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ABSTRACT: Historical observations of Earth’s climate underpin our knowledge and predictions

of climate variability and change. However, historical datasets are often inconsistent due to sparse,

error-prone instrumental data, which limits understanding of climate dynamics. Combining linear

inverse models (LIMs) with coupled data assimilation presents an opportunity to reconstruct and

quantify uncertainty in globally resolved sea-surface temperature (SST), near-surface air temper-

ature (T), sea-level pressure (SLP), and sea-ice concentration (SIC), with dynamical constraints.

Here, we present a monthly resolved reconstruction using coupled data assimilation with LIMs

from 1850–2023. We train LIMs on eight CMIP6 models to forecast the climate state and its error

covariance, and we assimilate observations of SST, land T, marine SLP, and satellite-era SIC using

the classic Kalman filter. We quantify uncertainty in model physics, observations, and bias correc-

tions with 1600 ensemble members, and we validate the method by reconstructing an out-of-sample

climate model. Key findings in the Tropics include post-1980 trends in the Walker circulation and

zonal-Pacific SST gradient that are consistent with past variability, whereas the tropical SST con-

trast (the difference between warmer and colder SSTs) shows a consistent strengthening since 1975.

ENSO amplitude exhibits substantial low-frequency variability and a local maximum in variance

from 1875–1910. In polar regions, we find a muted cooling trend in the Southern Ocean post-1980

and substantial uncertainty. Changes in Antarctic sea ice are relatively small between 1850 and

2000, while Arctic sea ice declines by 0�5�0�1 „1f” million km2 during the 1920s.
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1. Introduction24

The historical record (c. 1850–present) is central to our understanding of climate variability25

and Earth’s response to anthropogenic forcings, but we have yet to fully extract the available26

information from instrumental data. Observations of sea-surface temperature (SST), near-surface27

air temperature (T), and sea-level pressure (SLP) from ships of opportunity and weather stations28

are noisy, sparse, and vary over time, which adds an incomplete-data problem (Schneider 2001) to29

analyses of climate variability and change that cannot be avoided and should not be ignored.30

The homogenization of instrumental observations (Kent and Kennedy 2021; Chan and Huybers31

2019; Chan et al. 2023; Karl et al. 2015; Hausfather et al. 2017) and imputation of missing values32

have pronounced impacts on assessments of the climate sensitivity to increasing greenhouse gases33

(Sherwood et al. 2020; Forster et al. 2021), on efforts to distinguish internal variability from forced34

climate change (Schneider and Held 2001; Hegerl et al. 2019), and on our general quantification of35

atmosphere–ocean variability (Battisti et al. 2019). The evaluation of climate models also depends36

on comparison with historical datasets (Wills et al. 2022). To improve understanding, we need to37

synthesize observations across the Earth system using methods that are physically constrained by38

dynamics.39

The pattern effect on climate sensitivity, i.e., the dependence of radiative feedbacks on spatial40

patterns of SST anomalies (Armour et al. 2013; Andrews et al. 2015; Zhou et al. 2016; Ceppi and41

Gregory 2017; Andrews and Webb 2018; Fueglistaler 2019; Dong et al. 2019, 2020; Cooper et al.42

2024), is a salient problem in climate dynamics with strong ties to the incomplete-data problem.43

The pattern effect over the historical record (Andrews et al. 2018, 2022; Marvel et al. 2018; Salvi44

et al. 2023) depends on what the SST patterns were in the past, and recent studies have revealed that45

differences across infilled SST datasets lead to disparate interpretations of the historical pattern46

effect (Fueglistaler and Silvers 2021; Lewis and Mauritsen 2021), or possibly no pattern effect at all47

(Modak and Mauritsen 2023). This study is strongly motivated by the need to improve constraints48

on past SST patterns, on the historical pattern effect, and on many aspects of large-scale climate49

dynamics that are coupled to SST variability.50

SST patterns play a ubiquitous role in regulating climate variability, cloud feedbacks, and the51

atmospheric circulation (Deser et al. 2010). There are a variety of recent (c. 1980–present) climate52

phenomena tied to SSTs that seem either unprecedented or unremarkable depending on what we53
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deem to be natural variability, and this interpretation of recent trends relies on the incomplete54

instrumental record (Wunsch 1999; Kaplan et al. 1998). In the Tropics, there have been perplexing55

changes in SST gradients (Fueglistaler and Silvers 2021; Solomon and Newman 2012; Coats and56

Karnauskas 2017; Lee et al. 2022; Watanabe et al. 2024), the Walker circulation (Vecchi et al.57

2006; L’Heureux et al. 2013; McGregor et al. 2014; Watanabe et al. 2023; Tokinaga et al. 2012),58

and tropospheric temperatures coupled to SST patterns (Flannaghan et al. 2014; Fueglistaler 2019).59

The Southern Ocean is receiving increasing attention for its pronounced influence on global60

climate and cloud feedbacks (Kang et al. 2023b,a; Dong et al. 2022; Hartmann 2022), and there61

is an ongoing struggle to explain the post-1980 cooling trend in the Southern Ocean and to62

understand why climate models cannot reproduce the magnitude of cooling in the NOAA ERSST63

dataset (Huang et al. 2017; Blanchard-Wrigglesworth et al. 2021; Dong et al. 2023). Antarctic sea64

ice also has a substantial impact on radiative feedbacks (SI of Andrews et al. 2018) and continues65

to follow an unexpected trajectory (Fogt et al. 2022), but we know little about its evolution prior to66

the satellite era (Fan et al. 2014).67

Furthermore, understanding of the early-twentieth-century warming (ETCW) in the Arctic68

(Brönnimann 2009; Hegerl et al. 2018) and the possible loss of Arctic sea ice between the 1910s69

and 1940s, which appears in Brennan and Hakim (2022) and Walsh et al. (2017) but not in HadISST70

nor HadISST2 (Rayner et al. 2003; Titchner and Rayner 2014), has been limited by the paucity of71

Arctic observations. Could innovative analysis of instrumental data resolve these unknown aspects72

of historical variability?73

Existing SST datasets designed for climate analysis use a variety of statistical interpolation74

methods. These methods have been recently summarized in Modak and Mauritsen (2023) and75

Lewis and Mauritsen (2021) and described in detail in a review by Kent and Kennedy (2021),76

which also explains the extensive efforts to homogenize time-varying sources of in situ data. To77

assess radiative feedbacks over the historical record in atmospheric general circulation models78

(i.e., in AMIP-type simulations), complete coverage and monthly resolution of SST and sea-ice79

concentration (SIC) is required. Combined SST and SIC datasets for this purpose include the80

PCMDI AMIP II boundary condition from 1870–2017 (Hurrell et al. 2008) used as the standard81

for CMIP6, NOAA ERSSTv5 from 1854–present (Huang et al. 2017), Met Office Hadley Centre’s82

HadISST1 from 1870–present (Rayner et al. 2003) and HadISST2.1 (no longer maintained) from83
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1850–2010 (Titchner and Rayner 2014), and the Japanese Meteorological Agency COBE-SST284

from 1850–present (Hirahara et al. 2014). Since Kaplan et al. (1998) developed a landmark SST85

analysis using optimal interpolation, the incomplete-data problem has been investigated using86

kriging (Cowtan and Way 2014), and Vaccaro et al. (2021) used Markov random graphs while87

Kadow et al. (2020) used machine learning to impute hybrid air-sea surface temperatures over land88

and ocean.89

SST Observing Network: 1870 1899a Uncertainty in Preindustrial Mean: 1870 1899d

SST Observing Network: 1900 1979b SST Trend Uncertainty: 1900 1979e

SST Observing Network: 1980 2010c SST Trend Uncertainty: 1980 2010f
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Fig. 1. Historical observing network and SST uncertainty in pre-existing infilled datasets. (a–c) Fraction

of months with in situ data for SST over three time periods in HadSST4, where 1.0 indicates data in every

month during the period. (d) Illustration of systematic uncertainty in normalized pattern of preindustrial-mean

SST anomalies in existing infilled datasets, calculated as the sample standard deviation „1f” of the 1870–1899

mean anomalies across HadISST1, HadISST2.1, ERSSTv5, PCMDI/AMIP II, and COBE-SST2, relative to

their 1961–1990 climatologies; local anomalies are divided by global-mean anomalies (60°S–60°N) to highlight

uncertainty in spatial patterns. (e–f) Illustration of systematic uncertainty in patterns of SST trends, calculated as

the 1f of local trends across the same datasets in panel d; local SST trends are first divided by the global-mean

SST trends (60°S–60°N) to highlight uncertainty in the patterns, and local values greater than 1.0 indicate that

the local 1f is greater than the global-mean trend. Note different colorbars in panels d–f.
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Figure 1 depicts the time-evolving observing network of in situ SST measurements in HadSST4100

(Kennedy et al. 2019). As motivation for this study, we illustrate the spread (1f) across existing101

datasets (HadISST1, HadISST2.1, ERSSTv5, COBE-SST2, and AMIPII) in their preindustrial-102

baseline SST (mean anomaly over years 1870–1899) and the spread in their SST trends from103

1900–1979 and 1980–2010. We separate the satellite era (c. 1980–present) from the earlier104

warming because of the variety of studies highlighting and questioning the peculiarity of recent105

trends (e.g., Fueglistaler and Silvers 2021; Andrews et al. 2022; Lewis and Mauritsen 2021). The106

spatial pattern of uncertainty is influenced by varying methods of imputation, homogenization of107

data sources, and representativeness error in using point observations as estimates of grid-scale108

means. It may be surprising to see that even post-1980, the data coverage over the Southern Ocean109

and southeast Pacific is far from complete, and the inter-dataset differences in those regions are110

notable even in recent decades (Figure 1c,f). Marine observations of sea-level pressure (SLP) have111

a similar footprint to the SST observing network in Figure 1.112

Atmospheric reanalyses address the incomplete-data problem by using data assimilation, but113

coupled data assimilation of both atmosphere and ocean is still a frontier in climate research.114

Data assimilation (DA) describes the collection of methods that synthesize model forecasts with115

sparse and noisy observations, producing posterior analyses and uncertainties that are subject to116

the dynamical constraints of the model. DA is computationally intensive, hence existing reanalyses117

only assimilate data in the atmospheric component, meaning that the SST and SIC boundary118

conditions are prescribed a priori in ERA5 (Hersbach et al. 2020), JRA-55 (KOBAYASHI et al.119

2015), NOAA’s 20th Century Reanalysis (Compo et al. 2011; Slivinski et al. 2019), and Mod-ERA120

(Franke et al. 2017; Valler et al. 2024). Progress in coupled atmosphere–ocean reanalysis has been121

slow and difficult. ECMWF’s coupled DA program, CERA-20C (Laloyaux et al. 2018), is now122

inactive, and ECMWF no longer hosts the output from CERA-20C.123

To circumvent the computational obstacles associated with DA in fully coupled models,124

lightweight DA methods have been developed primarily for paleoclimate reconstruction. The125

“offline” DA method uses a static, uninformed prior from pre-existing model output (e.g., Hakim126

et al. 2016; Steiger et al. 2014, 2018; Tierney et al. 2020; Osman et al. 2021; Smerdon et al. 2023).127

“Online” methods use a time-evolving prior that is informed by the previous initial conditions pro-128
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duced by data assimilation. Online DA requires integrating a forecast model after each assimilation129

step, and the expensive forecasting causes a computational bottleneck.130

Data-driven approaches that emulate climate models can overcome the computational bottleneck.131

The linear inverse model (LIM) has been tested in annual-mean DA with proxies over the last132

millennium (Perkins and Hakim 2021) and for subseasonal forecasting (Hakim et al. 2022). LIMs133

have been applied to study dynamics and predictability of ENSO (e.g., Penland and Sardeshmukh134

1995; Shin et al. 2021; Vimont et al. 2014; Kido et al. 2023), meridional modes (Vimont 2012),135

global surface temperatures (Newman 2013), SSTs in the North Atlantic (e.g., Zanna 2012) and136

North Pacific (Newman 2007; Newman et al. 2016; Zhao et al. 2024), hydroclimate (Coats et al.137

2020; Tseng et al. 2021), and sea ice (Brennan et al. 2023). LIMs are computationally efficient,138

enabling coupled assimilation of observations across Earth system components, e.g., pressure139

observations in the atmosphere and SST observations in the ocean can each inform both SST and140

SLP in coupled DA. Combining LIMs with data assimilation presents an exciting opportunity to141

constrain and quantify uncertainty in globally resolved SST, near-surface air temperature (T), SLP,142

and SIC over the historical record, with physically consistent constraints across the climate state.143

The primary goals of this study are to produce an improved reconstruction of monthly SST, T,144

SLP, and SIC with global coverage from 1850–present and to quantify the time-varying uncertainty.145

Section 2 describes methods and data, including linear inverse models, data assimilation, validation146

with an out-of-sample reconstruction, observations, and comparison datasets. Section 3 describes147

the results of the data assimilation with real observations. Section 4 discusses the implications of148

the results for interpreting climate variability and the caveats of the method. Section 5 presents the149

conclusions.150

2. Methods and data151

In this section, we describe the reconstruction method, our validation testing, and data sources.152

The reconstruction of monthly means consists of (i) a monthly forecast, for which we use LIMs that153

emulate eight CMIP6 models, and (ii) data assimilation in every month, for which we use the classic154

Kalman filter (Kalman 1960; Kalnay 2003). We validate the method with a pseudo-reconstruction155

of a climate model’s 1850–2014 historical simulation (MPI-ESM1-2-HR), from which we draw156

observations that mimic the true observing network.157
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a. Linear inverse models158

Anomalies around an equilibrium state in the nonlinear climate system can be approximated as a159

stochastically forced, linear dynamical system (e.g., Hasselmann 1976; Penland and Sardeshmukh160

1995; Penland 1996):161

3x
3C
= Lx‚S[� (1)

where x is a state vector of # principal components of SST, SLP, and SIC, L is an # �# linear162

operator representing the deterministic dynamics, and S[ approximates the unresolvable nonlinear163

dynamics as stochastic forcing with an # �" noise-amplitude matrix, S, and a vector, [, of164

independent, Gaussian white noise with unit variance and length " .165

LIMs typically assume stationary statistics, but Shin et al. (2021) extend the LIM framework166

to include monthly variations in the dynamics. The monthly, or “cyclostationary” LIM, has been167

applied to ENSO (Shin et al. 2021; Vimont et al. 2022; Kido et al. 2023). We build on this recent168

work and use cyclostationary LIMs to model global SST, T, SLP, and SIC. We use the fixed-phase169

approach (OrtizBeviá 1997) to train the 12 L 9 operators in the cyclostationary LIM, where 9170

indicates the month:171

L 9 = g
�1 log»C 9 „g”C 9 „0”�1…� for 9 = 1�2� ����12� (2)

C 9 „g” and C 9 „0” are the g-lag and zero-lag covariance matrices of x for month 9 , and g = 1 month172

in all of the following equations. The stochastic amplitude matrices, S 9 , are estimated from the173

fluctuation-dissipation relation of Equation (1) (Penland and Matrosova 1994),174

3C 9 „0”
3C

= L 9C 9 „0” ‚C 9 „0”L)9 ‚Q 9 � (3)

where Q 9 = S 9S)9 . We follow Shin et al. (2021) in estimating the cyclostationary Q 9 as175

Q 9 =
C 9‚1„0” ‚C 9�1„0”

2�C
� »L 9C 9 „0” ‚C 9 „0”L)9 …� (4)

with�C = 1 month. Before computing L 9 and Q 9 , we follow Shin et al. (2021) in taking the 3-month176

running means of C 9 „g” and C 9 „0”, e.g., we estimate C 9 „g” � hC 9�1„g”�C 9 „g”�C 9‚1„g”i. As in177

8



other LIM studies (e.g., Penland 1996), we remove any negative eigenvalues in Q 9 and rescale178

remaining eigenvectors to conserve the original variance.179

The LIM produces forecasts at lead g = 1 month from integrating Equation 1 in time as180

x„C ‚ g” =G 9x„C” ‚n� (5)

where G 9 = exp„L 9g” = C 9 „g”C 9 „0”�1. The integrated stochastic term, n, equals 0 in a determin-181

istic forecast, but we cannot ignore this term in data assimilation because of its contribution to the182

error covariance, P„C” = cov»x„C”�x„C”….183

The forecast equation for the error covariance, assuming no correlation between error and state,184

is185

P„C ‚ g” =G 9P„C”G)
9 ‚N 9 „g”� (6)

To solve for N 9 „g”, we extend the logic that applies to the stationary LIM (Hakim et al. 2022;186

Penland 1989) for the cyclostationary case. Equation 6 must be valid for any month’s initial187

condition, including C 9 „0”, from which the monthly forecast must arrive at C 9‚1„0” because the188

statistics are cyclostationary, therefore:189

N 9 „g” = C 9‚1„0” �G 9C 9 „0”G)
9 � (7)

For the reconstruction, the key equations of the forecast model are Equation 5, which forecasts the190

mean, and Equation 6, which forecasts the error covariance.191

We train separate LIMs to emulate the following eight CMIP6 models: CESM2, GFDL-ESM4,192

HadGEM3-GC3.1-LL, SAM0-UNICON, UKESM1.0-LL, NorESM2-LM, EC-Earth3, and E3SM-193

2-0. For training, we use preindustrial-control simulations with the 1850–2014 historical simu-194

lations appended. Our selection of models is informed by Lou et al. (2023), which found that195

this subgroup performs best in an analog method for ENSO forecasting, although we make two196

changes: we remove HadGEM3-GC3.1-MM to prevent having two versions of HadGEM3, and we197

substitute E3SMv2.0 (Qin et al. 2024) for CIESM because of issues simulating sea ice in CIESM198

(Lin et al. 2020). LIM training is summarized in the Appendix. LIMs are trained separately for199
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each model using monthly mean anomalies, and each LIM has a minimum of 665 years of training200

data (500 preindustrial and 165 historical years).201

We regrid all training data to 2° resolution (96� 144 latitude-longitude grid). For consistency202

with observations, which are expressed as anomalies relative to a 1961–1990 climatology, we203

remove the grand mean and climatological means calculated over 1961–1990 for each model.204

Separately for each model and state variable, we compute EOFs area-weighted by the square-root205

of the cosine of latitude for SST, T, SLP, Northern Hemisphere (NH) SIC, and Southern Hemisphere206

(SH) SIC. We retain approximately 85% of each field’s variance in the truncated state (Appendix).207

We form each model’s standardized state vector from its principal components, x: , as:208

x =

26666666666664

x(()�f(()
x)�f)

x(!%�f(!%
x(��𝑁𝐻

�f(��𝑁𝐻

x(��𝑆𝐻
�f(��𝑆𝐻

37777777777775
�

where f2
:

is the retained variance after EOF truncation of field : . We use the standardized state209

vectors x to compute covariance matrices for each model, and we project into and out of the LIM210

basis by storing the EOFs and scale factors, f: , for each field. Each LIM is run independently in211

parallel through the data assimilation framework.212

b. Data assimilation213

Given a prior forecast of the state’s monthly mean x 5 and error covariance P 5 , we assimilate214

observations to produce the posterior analysis x0 and P0 using the Kalman filter:215

x0 = x 5 ‚K„y�Hx 5 ”� (8)

216

P0 = »I�KH…P 5 � (9)
217

K = P 5H) »HP 5H) ‚R…�1� (10)
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where K is the Kalman gain, y is the vector of observations, H is the linear observation operator,218

and R is the observation error covariance. After solving Equations 8–10 for a given month, we use219

the posterior analysis as the initial condition in forecasting the next month with Equations 5 and 6.220

Our method is “strongly coupled online DA,” where “strongly coupled” means that we assimilate221

observations concurrently across the atmosphere and ocean using cross-component covariances,222

and “online” means that we use a forecast model with the previous assimilation step’s initial223

conditions to inform the prior. Because this method uses the classic Kalman filter and propagates224

P 5 exactly, we avoid the sample error and localization issues that arise when estimating P 5 in225

an ensemble Kalman filter (Evensen 1994; Houtekamer and Zhang 2016). The downside of this226

method is that we cannot analyze statistics of temporal variability without ensemble members.227

To solve that problem, we generate ensemble members as though we were using the ensemble228

Kalman filter with perturbed observations (Houtekamer and Mitchell 1998; Burgers et al. 1998),229

but instead of using the ensemble members to estimate P 5 , we use the exact forecast from the230

classic Kalman filter. For each LIM, we initialize 200 ensemble members in January 1850 with231

random draws from a multivariate-normal distribution with covariance C1„0”. Each ensemble232

member is updated using Equation 8, with x=
5

corresponding to ensemble member = in place of233

the ensemble mean, and y= is a multivariate-normal random draw of the observations with mean y234

and covariance R. After the assimilation, each x=0 is advanced to the next month using Equation235

5. The noise term in Equation 5, n, becomes a random draw from N 9 „g” in Equation 7 for each236

ensemble member. Because our LIMs are built to forecast monthly means, we can draw from the237

distributions of the monthly statistics rather than stochastically integrating (Penland and Matrosova238

1994) each ensemble member.239

An additional benefit of the ensemble is that we can propagate temporally correlated observation240

errors that are associated with uncertainties in bias corrections. For example, HadSST4 (described241

below) provides a 200-member ensemble of monthly SST observations to represent temporally242

correlated errors (Kennedy et al. 2019). To incorporate these errors, we let y vary across the243

ensemble members, but each of our 200 ensemble members x= is paired at every timestep with the244

corresponding ensemble member = from the HadSST4 ensemble.245
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c. Observations246

We use four sources of observations corresponding to each of the four state variables (SST, T,247

SLP, SIC). All observations are anomalies relative to a 1961–1990 climatology, which is the period248

chosen by Kennedy et al. (2019) and Osborn et al. (2021).249

SST observations are from HadSST4 version 4.0.1.0 (Kennedy et al. 2019), provided by the250

Met Office Hadley Centre on a 5° � 5° grid. HadSST4 quality controls and corrects biases in251

the in situ measurements from ICOADS 3.0.0 (1850–2014) and ICOADS 3.0.1 (2014–present),252

the central database of ship records (Freeman et al. 2017). HadSST4 provides non-infilled data253

as monthly means from 1850–present, and ship coverage varies substantially over time (Figure 1).254

Measurement and sampling errors are provided for every gridcell and month with data, and error255

covariance matrices are provided that estimate the spatially correlated errors. We include these256

sources of error in R. Temporally correlated errors from uncertain bias corrections are estimated257

with a 200-member ensemble of observations, and we account for these errors with our ensemble258

DA method, described in Section 2b.259

Observations of near-surface air temperature (T) over land are from CRUTEM5 version 5.0.2.0260

(Osborn et al. 2021). Weather-station data is quality controlled, bias-corrected, and provided as261

monthly means with error estimates on a 5° � 5° grid. We include CRUTEM5’s time-varying262

measurement and sampling errors in R.263

Marine SLP observations are from ICOADS Enhanced Release 3.1 for 1850–2014 and Release264

3.0.2, for 2015–2023 (Freeman et al. 2017). SLP data are provided as monthly means on a 2° �265

2° grid, along with the number of observations, =obs, in each month and the intra-month standard266

deviation, B, of the observations in each gridcell. The baseline climatology for anomalies is267

provided by Hersbach et al. (2020). There are a large number of SLP observations due to the268

finer grid of ICOADS compared to HadSST4. We only assimilate gridcells with =obs � 5, and for269

months that have data in more than 3000 gridcells, we mask up to 40% of the values between 25°S270

and 60°N using random sampling. Past studies identified a bias in ICOADS SLP data before 1870,271

which is discussed in Slivinski et al. (2019), Freeman et al. (2017), and Allan and Ansell (2006).272

NOAA 20CRv3 performed a bias correction of the pre-1870 SLP observations, so we substitute273

the 1850–1870 SLP from ICOADS with the collocated values from NOAA 20CRv3. ICOADS274
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does not provide an estimate of measurement and sampling errors which comprise the diagonal275

terms in R, so we estimate R as described below.276

To estimate R for the monthly mean SLP, we apply a method similar to that in Kaplan et al.277

(2000). The concept is that intramonth B, which is caused by submonthly variability, measurement278

error, and representativeness error, provides an estimate of the error in the monthly mean (Leith279

1973). We take the local time-average of B2 =obs
=obs�1 over the well observed period 1961–2023 to280

estimate the climatological error variance, f2, in the monthly mean for each gridcell, and we281

restrict the estimate to gridcells with =obs ¡ 30 in a given month. Again using a similar approach282

to Kaplan et al. (2000), we then spatially smooth the resulting climatological maps of f using a283

running-mean window of 12° latitude � 50° longitude equatorward of 52°N/S and a window of284

18° latitude � 100° longitude poleward of 52°N/S. This results in 12 monthly 2° � 2° fields of the285

random measurement and sampling error, frandom.286

We then must assign a time-varying error, f, to each monthly value of SLP. We start with287

the random error described above, then reduce the random error by the number of intramonth288

observations in a gridcell. To account for autocovariance and possible sampling errors even289

when =obs is large, reduce =obs to =adjusted = =obs�2, and we set the maximum of =adjusted at 30290

(Leith 1973; Bretherton et al. 1999). We then consider the systematic component of the total291

error, f2 = f2
systematic ‚f

2
random�=adjusted, as discussed in Kennedy (2014). We estimate f2

systematic292

from the variance across neighboring observations. The idea is that if neighboring observations293

consistently differ, the differences are from irreducible, systematic errors. Separately for each294

month from 1961–2023, we calculate the spatial variance across a running-mean window of 16°295

latitude � 32° longitude, restricting the calculation to gridcells with =obs � 5. We use the zonal296

mean of the climatology of this field to represent f2
systematic. We make one adjustment by setting the297

minimum fsystematic at 6 hPa south of 72°S, preventing the error from getting small near Antarctica.298

The systematic error ranges from approximately 1 hPa on the equator to 7 hPa in polar regions,299

with a local maximum of 9.5 hPa over the Southern Ocean at 55°S.300

Sea ice observations are provided by the NOAA/NSIDC Climate Data Record (CDR) of Passive301

Microwave Sea Ice Concentration, Version 4 from 11/1978–09/2023 and Near-Real-Time, Version302

2, for 10/2023–12/2023 (Meier et al. 2021b,a). We coarsen the observations from 25 km to 2°303

resolution. At each timestep in the assimilation with satellite data, we use a subset of the available304
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data, which includes nearly complete coverage of the polar regions. We retain all observations with305

SIC of 1%–98%, and we retain 40% of the remaining observations using random sampling. For306

measurement and sampling errors that form the diagonal terms in R, we use the provided standard307

deviations of daily values, but we set the minimum value to 1 percentage point. As previously308

described for SLP, these intramonth standard deviations approximate the monthly mean error and309

are calculated using both the NASA Team and Bootstrap algorithms, thereby estimating systematic310

error across data-processing methods. Errors are small in open water and pack ice but are often311

between 30 and 50 percentage points in partial ice cover. We do not have CDR data for sea ice312

from 1961–1978, but we need a full climatology from 1961–1990 to calculate the SIC anomalies313

relative to a baseline that is consistent with the HadSST4 anomalies. For 1/1961–11/1978, we use314

the multi-model mean of the historical simulations from the eight models used for LIM training,315

and use the merged climatology from 1961–1990 as the reference for SIC anomalies.316

d. Validation: Pseudo-reconstruction of an out-of-sample model317

To test our method, we mimic the real reconstruction problem and attempt to reconstruct the318

1850–2014 historical simulation from a climate model. Our target model is MPI-ESM1-2-HR,319

ensemble member r1i1p1f1 (Mauritsen et al. 2019), and we have chosen MPI-ESM1-2-HR because320

it is a difficult test of the method. Unlike nearly all other models, it has cooling in the Southern Ocean321

from 1980–2014. It also has a low-bias in Antarctic sea ice (Roach et al. 2020), and substantially322

different ENSO statistics and radiative feedbacks (Bloch-Johnson et al. 2024) compared to the323

models used for LIMS and priors in the data assimilation. The pseudo-reconstruction’s target is324

out-of-sample because MPI-ESM1-2-HR is not used for LIM training. The dynamics of the target325

model are unknown to our forecast models.326

We draw pseudo-observations from the target simulation at the same times and locations where327

real observations are available for SST, T, SLP, and SIC. Random errors are added to the pseudo-328

observations by sampling from the real observation errors in R. Note that real observations also329

have biases and unknown, unquantified errors which make the real reconstruction more challenging330

than this test. On the other hand, the LIMs used as model priors are selected based on their ability331

to collectively emulate reality rather than the target model of the pseudo-reconstruction.332
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Fig. 2. Validation by pseudo-reconstruction: variability timeseries. (Orange) True values from the

target model, the 1850–2014 historical simulation from MPI-ESM1-2-HR. (Blue) Result from data assimilation,

showing mean of 1600 ensemble members; shading denotes ensemble 17th and 83rd percentiles, i.e., likely range.

(a) Atlantic Multidecadal Variability with 10-yr low-pass filter and monthly values as thin lines. (b) Pacific

Decadal Oscillation with 6-yr low-pass filter and monthly values as thin lines. (c) Monthly Nino3.4 with 30-yr

running mean removed. (d) Rolling 30-yr standard deviation of Nino3.4 in panel c. (e) Zonal gradient of tropical

Pacific SST with 10-yr low-pass filter. (f) Tropical SST contrast, SST#, 5-yr running mean. (g) Global-mean

near-surface air temperature (GMSAT) with 10-yr low-pass filter and monthly values in thin lines. (h) Zonal

mean of Southern Ocean SST (50°–70°S) with 10-yr low-pass filter. (i) Walker circulation, i.e., zonal SLP

gradient across tropical Pacific, with 10-yr low-pass filter. (j) Southern Annular Mode with 10-yr low-pass filter.

(k) Total area of Arctic sea ice with 24-month running mean. (l) Total area of Antarctic sea ice, with 24-month

running mean. Calculation of metrics is described in Methods Section 2d.
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Figure 2 shows timeseries representing climate variability from the pseudo-reconstruction. The345

ensemble mean is calculated as the grand mean across all 1600 ensemble members (8 LIMs �346

200 members), and the ensemble shading spans the 17th–83rd percentiles. The various metrics in347

Figure 2 are calculated as follows, with anomalies representing the departures from the 1961–1990348

climatological annual cycle unless stated otherwise:349

• Atlantic multidecadal variability (AMV) is the monthly mean SST anomaly in the North350

Atlantic (0°–60°N, 80°W–0°W) minus the global mean; the mean of the index from 1900–1970351

is removed before plotting (Trenberth and Shea 2006).352

• The Pacific Decadal Oscillation (PDO) is the leading EOF of the monthly mean SST anomaly353

in the North Pacific (20°–70°N) after removing the global mean (Newman et al. 2016).354

• Nino3.4 is the monthly mean SST anomaly from 170°W to 120°W and 5°S–5°N, with the355

30-yr running mean removed.356

• The zonal SST gradient in the tropical Pacific is the mean SST anomaly in the west357

(80°E–150°E) minus the east (160°W–80°W), spanning 5°S–5°N (Heede and Fedorov 2023).358

• SST#, which denotes the tropical SST contrast, is the mean of the warmest 30% of tropical359

SSTs minus the tropical-mean SST, and the 1961–1990 mean is removed (Fueglistaler 2019).360

• Southern Ocean SST is the zonal-mean SST anomaly from 50°–70°S (Doddridge and Marshall361

2017).362

• Global-mean near-surface air temperature (GMSAT) is the global-mean T anomaly.363

• The Walker circulation, measured by the zonal SLP gradient, is the mean SLP anomaly in364

the west Pacific (130°E–150°E) minus the central-east Pacific (160°W–120°W), spanning365

5°S–5°N (e.g., Heede and Fedorov 2023).366

• The Southern Annular Mode (SAM) is the standardized zonal-mean SLP anomaly at 40°S �367

2° minus the standardized zonal-mean SLP anomaly at 65°S � 2° (Gong and Wang 1999); the368

reference period for standardization is 1961–1990, and each month is standardized separately.369

• Sea ice area is the sum of the products of SIC and gridcell area; note that a common land370

mask must be used when comparing ice area across datasets.371
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Most large-scale metrics are reconstructed with accuracy. We assess performance by the Pearson372

correlation (’), the fraction of variance explained (’2) and the Nash-Sutcliffe Efficiency (NSE),373

NSE = 1�
˝„G8 � Ĝ8”2˝„G8 � Ḡ”2 �

which accounts for the relative phasing of the true timeseries (G8) versus the reconstructed timeseries374

(Ĝ8) the signal amplitude, and bias. The NSE has an upper bound equal to one and can become375

negative from bias in the mean or amplitude of variability (Nash and Sutcliffe 1970). We find376

’2 ¡ 80% for the AMV, PDO, Nino3.4, the 30-year rolling 1f of Nino3.4, the zonal SST gradient377

in the tropical Pacific, GMSAT, Southern Ocean SST, the Walker circulation (zonal SLP gradient),378

the SAM, and Arctic ice area. The tropical SST contrast, (()#, is particularly difficult with the379

lowest ’2 = 0�31. NSE values are also shown in Figure 2.380

The reconstruction of the Walker circulation has a damped amplitude compared to the target,381

which is due to the EOF truncation of SLP in the LIM training. We show an additional version382

of the target model’s Walker circulation, which is calculated after truncating the target’s SLP into383

the leading 30 EOFs. Truncation has a notable impact on tropical SLP because the variance in384

equatorial SLP is much smaller than the variance at higher latitudes, but truncation does not appear385

to have a substantial influence on other metrics.386

Antarctic sea ice has ’2 = 0�56 and is biased high in the reconstruction pre-1979. The reason for387

this bias is that the target model is biased low relative to the multi-model mean of the LIMs and388

relative to the satellite record (Roach et al. 2020). There are decadal periods of abrupt ice loss in389

the target model which are not captured in the reconstruction. These ice-loss events are associated390

with brief warming episodes in Southern Ocean SST (Figure 2h), which are also not detected in391

the reconstruction. While we do not know whether such ice-loss events happen in nature, it is392

worth noting that if they do occur, our method cannot identify them in the sparse instrumental393

observations. Despite missing these decadal warmings, the lower-frequency variability in Southern394

Ocean SST and the SAM is captured by the reconstruction.395

Figure 3 shows the pattern of trends in annual-mean SST for 1900–1979 and 1980–2014. Local405

trends are divided by the global-mean trend to emphasize the patterns, which are important for406

radiative feedbacks. We also show the reconstruction’s ensemble spread (1f) in trend patterns,407

which highlights regions of elevated uncertainty. It is important to recall that observations in the408
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Southern Ocean and southeast Pacific are sparse even after 1980 (Figure 1c), which is evident in409

our uncertainty quantification.410

To further illustrate the uncertainty, we show trends from individual ensemble members (Figure411

3c,g). These ensemble members show more cooling in the Southern Ocean than is seen in412

the ensemble mean. The takeaway message, which is relevant to the next section on the real413

reconstruction, is that our DA framework is capable of reconstructing cooling over the Southern414

Ocean, even though the models used to train the LIMs do not show post-1980 cooling over the415

Southern Ocean in their historical simulations.416

Figure 4 shows trends in annual-mean SLP for 1900–1979 and 1980–2014. We only assimilate424

marine observations, hence terrestrial SLP is expected to deviate from the truth. Large-scale425

patterns are consistent, but the errors in the magnitude of trends are substantial, especially over the426

Southern Ocean. Sparse observations and the unique physics of the target model compared to the427

forecast models results in considerable uncertainty.428

For additional validation, we show the spatial distribution of correlation and NSE in Supplemental429

Figures S1–S2. In Supplemental Figures S3–S4, we also show the correlation and NSE when430

using only one LIM instead of the multi-model mean of eight LIMs, which illustrates the major431

improvements from using multiple models in the reconstruction (Amrhein et al. 2020; Parsons et al.432

2021). As a separate form of validation that does not involve pseudo-reconstruction, we evaluated433

the Desroziers statistics of the DA system (Desroziers et al. 2005). These results are shown in434

Supplemental Figure S5 and illustrate the calibration of the DA system.435

e. Comparison data436

We include a variety of datasets for comparison with our reconstruction. For SST, we focus on437

datasets which are globally complete and have monthly resolution. We include PCMDI/AMIPII438

(Hurrell et al. 2008), which was used for CMIP6’s AMIP simulations, NOAA ERSSTv5 (Huang439

et al. 2017), HadISST1 (Rayner et al. 2003), HadISST2.1 (no longer maintained) (Titchner and440

Rayner 2014), and COBE-SST2 (Hirahara et al. 2014). The statistical infilling in these products441

is briefly described by Modak and Mauritsen (2023) and Lewis and Mauritsen (2021) and with442

more detail in Kent and Kennedy (2021). All products are regridded to the 2° resolution of our443

reconstruction.444
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For SLP, we show reanalyses from ERA5 (1949–present) from Hersbach et al. (2020),445

NOAA/CIRES/DOE 20CRv3 (1836–2015) from Slivinski et al. (2019), and NCEP/NCAR446

(1948–present) from Kalnay et al. (1996), all regridded to 2° and monthly resolution. We also447

include an older product, HadSLP2 (Allan and Ansell 2006). HadSLP2 is no longer maintained,448

but it provides monthly means of SLP and would be a companion to HadSST4 if updated. We449

include a proxy-based reconstruction of the Walker circulation from Falster et al. (2023), labeled450

F23, which used offline DA of proxies. We include the SAM from multiple reconstructions using451

offline DA (O’Connor et al. 2021; Dalaiden et al. 2021; King et al. 2023) and regression (Fogt452

et al. 2009), labeled as O21, D21, K23, and F09.453

For SIC, we show HadISST2.2 (Titchner and Rayner 2014), HadISST1 (Rayner et al. 2003),454

and AMIPII (Hurrell et al. 2008), which is largely based on HadISST1. The satellite record from455

NOAA/NSIDC CDR (Meier et al. 2021b) is also shown from 11/1978–2023. We also include456

the proxy-based reconstruction of Arctic SIC from Brennan and Hakim (2022), labeled BH22,457

which has annual rather than monthly resolution. We regrid all SIC data to 2° resolution. When458

comparing total anomalies in Arctic ice area across datasets, we use a land mask that is common459

across all datasets. Otherwise, one dataset may have large anomalies where another dataset has460

missing values, skewing the comparison.461

For global-mean T (GMSAT), we compare with HadCRUT5 and BEST (Morice et al. 2021;462

Rohde et al. 2013). Note that our reconstruction is of the near-surface air temperature, while the463

comparison datasets are hybrids of air temperature over land and SST over ocean.464

Importantly, various instrumental datasets often impact one another. The lower boundary con-465

dition in ERA5 is the SST from HadISST2 until 2007 and sea ice from HadISST2 until 1979466

(Hersbach et al. 2020). NOAA 20CRv3 also uses HadISST2 sea ice as a boundary condition from467

1836–2015 and HadISST2 SST pre-1981 (Slivinski et al. 2019). The SST dataset ERSSTv5 uses468

the sea ice from HadISST2 to adjust its SST values in the Southern Ocean (Huang et al. 2017).469

These are examples of how uncertainty in one dataset might affect others.470
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3. Historical Reconstruction471

In this section, we share the reconstruction of SST, T, SLP, and SIC from coupled atmo-472

sphere–ocean data assimilation with linear inverse models. We show timeseries of climate vari-473

ability, spatial trends in SST, SLP, and SIC, and the El Niño beginning in 1877.474

a. Variability from 1850–2023488

Figure 5 shows variability timeseries, as described in the validation Figure 2. The AMV and489

PDO are similar across datasets for most of the historical record, as noted for the PDO in Newman490

et al. (2016), but there are substantial PDO differences from 1850–1900.491

Nino3.4 shows substantial inter-dataset spread before 1875, but the most interesting ENSO feature492

is the low-frequency evolution of ENSO variance in Figure 5d, measured by the 30-year rolling 1f493

of Nino3.4. Recent studies have argued for increased ENSO variance with global warming (e.g.,494

Cai et al. 2021, 2023), although ENSO variance could decrease with long-term warming (Callahan495

et al. 2021). In our results, ENSO variance was at local maximum between 1875 and 1900 and496

at a local minimum 1930–1960. Figure 5d suggests considerable low-frequency fluctuations in497

ENSO variance, and it would be interesting to know whether there is a physical explanation for498

this time-evolution and muted ENSO variance in the mid-1900s.499

Tropical SST gradients tell two different stories (Figure 5e,f). Recent trends from 1980–2023 in500

the zonal SST gradient (Figure 5e) suggest a minor strengthening, but the trend does not appear501

anomalous relative to past variability. However, a more physically motivated metric (Fueglistaler502

2019; Fueglistaler and Silvers 2021), namely the contrast between the warmest tropical SSTs and503

the tropical mean SST (SST# in Figure 5f), shows a prolonged strengthening from 1975–present.504

The 1975–2023 trend in SST# may indeed be unique compared to the variability before 1975, but505

further investigation is needed.506

The Walker circulation (zonal SLP gradient) appears consistent with natural variability over507

the full historical record (Figure 5i). Our reconstruction does not show a notable weakening of508

the Walker circulation over the 20th century (Vecchi et al. 2006; Tokinaga et al. 2012), nor does509

it display a notable recent strengthening since 1979 (Chung et al. 2019; L’Heureux et al. 2013;510

Watanabe et al. 2023). Heede and Fedorov (2023) found unique recent changes in the zonal SLP511

gradient using the NCEP/NCAR Reanalysis, but that product may be an outlier from 2005–2015512
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(Figure 5i). Watanabe et al. (2024) highlight trends since 1979 in multiple reanalyses, but those513

trends now seem less unique in light of the variability spanning 1850–2023.514

Reconstruction of the Southern Annular Mode (SAM) is relatively confident based on our515

ensemble spread (Figure 5j). However, the pre-1980 disagreement across reanalyses and other516

reconstructions is substantial, and spurious trends have been identified in reanalyses poleward of517

60°S (Fogt and Connolly 2021). Studies have highlighted the positive trend in the SAM from518

1980–present (Marshall 2003; Swart et al. 2015; Banerjee et al. 2020), but some datasets in Figure519

5j show longer-term positive trends, possibly spanning the entire 20th century (O’Connor et al.520

2021). Our results indicate that the recent trend only extends from approximately 1975–present.521

There appears to be another prolonged positive trend from 1850–1920 in our reconstruction but522

not in any of the comparison data, and that SAM trend aligns with SST cooling in the Southern523

Ocean over the same period. Brönnimann et al. (2024) analyzed newly digitized ship records from524

1903–1916 and also find the early 1900s to have a positive SAM and pronounced surface cooling525

over the Southern Ocean.526

Sea ice has major differences with the HadISST1 and AMIPII datasets that have been used to527

assess radiative feedbacks over the historical record (Figure 5j,l). Over much of the historical528

record, these datasets have had to use constant climatologies. There are also differences in the529

satellite era because of uncertainties in data processing and discontinuities in the satellite sources.530

For example, there are spurious high values in Antarctic sea ice from 2009–2011 in HadISST1 and531

AMIPII (Screen 2011), shown in Figure 5l.532

In Arctic sea ice, the main difference across datasets relates to the early 20th-century warming533

(Hegerl et al. 2018). HadISST1 and AMIPII do not have any signal of the early 20th-century534

warming in ice area. Our reconstruction shows a loss of 0�5� 0�1 „1f” million km2 during the535

1920s, measured by comparing the decadal means of the 1930s and 1910s. Note that this value536

should not be compared directly with other datasets unless the land masks are consistent. The537

Brennan and Hakim (2022) reconstruction of annual means uses only proxy data in offline DA and538

agrees with our results after averaging their MPI and CCSM4 model priors.539

Antarctic sea ice is a unique result compared to existing estimates. In stark contrast to the540

datasets used for CMIP6/DECK/AMIP/CFMIP (Webb et al. 2017) and as boundary conditions in541

reanalyses (e.g., Slivinski et al. 2019; Hersbach et al. 2020), our reconstruction shows much less542
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ice loss from preindustrial to present conditions. AMIPII, HadISST1, and HadISST2 are at the543

edge or outside of our likely range for the entire pre-1980 period. Note that HadISST2 is the ice544

boundary condition in ERA5 and NOAA 20CRv3 before 1979, and it is used to adjust the SST in545

NOAA ERSSTv5. The differences in sea ice between AMIPII and HadISST2 cause a difference546

in the shortwave clear-sky feedback of approximately 0.6 W m–2 K–1 (SI of Andrews et al. 2018),547

illustrating the importantance of constraining the preindustrial uncertainty in Antarctic sea ice.548

In the early 20th century, we find a wide envelope of uncertainty in Antarctic ice area that spans549

the range over the satellite record until 2022. There may be sea ice expansion in the early 1900s,550

consistent with Brönnimann et al. (2024), and a decline in ice area from 1965–1980 (Fan et al.551

2014). The preindustrial ice area (1850–1900) does not appear clearly different from the present552

range until the ice loss of 2022–2023 (Roach and Meier 2024; Espinosa et al. 2024; Zhang and553

Li 2023; Turner et al. 2022). Our results for preindustrial ice area are consistent with Edinburgh554

and Day (2016)’s analysis of ship records from the Heroic Age (1897–1917), which found ice555

expansion in the Weddell Sea but comparable conditions to 1989–2014 in the other sectors.556

Finally, we consider the Southern Ocean SST (zonal mean from 50°–70°S). We find an impres-557

sive spread in our ensemble pre-1950 and a more-impressive disagreement across SST datasets,558

which persists from 1850 to 2023. We note two interesting takeaways in Figure 5h. First, there559

appears to be a long-term warming trend from 1910–2023, which is approximately aligned with560

the 1910–present warming trend in GMSAT. This is surprising because we expect Southern Ocean561

warming to be delayed relative to global-mean warming (Armour et al. 2016). We are curi-562

ous whether there is a physical explanation for the Southern Ocean cooling from 1880–1910.563

Brönnimann et al. (2024) find that this cooling is a real climatic phenomenon, not a data artifact.564

However, Sippel et al. (2024) suggest that biases in the bucket measurements of SST are responsible565

for a cold bias from 1910–1930. If SST-bucket biases were responsible for the cooling rather than566

a climatic signal, we would need to explain why the night-time marine air temperatures (Cornes567

et al. 2020) show the same cooling trajectory as the SST (Figure 1a of Sippel et al. 2024).568

Second, we find a muted cooling of the Southern Ocean from 1980–2013, and slight warming569

from 1980–2023. The comparison datasets are typically outside of our likely range. Observations570

are still sparse from 1980–2023 (Figure 1) and the in situ sources change dramatically over that571

period, possibly introducing spurious trends from homogenizing different data sources (Kennedy572
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et al. 2019; Kent and Kennedy 2021; Hausfather et al. 2017; Karl et al. 2015). We elaborate on573

Southern Ocean trends below and in the Discussion.574

b. Trends in SST, SLP, and sea ice575

Figure 6 shows SST trends separately for the gradual warming from 1900–1979 and the recent583

period of 1980–2023. We show our reconstruction and its uncertainty alongside comparison trends584

from NOAA ERSSTv5 and COBE-SST2. Despite similar global-mean trends from 1900–1979,585

there are substantial disagreements in the pattern of trends especially over the Southern Ocean and586

tropical Pacific. The post-1980 period is viewed as having small uncertainty due to observation587

density (Figure 1), but the inter-dataset disagreements in Figure 6e-g suggest there are nontrivial588

differences in large-scale SST gradients. The southeast Pacific and Southern Ocean regions, which589

have recently been highlighted for their outsized impact on global climate and radiative feedbacks,590

have the worst observation coverage (Figure 1). The uncertainty in our reconstruction (Figure 6h),591

however, is not consistent with the range of disagreement across the existing SST datasets.592

Figure 7 shows SLP trends for 1900–1979 and 1980–2023 from our reconstruction and com-599

parison datasets. Note that our reconstruction only assimilates marine SLP observations, so we600

expect it to differ substantially over land regions where no local pressure data is assimilated. From601

1900–1979, there are many large-scale differences between our reconstruction, HadSLP2, and602

NOAA 20CRv3. The comparison datasets show strong negative trends in SLP over Antarctica and603

most of the Southern Ocean for both time periods. Laloyaux et al. (2018) highlight problems with604

the general circulation in the Southern Hemisphere in multiple reanalyses and how those problems605

create spurious climate signals. The key problem identified in ERA-20C was the observation error606

for pressure data, which was too small. This is why we ensure our SLP observation error is not too607

small, as described in the Methods Section 2c.608

From 1980–2023, our SLP trends over the global oceans largely align with ERA5, albeit with609

weaker positive trends in the central and eastern Pacific (Figure 7e,f). ERA5 has a substantial610

trend of increasing global-mean SLP of 21.1 Pa per 44 years from 1980–2023, and removing this611

trend would increase agreement with our reconstruction. NCEP/NCAR has a substantial trend612

of the opposite sign, which is –18.7 Pa. Our reconstruction does not have comparable trends in613

global-mean SLP, with a trend of 3.8 Pa (Figure 7e) and similarly small trends from 1900–1979614
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and in the validation (Figure 4). Once again, our reconstruction highlights uncertainty over the615

Southern Ocean, especially the Amundsen Sea Low and the Atlantic sector.616

Figure 8 shows trends in Arctic SIC from 1900–1978, during the early 20th-century warming from621

1920–1935, and for the recent loss from 1980–2023. We compare with HadISST2, which is the622

pre-satellite boundary condition used in ERA5 and NOAA 20CRv3, and with the NOAA/NSIDC623

satellite data that we assimilate. From 1900–1978, we find ice loss in the Barents Sea between624

Svalbard and Russia. From 1920–1935, we find ice loss around most of the Arctic, offset by625

some gains poleward of the Bering Strait. HadISST2 does not have this 1920–1935 ice loss.626

From 1980–2023, our ice loss looks very similar to the satellite record, but it does not match627

exactly because of uncertainty in the satellite data, the influence of non-SIC observations, and the628

particularities of our LIM and DA methods.629

Figure 9 shows trends in Antarctic SIC from 1900–1978, during the 1960–1978 period of ice loss634

hypothesized by Fan et al. (2014), and from 1979–2023, a period with steady but small growth and635

then recent rapid loss (e.g., Stuecker et al. 2017). Our reconstruction of 1900–1978 shows some636

ice loss alongside the Southern Ocean SST warming, but we find a lesser magnitude and a different637

pattern compared to HadISST2. If sea ice has a relationship with the atmospheric circulation638

(Kohyama and Hartmann 2016), the HadISST2 boundary condition may impact the circulation in639

ERA5 and NOAA 20CRv3. From 1960–1979, we find ice loss in the Atlantic sector, which mostly640

aligns with the pattern in HadISST2 but with a substantially different magnitude. We see a minor641

gain of ice in the Bellingshausen Sea, where HadISST2 shows large loss.642

c. El Niño in 1877643

The extreme El Niño that began in 1877, which is the largest event in the historical record, is an644

instructive comparison case for infilled datasets. Observations are sparse but the signal is large.645

Recent reconstructions of hybrid air/sea-surface temperature also focused on this event (Vaccaro646

et al. 2021; Kadow et al. 2020) to illustrate how different the imputed values can be for different647

datasets.648

Figure 10 shows the onset of El Niño in July 1877. We show the ensemble spread in our649

reconstructed SST, the observations of SST and station temperatures, and two comparison datasets.650

ERSSTv5 depicts the center of action in the coastal eastern Pacific, whereas the central Pacific is651
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most notable in HadISST1. Our ensemble mean displays some commonalities with each dataset and652

illustrates the large uncertainties in the central and coastal-eastern Pacific (Fig 10a). There are large653

differences in the North Pacific across the three results. Note that our reconstruction assimilates654

the land temperatures and SLP observations to inform the SST. In ERSSTv5, the influence of the655

HadISST2 sea ice is evident in the ring of cold anomalies around the Southern Ocean. This results656

from the expansion of Antarctic sea ice in HadISST2 (Figure 5l).657

4. Discussion658

a. Forced and internal variability659

With a fresh look at the historical record, we could consider revisiting assessments of forced660

versus internal variability and trends. Recent studies have characterized the post-1980 changes661

in the tropical Pacific SST and Walker circulation (e.g., Watanabe et al. 2024), but placing those662

changes in the context of the full historical record may help disentangle the mechanisms of663

variability and determine drivers of trends and whether they are distinguishable from natural664

variability.665

For example, it has been challenging to confirm whether the positive trend in the SAM (c.666

1980–present) is caused by stratospheric ozone depletion, CO2 forcing, natural variability, or other667

factors (Doddridge and Marshall 2017; Polvani et al. 2021; Bitz and Polvani 2012; Seviour et al.668

2016; Thomas et al. 2015; Thompson et al. 2011; England et al. 2016; Fogt and Marshall 2020;669

Banerjee et al. 2020). These efforts have been complicated by results showing that the SAM has670

been trending positive over the entire twentieth century (Figure 5j). Our findings, which show no671

trend from 1925–1970, then a prolonged positive trend from 1970–present, may help determine672

drivers of the trend.673

b. Climate model biases674

Climate models have biases and are far from perfect. However, our reconstruction suggests that675

we could re-evaluate some of those large-scale biases. When considering joint analysis of SLP,676

SST, and/or sea ice (e.g., Wills et al. 2022; ?; Dong et al. 2023; Purich et al. 2016; Kang et al. 2024),677

it would be ideal to compare models with reanalyses that use coupled data assimilation, ensuring678

that the SST and SLP are consistent with each other and with observations from both sources.679
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Unfortunately, other coupled instrumental reanalyses do not exist. In that case, we must carefully680

consider what the SST and SIC boundary conditions are that drive the atmospheric reanalyses. For681

example, ERA5 does not use the SST from NOAA ERSSTv5, it uses HadISST2 through August682

2007 then switches to OSTIA (Donlon et al. 2012). When observations are sparse, the choice of683

SST and SIC used in the reanalysis may play a nontrivial role in trends on climate timescales.684

In many cases, it is hard to know whether climate models cannot reproduce the relationships seen685

in certain observational datasets because (i) the climate models are wrong or (ii) we are inspecting686

relationships between SST/SIC products and reanalyses that used different SST/SIC products as687

their lower boundary conditions. This may not seem like an issue when looking at global or688

zonal means. But when investigating regional-scale coupled interactions between winds and SST,689

the observational uncertainties may be important. This consideration seems most likely to affect690

analyses of Southern Ocean SST, SAM, and Antarctic sea ice, and it may be impactful for the691

southeast and tropical Pacific.692

We must not forget that infilled SST datasets, including the reconstruction produced in this study,693

are an uncertain representation of nature. For example, the southeast Pacific and the Southern694

Ocean (southeast-Pacific sector) appear to be prominent regions of systematic bias in SST and SLP695

in CMIP6 models from 1979–2022 (Wills et al. 2022), but these regions have sparse observation696

coverage (Figure 1c) and major changes in data sources from 1980–2023 (Kennedy et al. 2019).697

The Southern Ocean cooling post-1980 has been especially difficult for climate models to capture,698

and it plays an outsized role in global climate and radiative feedbacks (Kang et al. 2023b,a).699

c. Southern Ocean cooling700

Studies of Southern Ocean cooling typically use SSTs from NOAA ERSST, the latest of which701

is Version 5 (Huang et al. 2017). Even when nudging a climate model (CESM1) to the winds702

in ERA reanalysis, the climate model cannot reproduce the Southern Ocean SST cooling from703

ERSST (Blanchard-Wrigglesworth et al. 2021; Dong et al. 2022). Therefore, it seems that the704

winds cannot explain the SST cooling over the Southern Ocean (Dong et al. 2023).705

Pacemaker experiments, which nudge a coupled climate model’s SST in the Southern Ocean to706

match an infilled SST dataset (typically NOAA ERSST), have been used to investigate how SST707

cooling of the Southern Ocean affects global climate, radiative feedbacks, and the atmospheric708
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circulation Zhang et al. (2021); Kang et al. (2024, 2023b,a). The Southern Ocean cooling has709

also been proposed as a driver of cooling in the tropical east Pacific (Dong et al. 2022), possibly710

forced by the ozone hole (Hartmann 2022) or other means (Watanabe et al. 2024). Kang et al.711

(2024) leverage the pacemaker experiments, and they highlight the importance of regional-scale712

discrepancies in SST trends for the atmospheric circulation and uncertainty in post-1979 trends713

across reanalyses in the Southern Hemisphere.714

In our results, we find much less cooling over the Southern Ocean compared to NOAA ERSSTv5.715

However, it is possible that ERSSTv5 has the correct trend and our results are wrong. While more716

work is needed before conclusions can be made, we first compare the non-infilled SST dataset that717

we use to inform our data assimilation, HadSST4, with the non-infilled SST data from ERSSTv5718

and from a recent product that has undergone extensive bias corrections (Chan et al. 2024). Then719

we compare with trends in other infilled SST datasets.720

Figure 11a compares the non-infilled anomalies in the same southeast-Pacific sector of the721

Southern Ocean. We use the non-infilled data from ERSSTv5 and compare with DCENT (Chan722

et al. 2024) and HadSST4 (Kennedy et al. 2019), which are both non-infilled datasets. HadSST4723

is used for our reconstruction. HadSST4 and DCENT show similar trajectories, but they have724

a substantial offsets relative to ERSSTv5. The idea is that not only the infilling but also the725

homogenization of time-varying data sources affects trends in this region. Kennedy et al. (2019)726

show the transition from bucket measurements to drifting buoys between 1980 and 2005, and727

Huang et al. (2019) find substantial differences in SST analyses from 2000–2016 when including728

drifting buoy and/or ARGO floats in NOAA ERSSTv5. ERSSTv5 has undergone extensive bias729

corrections and investigation of uncertainty, so the ERSSTv5 analysis may be correct in this region.730

The key point is that the handling of time-varying data sources may have a large influence on what731

initially appear to be climate trends. We hope our results motivate future efforts to refine SST data732

from the Southern Ocean.733

Figure 11b shows the distribution of 1980–2023 SST trends in the southeast-Pacific sector of734

the Southern Ocean (ADD lat-lon range). Our reconstruction shows a wide range of uncertainty,735

with possible trends ranging from –0.3°C to 0.0°C (44 yr)–1. Our distribution is shaped by736

the uncertainty in bias corrections from HadSST4 and by the eight LIMs used as priors in the737

assimilation. COBE-SST2 and HadISST1 are within our uncertainty range, but ERSSTv5 has a738
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larger trend of –0.7°C (44 yr)–1. Determining which of these trends is correct seems important739

to advancing understanding of the mechanisms driving Southern Ocean cooling. For example,740

nudging a climate model’s winds to reanalysis may not explain the cooling in ERSSTv5, but maybe741

wind-nudging could explain the cooling in our reconstruction. If our reconstruction is correct, we742

could consider revisiting the investigations of Southern Ocean cooling, its impacts on the tropical743

Pacific and global climate, and the related criticisms of climate models.744

d. Future opportunities and caveats of the method745

Future efforts to reconstruct the historical record could improve on our results in a variety of746

ways, and we list a few of them here:747

• LIMs and DA: Future investigations could elaborate on optimizing the LIMs, their training748

data, and possibly consider machine-learning methods (e.g., Meng and Hakim 2024). Our749

method uses climate models to train the LIMs, and therefore inherits some of the problems750

in climate models. We mitigate this effect by using eight different CMIP6 models and with751

DA. There are many different varieties of DA that could be tested, including 4D-Var, quantile-752

conserving filtering, or multi-model Kalman filtering (Kalnay 2003; Houtekamer and Zhang753

2016; Anderson 2022; Bach and Ghil 2023). Our method assumes state variables can be754

approximated with Gaussian distributions, which appears to work reasonably well for SIC but755

could likely be improved in future studies.756

• Pressure data: HadSLP2 needs to be updated (Allan and Ansell 2006). A quality-controlled757

version of monthly mean SLP and error estimates, structured like those of HadSST4, would758

be helpful. ICOADS has an abundance of marine data (Freeman et al. 2017), but ICOADS759

data is not in an optimal form for climate reconstructions and does not include estimates of760

the observation error.761

• Sea ice: There are many observations available before the satellite era (e.g., Walsh et al.762

2019; Edinburgh and Day 2016; Titchner and Rayner 2014), but we do not have a current763

compilation of this data in a format that can be used in reconstructions. A dataset structured764

like HadSST4 or DCENT but with historical SIC observations would be immensely helpful.765
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• SST: Ongoing efforts to digitize new data, quantify error, and correct the biases of existing766

data will continue to be critical (e.g., Brönnimann et al. 2024; Chan et al. 2019, 2023; Kent767

and Kennedy 2021; Kennedy et al. 2019). For SST anomalies, it would be helpful to use a768

climatological period that overlaps with satellite observations of SIC (i.e., post-1979).769

5. Conclusions770

The historical record is essential to our understanding of coupled climate dynamics and variabil-771

ity, but observations are sparse and prone to error. In this study, we use coupled data assimilation772

to combine climate models and instrumental observations over the historical record. At monthly773

resolution on a global 2° � 2° grid, we reconstruct SST, near-surface air temperature, sea-level774

pressure, and sea-ice concentration from 1850–2023, and we quantify the time-varying uncertainty775

in all fields and its spatial fingerprints. Our results include 1600 ensemble members of glob-776

ally resolved SST and SIC at monthly resolution, which can be used as boundary conditions in777

atmospheric general circulation models (i.e., AMIP-type simulations).778

The reconstruction is internally consistent across the atmosphere, ocean, and ice components,779

and observations from the various components inform the full state estimate in every month. We780

construct the prior for each month by forecasting from the previous month’s posterior analysis, i.e.,781

our method retains memory of past observations in the time-evolving state estimates. We account782

for model uncertainty by training linear inverse models on eight different CMIP6 models, which783

are used to forecast the prior. We account for observational uncertainty by using the Kalman filter784

and by propagating the uncertainty in bias corrections from HadSST4’s 200-member ensemble of785

SST observations.786

In many ways, our results differ from comparison datasets regarding how recent (c. 1980–present)787

trends compare to past variability. The recent evolution of the Walker circulation appears consistent788

with past variability, as does the zonal SST gradient in the tropical Pacific. However, the SST789

contrast (SST#) between the warmest regions and the rest of the Tropics, exhibits a prolonged790

strengthening from 1975–present that may be distinct from past variability.791

In the Southern Ocean, we find a relatively muted cooling of SST from 1980–present. We792

highlight the observational uncertainty over the Southern Ocean, which merits more attention793

due to issues homogenizing data sources and imputing missing values even post-1980. The794
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Southern Annular Mode and Antarctic sea ice follow very different trajectories in our reconstruction795

compared to most estimates over the majority of the record (1850–1980). A key result is our796

constraints on Antarctic sea ice. We find much less ice loss from 1900–1980 compared to existing797

datasets but with large uncertainty.798

The historical reconstruction is available for climate analysis and uncertainty quantification.799

We provide the grand-ensemble mean of all 1600 members, the separate ensemble means for800

each of the eight model priors, and a subset of 200 fully gridded ensemble members. This801

reconstruction provides a foundation for advancing our understanding of climate dynamics and802

historical variability, while also serving as a resource for evaluating climate models, assessing803

uncertainties, and guiding future investigations into coupled atmosphere–ocean–ice interactions.804
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