides a reconstruction for the OHC.

Ocean Heat Content global 0-700m

0.1 -
e
© 4
c 0.0
o
[
Z —0.1-
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- —0.2 4 —— paleo-NorCPM1 wind nudging —— LMR Online

—— CoReal860+ —— Dalaiden et al. (2025)
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Figure 5. Temporal evolution of the anomalies of global Ocean Heat Content integrated over the top 700 m from 1700 to 2000 (expressed in

°C). Anomalies are calculated from the 20" century mean.

Only paleo-NorCPM1 wind nudging is evaluated here, as paleo-NorCPM1 offline does not explicitly take into account
the ocean dynamical adjustment to atmospheric variability. Over the 20" century, all reconstructions consistently show a
pronounced increase in global OHC (Figure 5), confirming the robust signature of long-term ocean warming. Although paleo-
NorCPMI1 exhibits a weaker warming trend (0.11 £0.09 °C per century) compared with CoReal860+ (0.27 °C per century),
Dalaiden et al. (2025) (0.20 °C per century), and LMR Online (0.24 °C per century), it reproduces both the overall warming
and the decadal-scale modulation, including the slowdown in warming during the early 1970s.

Prior to the 20" century, paleo-NorCPM1 displays more pronounced low-frequency variability in global ocean heat content
than the other reconstructions, although similar variability is also present in the reconstruction from Dalaiden et al. (2025) and
LMR Online, but in a lesser extent. This difference likely reflects methodological differences in the representation of ocean
dynamics, which might ultimately impact the climate sensitivity. In particular, the wind-driven ocean adjustment can generate
substantial multi-decadal variability through changes in ocean circulation and heat uptake, which may not be fully captured in
reconstructions where the ocean responds to atmospheric variability without feedback (e.g., Dalaiden et al., 2025). In the same
vein, the LIM framework used in LMR Online provides a statistical representation of oceanic processes, in particular the slow
response of the ocean, which may underestimate the magnitude of low-frequency variability compared with fully dynamical

simulations. Moreover, ESMs tend to underestimate ocean variability when compared with observations (Hébert and Laepple,
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2025), in particular for periods characterized by weak external forcing. Yet, these simulations are used for training the LIM.
This may contribute to the comparatively smaller low-frequency variability seen in LMR Online relative to paleo-NorCPM1.

Despite the noted differences, paleo-NorCPM1 remains broadly consistent with the other reconstructions, particularly after
1700, when the two reconstructions fall within the ensemble envelope of paleo-NorCPM1. The larger amplitude variability
simulated by paleo-NorCPM1 likely reflects the explicit representation of the coupling between the ocean and atmosphere. In
this respect, the reconstruction may help bridge part of the gap between proxy-based estimates of low-frequency variability and
free model simulations, which often exhibit weaker multi-decadal variability (Laepple et al., 2023; Hébert and Laepple, 2025;
Skiba et al., 2026). These results indicate that paleo-NorCPM1 provides a credible and dynamically consistent reconstruction
of historical ocean heat content, capturing both the long-term warming trend and low-frequency variability excited by the
atmospheric dynamics.

As an important feature, paleo-NorCPM1 simulates pronounced low-frequency variability in Southern Ocean heat con-
tent (Figure S8). The dynamics of the Southern Ocean — including Ekman transport, vertical upwelling, and dynamics of the
Antarctic Circumpolar Current — is primarily driven by surface wind variability (e.g., Frolicher et al., 2015; Armour et al.,
2016). Variations in wind stress directly modulate ocean circulation and vertical heat redistribution, making Southern Ocean
heat content particularly sensitive to atmospheric forcing (e.g., Frolicher et al., 2015). Because NorESM1 is dynamically con-
strained by historical wind variability from paleo-NorCPM1 offline, it allows the ocean to adjust consistently to the prescribed
wind variability, resulting in pronounced multi-decadal variability. The reconstruction from Dalaiden et al. (2025) also exhibits
substantial low-frequency variability, although with differences in phase, while LMR Online shows much weaker variability
and only a modest warming trend over the 20" century. These differences illustrate the large impact of wind variability on the
OHC, which is highly pronounced in paleo-NorCPM1, most probably because of the active feedback between atmosphere and

ocean. Moreover, the resulting historical variability might depend on the climate model used in the reconstruction.
4.2.3 Multi-decadal variability in the Atlantic and Pacific basins

Modes of climate variability operating on multi-decadal timescales play a critical role in the global climate variability, including
their influence on high-frequency modes such as the El Nifio Southern Oscillation (ENSO) and NAO. Additionally, variability
in the Atlantic and Pacific Oceans has been linked to periods of accelerated and reduced global surface warming during the
20t century (Kosaka and Xie, 2013; England et al., 2014; Dai et al., 2015; DelSole et al., 2011). Accurately reproducing these
modes is therefore essential for assessing the ability of paleo-NorCPMI1 to represent internally generated climate variability. To
this end, we evaluate the Atlantic Multidecadal Variability (AMV) and the Interdecadal Pacific Oscillation (IPO) by comparing
reconstructed indices from paleo-NorCPM1 with instrumental estimates derived from HadSST2 and ERSSTv5 over the period

1850-2000 (Figure 6).
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Figure 6. Temporal evolution of the Atlantic Multidecadal Variability (AMV) and Interdecadal Pacific Oscillation (IPO) indices over the
period 1850-2000 for paleo-NorCPM1 offline, paleo-NorCPM1 wind nudging, HadSST2, and ERSSTVS. Indices are expressed as anomalies

relative to the 20" century mean

The AMYV index is defined as the spatial average of SST anomalies over the North Atlantic (0-60°N, 80°W-0°). To isolate
the internal component of the AMYV, the externally forced component is removed using the mean of the 30-member NorESM1-
ME ensemble, which provides an estimate of the forced response (to remove any residual internal variability in this estimate,
a 100-year low-pass filter is applied to obtain the final forced estimation). This approach avoids potential artefacts associated
with removing the global mean temperature, which is commonly used as an estimate for the forced response but may introduce
biases in the estimated AMV signal (Deser and Phillips, 2021). The resulting AMV index is normalized relative to the 20"
century mean and standard deviation.

Overall, both paleo-NorCPM1 offline and wind nudging reproduce the observed AMV variability derived from HadSST2
and ERSSTv5 (Figure 6). In particular, the two ensembles of paleo-NorCPM1 capture the major multi-decadal phases of the
AMYV, including the positive phase from the early 20 century to about 1950, the subsequent negative phase until the 1970s,
and the renewed positive phase thereafter. While paleo-NorCPM1 successfully reproduces the timing of these phase transitions,

the amplitude of the variability is slightly underestimated relative to the instrumental estimates. This reduced amplitude likely
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reflects the lack of oceanic proxy records directly constraining North Atlantic SST variability, such that the reconstruction
primarily relies on continental proxy information and atmospheric teleconnections. Additionally, paleo-NorCPM1 wind nudg-
ing solely reflects the response of wind variability, without directly constraining the ocean state through ocean observations.
As an important note, the paleo-NorCPM1 wind nudging exhibits stronger decadal variability than paleo-NorCPM1 offline
(standard deviation of 0.66°C versus 0.56°C over the 1601-2000 period), highlighting the role of dynamical adjustment to at-
mospheric circulation variability. By explicitly constraining wind variability, the wind-nudged configuration allows the coupled
ocean—atmosphere system to respond dynamically, thereby enhancing the representation of internally generated multi-decadal
variability. This result underscores the importance of ocean dynamical processes in shaping AMV variability.

As for the IPO, we use the Tripole Index developed by Henley et al. (2015), defined as the mean SST anomaly over the cen-
tral Pacific (10°S-10°N, 170°E-90°W) minus the average SST anomalies over the North Pacific (25°-45°N, 140°E-145°W)
and South Pacific (50°-15°S, 150°E-160°W). Following Henley et al. (2015), a 13-year low-pass filter is applied to isolate
decadal variability. Overall, paleo-NorCPM1 offline and wind nudging are in good agreement with each other (Figure 6), re-
producing similar variability, including the positive anomalies during the early 1940s associated with a sequence of strong El
Nifio events between 1940 and 1942 (Bronnimann et al., 2004), as well as the positive phase during the late 20" century. Com-
pared with AMYV, however, agreement between the IPO indices from paleo-NorCPM1 and instrumental IPO indices is weaker,
and substantial differences are also evident between HadSST2 and ERSSTVS, even during the recent decades. In particular,
the IPO index derived from ERSSTv5 exhibits a weak positive anomaly in the early 1940s compared with paleo-NorCPM1
and HadSST2. Further investigation indicates that this discrepancy does not arise from differences in ENSO variability, as the
Nino3.4 index shows excellent agreement between paleo-NorCPM1 and instrumental datasets (Figure S9). Instead, the differ-
ences originate from more widespread positive SST anomalies in the central Pacific in paleo-NorCPM1 compared with the
instrumental datasets (Figure S10), suggesting differences in the large-scale spatial structure of Pacific variability. NorESM1
exhibits a known bias in the representation of tropical Pacific variability, whereby the SST anomaly patterns associated with
ENSO are too strongly confined to the central Pacific (Bentsen et al., 2013), thereby underestimating their remote influence
in the North and South Pacific. It is important to mention that instrumental SST products prior to 1950 are subject to large
uncertainties due to sparse observational coverage, which is even more pronounced in the mid-latitude regions of the Southern
Hemisphere Pacific (Deser et al., 2010; Yasunaka and Hanawa, 2011). These uncertainties limit the reliability of instrumental
IPO estimates during the early 20" century and might partly explain the discrepancies between datasets. Similarly to AMYV,
paleo-NorCPM1 wind nudging exhibits enhanced SST variability in the North Pacific (Figure S10), reflecting the dynamical

response of the ocean to wind variability, particularly here through modulation of the North Pacific Gyre.
4.2.4 Atlantic Meridional Overturning Circulation

The Atlantic Meridional Overturning Circulation (AMOC) is a fundamental component of the climate system, characterized
by the northward transport of warm, saline surface waters and the southward return flow of cold, fresh waters at depth (e.g.,
Trenberth and Solomon, 1994). Through this overturning circulation, the AMOC plays a central role in redistributing heat
within the Atlantic basin and modulating regional and global climate variability (e.g., Zhang et al., 2019). The AMOC is
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755 commonly quantified as the zonally integrated meridional overturning streamfunction, with the maximum transport at 26°N
serving as a standard metric of its strength. Although continuous observations from the RAPID array provide direct estimates
of AMOC variability since 2004 (McCarthy et al., 2015), the paleo-NorCPM1 reconstruction ends in 2000, preventing direct
comparison.

Figure 7 shows the temporal evolution of AMOC anomalies in paleo-NorCPM1 wind nudging, compared with the CoReal 860+

760 reanalysis and the oceanic reconstruction of Dalaiden et al. (2025). These reconstructions rely on different methodologies that
influence the results. In paleo-NorCPM1 wind nudging, AMOC variability emerges dynamically in response to historical wind
variability, which is known to be a primary driver of AMOC variability through its influence on momentum and buoyancy
forcing (Yeager and Danabasoglu, 2014; Buckley and Marshall, 2016). In contrast, the reconstruction of Dalaiden et al. (2025)
is based on an ocean—sea-ice model forced by prescribed atmospheric forcing, therefore without atmosphere—ocean feedback.

765 CoReal860+, meanwhile, reconstructs the climate state through assimilation of SST observations. Because AMOC variations
strongly influence North Atlantic SST through changes in ocean heat transport (e.g., Zhang et al., 2019), AMOC variability in
CoReal 860+ is constrained through its imprint on SST.

Atlantic Meridional Overturning strength at 26°N
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Figure 7. Time-series of the anomalies of the Atlantic Meridional Overturning Circulation strength at 26°N in paleo-NorCPM1 wind nudg-

ing, CoReal860+ and in the reconstruction of Dalaiden et al. (2025). Anomalies are computed relative to the 20" century reference.

Over the 20 century, paleo-NorCPM1 wind nudging simulates a statistically significant AMOC weakening of -2.39 Sv

per century, whereas CoReal860+ shows no statistically significant trend (-0.81 Sv per century), and the reconstruction of

770 Dalaiden et al. (2025) indicates a statistically significant strengthening (1.32 Sv per century; Figure 7). As an important note,
when extending the period for calculating the trend to 2020, both CoReal860+ and the reconstruction of Dalaiden et al. (2025)

show AMOC weakening. Despite these differences in the 20" century, paleo-NorCPM1 wind nudging indicates strong multi-
decadal variability. In particular, both paleo-NorCPM1 wind nudging and CoReal860+ show a strengthening of the AMOC

from the late 19th century to about 1930. Thereafter, CoReal860+ exhibits a pronounced weakening until the 1970s, while

775 paleo-NorCPMI1 wind nudging simulates a more moderate decline superimposed on pronounced multi-decadal variability.
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From the 1990s, paleo-NorCPM1 wind nudging indicates a decline in AMOC strength that is not present in CoReal860+ and
in the reconstruction of Dalaiden et al. (2025). Such a decline is consistent with the weakening of the AMOC simulated by
climate models in response to anthropogenic forcing (Weijer et al., 2020). Overall, paleo-NorCPM1 wind nudging suggests a
weakening of the AMOC over the 20" century, consistent with proxy-based reconstructions (e.g., Caesar et al., 2018). However,
large uncertainties remain (Fox-Kemper et al., 2021), and a detailed investigation of the underlying mechanisms is required to
assess the robustness and causes of this long-term decline. It is worth noting that the multi-decadal AMOC variability simulated
in paleo-NorCPM1 wind nudging closely corresponds to variability in North Atlantic SST, supporting the central role of the
AMOC in driving multi-decadal SST variability in the North Atlantic (Zhang et al., 2019).

4.2.5 Sea-ice extent

Sea ice plays a key role in the global climate system. It contributes to the global overturning circulation through brine rejection
during sea-ice formation, which influences ocean density and deep water formation (Fox-Kemper et al., 2021). In addition, sea
ice strongly affects the Earth energy balance by reflecting a large fraction of incoming solar radiation due to its high albedo
(e.g., Goosse et al., 2018). Figure 8 shows the temporal evolution of Arctic and Antarctic sea-ice extent over the past centuries

in paleo-NorCPMI1 offline and wind nudging, together with other reconstructions.
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Figure 8. Time series of annual sea-ice extent anomalies in the Arctic and Antarctic from paleo-NorCPM1 offline and wind nudging. For the
Arctic, the instrumental reconstruction of Brennan et al. (2020) and the paleo-based reconstruction of Brennan and Hakim (2022) are shown.
For the Antarctic, the oceanic reconstruction of Dalaiden et al. (2025) is included. HadISST is also shown from 1958 onward for the Arctic
and from 1979 onward for the Antarctic. Anomalies are computed relative to the 1958-2000 period for the Arctic and the 1979-2000 period

for the Antarctic.

For the Arctic, we compare paleo-NorCPM1 with the instrumental reconstruction of Brennan et al. (2020) and the paleo-
based reconstruction of Brennan and Hakim (2022), both derived using the Last Millennium Reanalysis (LMR) framework. The
reconstruction of Brennan et al. (2020) uses Arctic temperature observations from HadCRUT to constrain sea-ice variability,
whereas Brennan and Hakim (2022) relies on the PAGES2k database (Emile-Geay et al., 2017). Although two reconstructions
are available for each (using two different model priors), we selected the version based on the Community Climate System
Model version 4 (CCSM4), as differences between prior choices are minimal. Because climate models tend to underestimate
the sensitivity of Arctic sea ice to temperature changes compared with observations (Rosenblum and Eisenman, 2017), Brennan
et al. (2020) and (Brennan and Hakim, 2022) applied a covariance inflation factor of 2.6 between sea-ice concentration and
temperature. This correction effectively increases the amplitude of reconstructed sea-ice variability to better match observed

sensitivity. A similar approach has been employed here. In practice, we scale the variance of the Arctic sea-ice reconstruction
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from paleo-NorCPM1 to match the variance of the observed Arctic sea-ice extent over the 1958-2000 period. HadISST sea-ice
extent is shown from 1958 onward to provide an instrumental observational reference.

From 1958 onward, all reconstructions agree with HadISST (Figure 8), showing a modest sea-ice expansion until the early
1970s followed by a pronounced decline. During the early 20" century warming period (1920-1950), both paleo-NorCPM1
offline and wind nudging simulate a significant decline in sea-ice extent (-0.11 and -0.12 x 10°® km? per decade, respectively;
both statistically significant at the 95% level), consistent with the reconstructions of Brennan et al. (2020) (-0.13 x 10% km?
per decade; statistically significant) and Brennan and Hakim (2022) (-0.15 x 10° km? per decade; statistically significant). This
decline coincides with the early 20" century warming (Hegerl et al., 2018). Prior to the 20" century, both paleo-NorCPM1
and Brennan and Hakim (2022) indicate relatively stable sea-ice conditions, but with pronounced multi-decadal variability.
Although differences between paleo-NorCPM1 offline and wind nudging remain small, paleo-NorCPM1 wind nudging exhibits
stronger temporal variability, with a standard deviation of 0.16 10% km? compared with 0.12 10® km? for paleo-NorCPMI
offline. This enhanced variability reflects the dynamical adjustment, including the coupled ocean—atmosphere feedback, to
wind variability. For example, paleo-NorCPM1 wind nudging simulates a higher sea-ice extent at the end of the 19" century
compared with the offline reconstruction. Overall, the agreement with independent reconstructions and the physically consistent
response to atmospheric variability support the credibility of paleo-NorCPM1 in reproducing Arctic sea-ice variability.

As for the Antarctic sea-ice extent, substantially larger differences are noticed between paleo-NorCPM1 offline and wind
nudging (Figure 8). The offline reconstruction closely resembles the oceanic reconstruction of Dalaiden et al. (2025), with
relatively stable sea-ice extent from 1700 to approximately 1960, followed by a marked decline afterwards (-0.69 x 10° km?
per decade and -0.33 x 10° km? per decade for paleo-NorCPM1 offline and Dalaiden et al. (2025), respectively; both sta-
tistically significant at the 95% level). A similar, though weaker and statistically insignificant, decline is also simulated in
paleo-NorCPM1 wind nudging (-0.17 x 10° km? per decade). Because continuous satellite observations of Antarctic sea ice
are only available from 1979 onward (e.g., Hobbs et al., 2016), and paleo-NorCPM1 ends in 2000, the overlap with observa-
tional estimates remains too short to draw robust conclusions from direct comparison with HadISST.

In contrast to the offline reconstruction, paleo-NorCPM1 wind nudging exhibits pronounced low-frequency variability prior
to 1950, accompanied by substantially larger ensemble spread for some periods, in particular from around 1840 to 1900.
This enhanced variability reflects the impacts of the coupled ocean-atmosphere feedback. Regional analysis shows that these
variations are primarily driven by changes in the Weddell Sea (70°W-15°W) and King Hakon sector (15°W-70°E; Figure
S11). These regions are known to be associated with intense deep convection and strong ocean-atmosphere heat exchange
(e.g., Zhou et al., 2026), which has been responsible for the opening of large-scale, open-ocean, multi-year polynyas, as
observed in the 1970s (Comiso and Gordon, 1987). Consistent with this mechanism, pronounced positive mixed layer depth
anomalies are found in the Atlantic sector (30°W-30°E, south of 60°S) between approximately 1850 and 1900 (Figure S12),
indicating enhanced vertical mixing during this period. However, no well-defined open-ocean polynyas (i.e., fully surrounded
by sea ice) are observed in paleo-NorCPM1 wind nudging. The enhanced vertical mixing rather results in a homogeneous sea
cover decrease. Importantly, this behavior is not uniform across ensemble members since only two out of ten members exhibit

particularly strong convection events (Figure S13), while others show variability more consistent with the reconstruction of
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Dalaiden et al. (2025), albeit with larger amplitude. This large ensemble spread highlights the strong sensitivity of Antarctic sea
ice to wind-driven ocean dynamics and internal variability. Enhanced deep convection in the Southern Ocean is a known feature
of climate models (e.g., Zhou et al., 2026), and has also been reported in forced ocean simulations, including experiments with

surface salinity restoring (e.g., Dalaiden et al., 2025).

5 Summary and future perspectives

In this paper, we present and evaluate methodological developments that extend NorCPM to enable the assimilation of pa-
leoclimate records and thereby extend climate reanalyses beyond the instrumental period. NorCPM was augmented with a
comprehensive suite of PSMs that map climate variables into proxy space, allowing the integration of paleoclimate records
from a wide range of proxy archives within a consistent data assimilation framework. To provide a dynamically consistent
prior, we first generated a 30-member transient ensemble with NorESM1 covering 1500-1850 to complement the existing
historical ensemble (Bethke et al., 2021). Using this fully coupled transient ensemble, we produced a new offline PDA recon-
struction spanning 1500-2000 (paleo-NorCPM1 offline) by assimilating an extensive proxy database from multiple archives
(Emile-Geay et al., 2017; Konecky et al., 2020; Breitenmoser et al., 2014; Thomas et al., 2017, 2022). The hybrid covariance
approach employed in the DA system mitigates sampling error but still ensures consistency with external forcing and provides
a physically informed prior, which is particularly relevant during periods and in regions characterized by sparse observational
coverage. Compared with frameworks that draw priors from randomly sampled years of long control simulations, the use of a
transient, year-specific forced ensemble helps retain externally forced signals even during periods with a weak observational
network, while reducing sensitivity to an equilibrium climatology. Evaluation of paleo-NorCPMI1 offline against independent
instrumental datasets over the 20 century (20CRv3 (Slivinski et al., 2021), HadCRUTS (Morice et al., 2021), ERSSTv5
(Huang et al., 2017), GSWP3 (Lange et al., 2021), HadISST, (Kennedy et al., 2019)) demonstrates robust skill in reproducing
large-scale climate variability, major modes of climate variability, and key regional hydroclimate signals, including over Eu-
rope, the two polar ice sheets, the Pacific and Atlantic Oceans, as well as sea-ice extent. Comparisons with existing paleo-based
reconstructions (ModE-RA (Valler et al., 2024), LMR Offline (Tardif et al., 2019), LMR Online (Perkins and Hakim, 2017))
show broadly comparable performance, providing confidence in both the methodological framework and the realism of the
reconstructed variability.

As a step toward a fully coupled ocean-atmosphere paleo reanalysis, we conducted a 10-member NorESM1 ensemble over
1600-2000 in which the wind fields are nudged toward the atmospheric circulation reconstructed by paleo-NorCPM1 offline.
This wind nudging ensemble (hereafter paleo-NorCPM1 wind nudging) allows the ocean to dynamically adjust to the recon-
structed atmospheric variability and external forcing. In contrast to the offline reconstruction, where the ocean state is not
dynamically updated between assimilation steps and is therefore not suited for representing ocean dynamics, the wind nudging
framework provides a continuous, dynamically consistent ocean evolution driven by the reconstructed atmospheric circulation.
Paleo-NorCPM1 wind nudging therefore enables reconstruction of ocean variability, including diagnostics such as the OHC

and AMOC. The simulated OHC and AMOC variability compare broadly with a recent paleo-based ocean reconstruction
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(Dalaiden et al., 2025) and with a long climate reanalysis constrained by instrumental SST observations (Wang et al., 2025),
although differences remain. For most surface variables evaluated, paleo-NorCPM1 wind nudging shows similar performance
to paleo-NorCPM1 offline, indicating that reconstructed atmospheric circulation and external forcing provide the dominant
large-scale constraints on climate variability. By explicitly resolving ocean dynamics and atmosphere—ocean feedback, paleo-
NorCPM1 wind nudging exhibits enhanced multi-decadal variability in near-surface air temperature and SST, reflecting the
thermodynamic contribution of ocean adjustment. Notable differences between the two products emerge in the Southern Ocean
and surrounding regions, particularly near the Antarctic Ice Sheet. In paleo-NorCPM1 wind nudging, strong multi-decadal sub-
surface variability associated with episodic deep convection leads to amplified surface variability. While such behavior reflects
the dynamical sensitivity of the Southern Ocean to wind forcing, it also highlights known model sensitivities in representing
deep convection (e.g., Zhou et al., 2026). Paleo-NorCPM1 wind nudging thus provides a dynamically consistent reconstruc-
tion of coupled variability, while emphasizing that ocean responses, especially in the Southern Ocean, remain sensitive to
atmospheric circulation changes and model characteristics.

Taken together, the free transient ensemble, paleo-NorCPM1 offline, and paleo-NorCPM1 wind nudging provide a coherent
framework (all products are based on the same NorESM1 configuration) to investigate the mechanisms underlying the long-
term changes and low-frequency variability of the climate over the past centuries. By contrasting the ensemble mean of the
free transient ensemble (representing the externally forced response) with paleo-NorCPM1, it becomes possible to assess the
relative contributions of externally forced and internally generated variability to the reconstructed climate evolution. Addition-
ally, paleo-NorCPM1 wind nudging further enables examination of how reconstructed atmospheric circulation drives ocean
adjustment and coupled feedback processes, with the caveat that Southern Ocean variability exhibits strong sensitivity to wind

forcing.

Data availability. The two reanalyses, paleo-NorCPM1 offline and the wind-nudged ensemble, are available on Zenodo at
https://doi.org/10.5281/zenodo.19660743 (Dalaiden, 2026). Due to the size of the files, only the ensemble mean and variance from the two
reanalyses are made available. All the members from the two reanalyses are available following this link:

https://ns9039k.web.sigma2.no/datalake/dalaiden/paleo-NorCPM1/all_members.
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