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Accurate historical temperature estimates are crucial for understanding cur-4

rent warming levels and informing policy decisions. Trends in global land and5

ocean temperatures diverge, however, before 1945. Inter-calibration of coastal6

land-ocean temperatures indicates that this divergence arises from under-corrected7

biases in sea-surface temperature linked to late 19th century instrumentation8

changes. Harmonizing land and ocean temperatures yields a steadier warming9

since 1850, better aligning with reconstructions from proxies and results from10

models driven by external radiative forcing. Our estimates also suggest that11

the average temperature over 2019–2023 is 1.36�C warmer than the 1850–190012

baseline, or 10% higher than most existing estimates. 20-year average global13

mean temperatures are likely to exceed 1.5�C by 2028, regardless of emissions14

scenarios, though the likelihood of surpassing 2�C remains below 50% for sce-15

narios with substantial emission reductions.16
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Introduction17

Reconstructions of global mean surface temperature (GMST) are imperfect indicators of an-18

thropogenic climate change. Temperature data are sparse for many regions, making the mean19

uncertain (1). Ocean temperatures are measured somewhat below the surface, and land temper-20

atures two meters above the surface (2, 3). Nevertheless, surface temperature is unique in its21

mean values being plausibly reconstructed from instrumental records back to the 1850s. GMST22

is also a useful indicator of anthropogenic climate change because it relates to the elevation of23

the planet with which society most commonly interacts. For these reasons, GMST is widely24

used to summarize the climate state (4, 5) and figures prominently in policy goals seeking to25

mitigate overall warming.26

The most recent five-year period (2019–2023) has been the warmest such interval in instru-27

mental history in many GMST estimates. Estimates of the magnitude of this warming, how-28

ever, differ by more than 0.2�C (6–9). The National Oceanic and Atmospheric Administration29

Global Temperature version 5 (NOAA Global Temperature 5) (7) estimates that the mean tem-30

perature for 2019–2023 was 1.12 [1.01, 1.21]�C, Goddard Institute for Space Studies Surface31

Temperature version 4 (GISTEMP4) (8) gives 1.17 [1.07, 1.23]�C, the Hadley Centre/Climatic32

Research Unit Temperature version 5 (HadCRUT5) (6) gives 1.25 [1.18, 1.33]�C, and Berkeley33

Earth (9) gives 1.35�C. Warming is computed relative to a 1850–1900 baseline, consistent with34

that used by the Intergovernmental Panel on Climate Change reports (5), except in the case of35

GISTEMP4, for which we use 1880–1900 because it starts in 1880. Uncertainties in brackets36

are reported as 95% confidence intervals unless otherwise specified, and confidence intervals37

are computed using ensemble estimates when available. The discrepancies among these warm-38

ing estimates imply that the timing of surpassing 1.5�C is uncertain by as much as a decade39

(table S1).40
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A potentially important clue as to the source of discrepancies is the appearance of internal41

inconsistencies in GMST between sea surface temperatures (SSTs) and land surface air tem-42

peratures (LSATs). The most recent estimates of global LSAT from the Climate Research Unit43

Temperature version 5 (CRUTEM5) (10), GISTEMP4 land (11), and Berkeley Earth land (12)44

all indicate decadal variability that can be divided into three stages (Fig. 1A). When masked45

by the least common coverage across estimates (see methods), LSATs warm between 185046

and 1945 at an average rate of 0.06�C per decade, show almost no change from 1946 to47

1975, and subsequently warm at 0.30�C per decade since 1976 (Table 1). In contrast, SSTs48

from the Hadley Centre SST version 4 (HadSST4) (13), the Extended Reconstructed SST49

version 5 (ERSST5) (14), and the Centennial Observation-Based Estimates of SST version 250

(COBESST2) (15) all indicate four stages (Fig. 1B). The masked mean global SSTs cool from51

1850 to 1910 (on average �0.03�C per decade), warm from 1911 to 1945 (0.16�C per decade),52

and then have no change from 1945 to 1975 (0.00�C per decade) and subsequent warming53

(0.15�C per decade).54

The discrepancies between LSAT and SST trends in the late 19th and early 20th centuries55

are difficult to reconcile, given the strong coupling between land and ocean surface temper-56

atures. The basic expectation is for greenhouse-gas induced warming on land to exceed that57

over the ocean on account of land having smaller heat capacity and losing less heat through58

evaporation (16), however SSTs warm 0.03�C per decade faster than LSATs between 1910 and59

1945. No such comparable differential land-sea warming rates are observed in simulations from60

the Coupled Model Intercomparison Phase 6 (CMIP6) (17). The reconstructed LSAT-SST re-61

lation is outside the range of 1683 forced simulations of the modern era (1850-2100) and 4862

pre-industrial control simulations (Fig. 2A and Fig. S1). Thus, there is no analog to the ob-63

served LSAT-SST relation in more than 200,000 years of simulated climate. Also difficult to64

explain are reports that SSTs cooled at an average rate of 0.03�C per decade during the early65
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epoch of 1850 to 1909, whereas LSATs warmed by 0.03�C per decade. Such a trend difference66

is similarly outside the range across forced and control simulations in CMIP6 (Fig. 2B).67

Differences between historical LSAT and SST estimates indicate that either simulations68

show insufficient surface temperature heterogeneity (18) or that substantial errors exist in certain69

historical observations (2,19). Although there is precedent for common biases appearing across70

model simulations (20, 21), we build on existing evidence for systematic differences between71

LSAT and SST observations (22–24) using a variety of recent results. Relationships between72

LSATs and SSTs are quantified using an ensemble of LSATs with discontinuities in temperature73

time series, also known as breakpoints, more comprehensively detected and removed (25) and74

a model of local ocean-atmosphere heat and radiative exchanges for comparing LSATs and75

SSTs along coastlines (26). Origins of potential data biases are examined using evidence from76

day-night temperature differences (27, 28) and physical models for bucket water temperatures77

(29). In addition, instrumentally-derived temperatures are checked using paleoclimate datasets78

(30, 31). After finding that each of these lines of evidence supports the presence of biases79

in existing 19th century SST estimates, we present a bias-corrected estimate of GMST that80

indicates larger and steadier warming.81

Results82

Inconsistent Land and Ocean Temperatures Along Global Coasts83

To explore the source of the divergence between historical LSAT and SST estimates, we ex-84

amine their relative trends where they meet along coastlines. We use a recently-developed85

model of local ocean-atmosphere heat exchange and radiative anomalies to convert LSATs into86

SSTs (26). The model is empirically fit to observations since 1960 and then inverted to predict87

near-coast SSTs from LSATs (see methods). This approach resembles that of (24), who inferred88

SST corrections by linearly scaling LSATs using a globally uniform factor, but the model we89
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use accounts for non-linear relationships between SSTs and LSATs and geographical variations90

in the coupling between air and sea temperatures (26).91

We also leverage a recently-developed ensemble of LSATs for inferring SSTs. The LSAT92

ensemble builds on work (32,33) to better identify and adjust for breakpoints in station records93

associated with moving stations, changing instruments, and urbanization (25). We use the LSAT94

ensemble to infer an ensemble of near-coast SSTs against which we compare ship-based SST95

observations. Note that accounting for breakpoints in station LSATs increases the estimated96

coastal LSAT trends by approximately 0.2�C/century (34) relative to the unhomogenized esti-97

mates used in (24).98

LSAT-inferred SSTs near the coasts are consistent with observed coastal SSTs after 194699

but recapitulate the divergence between global-average LSATs and SSTs during earlier periods100

(Fig. 3A). Whereas observed coastal-mean SSTs show the same four trend epochs found in101

aforementioned global-scale SST estimates, inferred coastal SSTs show three epochs, consistent102

with both coastal and global-scale LSAT estimates. Between 1850 and 1900, the mean inferred103

SSTs along coasts are between 0.17 to 0.34�C cooler than existing SST estimates, but between104

1901 and 1940, they are 0.00 to 0.18�C warmer. This result confirms substantial systematic105

biases in LSATs, SSTs, or both.106

Remaining Biases in SST Estimates107

There are several lines of evidence pointing to coastal LSAT-SST discrepancies being associ-108

ated with a poorly documented shift from using more-insulated wooden to less-insulated canvas109

buckets for measuring SSTs in the late 19th century (35, 36). The first piece of evidence comes110

from changes in the amplitude of the diurnal cycle. A less-insulated bucket tends to bias mea-111

sured temperatures to show a larger amplitude diurnal cycle (27, 29) and overall cooler daily-112

average temperatures (36–38). The greater diurnal amplitude comes from additional daytime113
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solar heating (27), and the overall cooling comes from wind-induced evaporative cooling that114

operates during both day and night (36). In tropical oceans (20�S–20�N), the amplitude of the115

diurnal cycle of ship-based SSTs measured relative to a modern climatology from drifting buoys116

increases from 0.05�C in the 1880s to 0.12�C in the early 1900s and then stabilizes around this117

value until the 1940s (Fig. 4A).118

Both the trends in SST corrections and diurnal amplitudes indicate that a transition from119

wooden to canvas buckets was largely completed by 1900, earlier than an often assumed lin-120

ear transition over 1870–1920 (36, 39). A similar correspondence between diurnal amplitude121

and LSAT-inferred SST corrections is found in higher latitudes during both winter and sum-122

mer (Figs. S2, S3). During WWII, the diurnal amplitude dropped to values smaller than those123

measured by buoys, and the SST correction reversed sign (Fig. 4A). This change is consistent124

with a shift from bucket to engine-room-intake measurements (40) and the practice of reading125

nighttime temperature measurements indoors (22). Engine-room-intake samples have a smaller126

amplitude because they come from greater depth and are biased warm by the heat from ship127

engines (27, 28). Reading nighttime bucket SSTs indoors avoids detection but reduces the cold128

nighttime SST bias and the diurnal amplitude because buckets are exposed to warmer and less129

windy indoor environments (28).130

The observed relationship between diurnal amplitude anomalies and temperature corrections131

is readily reproduced by a physical bucket model (29). Using previously-published parameters132

representing a wooden bucket, a large canvas bucket, and a small canvas bucket (36), the model133

reproduces the relationship between observed diurnal amplitudes and the discrepancy between134

inferred coastal SSTs and observed SSTs since the 1880s by imposing a transition from wooden135

to canvas buckets between 1880 and 1900 (Figs. 4B, S2, S3). Note that getting the timing of136

the transition in bucket measurement techniques correct is important because, for example, a137

small canvas bucket can be as much as half a degree Celsius cooler, on average, than a wooden138

6



bucket (36).139

A New Sea Surface Temperature Estimate140

Given evidence for under-corrected SST biases, we correct observational SSTs to be consistent141

with LSAT-inferred coastal SSTs. Our correction technique uses patterns derived from bucket142

models that connect coastal and interior ocean SSTs (41) (also see methods), and we call our143

estimate Dynamically Consistent SST (DCSST). DCSST is 0.06 to 0.19 �C cooler than existing144

SST estimates over 1850 to 1900, and 0.03 to 0.14�C warmer over 1901 to 1940 (Fig. 1B).145

These differences are computed after masking all datasets to the least common coverage and146

computing anomalies relative to a 1982–2014 climatology and are similar to those found in our147

coastal analysis (Fig. 3). DCSST also shows a three-stage decadal variability that is consistent148

with global LSAT estimates (Fig. 1A, B), as expected given the assumptions built into our149

corrections.150

To further check our SST estimate, we use coral proxies of SST variability based on �18O151

and Sr/Ca proxies. We select the 26 coral records from the PAGES2k (30) and the Iso2k (31)152

collections whose sample correlation with collocated instrumental SSTs since 1950 has an ab-153

solute value higher than 0.4 (Fig. 5A). These records are calibrated to units of degrees Cel-154

sius using the collocated instrumental SST data, but only between 1950 to 2000 in order to155

allow objective comparison during earlier periods (see methods). Upon averaging over grid156

boxes containing both proxy and instrumental records, these proxy-based temperatures indicate157

a steady warming from 1850 to 1940 that aligns more closely with DCSST than other estimates.158

HadSST4 and ERSST5 estimates are, respectively, 0.14 [0.06, 0.22]�C and 0.24 [0.13, 0.36]�C159

warmer than the proxy reconstruction between 1850 and 1900, and are 0.19 [0.07, 0.30]�C and160

0.16 [0.05, 0.25]�C colder between 1901 and 1910 (Fig. 5B). These proxy results are robust161

to a variety of plausible methodological differences, including using different correlation cut-162
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offs for proxy selection, calibration intervals, and comparing against only Sr/Ca or �18O records163

(fig. S4). None of the instrumental or coral estimates that we consider suggest as much warming164

as found in a recent estimate derived from six Caribbean sclerosponges (42).165

A New Combined Land and Ocean Temperature Estimate166

Our LSAT and SST estimates are combined to produce an ensemble of GMST estimates that167

features consistent land and ocean temperatures and provides a comprehensive estimate of168

uncertainty. This ensemble is called the Dynamically Consistent ENsemble of Temperature169

(DCENT (41); also see methods). We first compare DCENT against existing estimates by aver-170

aging across those regions that are sampled in common by all datasets (Fig. 6A). Whereas the171

spatial averages across existing observations in existing datasets indicate cooling from 1850–172

1909, DCENT indicates weak warming at a rate of 0.03 [-0.01, 0.08]�C per decade, such that173

DCENT has a three, rather than four-stage, overall warming pattern. Similar to existing esti-174

mates, the warmest five-year interval on record is still 2019–2023 in DCENT, but the magni-175

tude of warming is 1.25 [1.14, 1.34]�C. This central estimate is 0.06�C higher than HadCRUT5,176

0.16�C higher than NOAA Global Temperature 5, 0.10�C higher than GISTEMP4, and 0.06�C177

higher than the Berkeley Earth estimate (Fig. 6E). DCENT thus shows a steadier and larger178

warming since 1850 than existing estimates.179

Forming spatially-complete estimates of GMST is challenging because of the sparse sam-180

pling of most land, high-latitude, and Pacific regions during the late 19th century (Fig. 6B).181

Another ambiguity is the definition of the surface in regions with sea ice, where the surface182

ocean or surface air may be chosen (6, 9). We estimate the bias and uncertainty associated183

with missing data using both definitions of the surface by comparing complete and subsampled184

spatial fields from CMIP6 simulations (see methods). Our estimate of sampling bias increases185

the 2019–2023 warming level by 0.04 [-0.03, 0.09]�C (fig. S5A), and using air temperature186
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anomalies over sea ice increases the warming level by a further 0.08 [0.03, 0.14]�C (fig. S5B).187

The combined effect increases GMST warming by 0.11 [0.02, 0.22]�C, leading to the 2019–188

2023 warming level in DCENT being 1.36 [1.22, 1.49]�C relative to the 1850–1900 baseline189

(Fig. 6D&E).190

Our estimate based on DCENT indicates ⇠10% more warming than HadCRUT5, NOAA191

Global Temperature 5, and GISTEMP4 (Fig. 6E). DCENT warming is consistent with the 1.35192

�C warming reported by Berkeley Earth (9), though this numerical consistency arises for dif-193

ferent physical reasons. The greater warming in DCENT comes primarily from enforcing land-194

ocean consistency, whereas the higher warming rate in Berkeley Earth comes primarily from195

their inference of a higher rate of warming over sea ice (Fig. 6B&C). Berkeley Earth estimate196

that air temperature above Arctic sea ice warmed by 2.55�C between 1850-1900 and 2019-197

2023 and, thereby, contributed an additional 0.14�C to GMST warming (9) (fig. S5D). This198

sea-ice-warming estimate is on the upper end of our estimate of 0.08 [0.03, 0.14]�C derived199

from CMIP6 models and is higher than used in other infilled observational estimates (Fig. 6E).200

Implications of DCENT201

The pattern of warming in DCENT is readily explained by estimates of external radiative forc-202

ing (43), as illustrated using a simple two-box energy-balance model (EBM). The EBM has203

accounted for ocean heat uptake and is fitted to each temperature estimate, including DCENT,204

HadCRUT5, NOAA Global Temperature 5, and Berkeley Earth temperature (see methods).205

Among these, DCENT shows the lowest root-mean-square error (RMSE) with the EBM-produced206

temperature pattern in response to radiative forcing (fig. S6). Notable is that both the EBM and207

DCENT indicate that the GMST warming between 1976 and 2023 is twice as fast as that be-208

tween 1910 and 1945, whereas existing estimates indicate that recent warming is only 25%209

faster (Table 1). More generally, the closer correspondence between the EBM results and the210

9



DCENT estimate implies less internal climate variability (43) and hence greater predictability211

of GMST from greenhouse gases.212

The increased historical warming estimate in DCENT also suggests a higher climate sensi-213

tivity. Based on DCENT, the best estimate of the climate feedback parameter in the EBM is 1.34214

[1.26, 1.42] W/�C/m2. When using 3.7 W/m2 as the radiative forcing of doubling CO2 (44), such215

a feedback estimate translates into a climate sensitivity of 2.76 [2.61, 2.94]�C, compared with216

2.28 [2.15, 2.43]�C if using HadCRUT5, 1.84 [1.71, 2.01]�C using NOAA Global Temperature217

5, and 2.48 [2.34, 2.64]�C using the Berkeley Earth temperature estimate (fig. S6).218

DCENT estimates also have implications for limiting GMST warming to under 1.5�C rel-219

ative to preindustrial conditions, an aim of the 2015 Paris Agreement (45). HadCRUT5, GIS-220

TEMP4, and NOAA Global Temperature 5 indicate a greater than 50% likelihood that the slow-221

varying temperature background, characterized by 20-year mean GMST, will exceed 1.5�C by222

2032, 2036, and 2040, respectively (table S1, see methods). DCENT indicates a 50% likelihood223

of surpassing 1.5�C by no later than 2028 across emissions scenarios considered in the IPCC’s224

Assessment Report 6 (Fig. 7). Berkeley Earth’s estimate implies the same threshold crossing225

time as DCENT, given their equivalent warming estimates. Note that these model-based pro-226

jections do not account for the possibility of volcanic eruptions that could delay warming (46).227

Although 1.5�C of GMST warming is imminent, whether warming will exceed 2�C still de-228

pends upon emissions scenarios. The high-emissions scenario, IPCC Shared Socioeconomic229

Pathway 5-8.5 (SSP5-8.5), gives a greater than 50% chance of exceeding 2.0�C at the begin-230

ning of the 2040s, whereas low emissions scenario, SSP1-1.9, gives a 85% chance of keeping231

warming below 2.0�C through 2100 (Fig. 7B).232
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Discussion233

In this study, we combined coastal temperature comparisons, changes in the amplitude of di-234

urnal cycles, and physical modeling of bucket water temperatures to detect and confirm under-235

corrected biases in historical sea surface temperature archives due to changing instrumentation236

in the late 19th century. It is probably unsurprising that existing SST estimates prior to the237

1940s are uncertain. The HadSST4 estimate uses a physical bucket model to compute and238

remove biases between measured bucket water temperatures and actual SSTs (13), but key239

model parameters, such as bucket geometry and on-deck time, are poorly documented and in-240

evitably uncertain (36). ERSST5 corrections make use of nighttime marine air temperatures241

(NMATs) (14, 47), but these are subject to biases associated with increasing ship height (48),242

wartime practices of reading temperatures inside ships (22,28), and a data truncation bias during243

digitization that may similarly affect NMATs as it does SSTs (49).244

Corrections to SST observations have generally relied upon physical models of temperature245

bias (13–15, 36, 39, 47). Using near-coast air temperature to correct SSTs was undertaken by246

ref. (23) in 1986, however, and revisited by ref. (24) in 2018. Our study builds upon these prior247

near-coast estimates to provide a new surface temperature ensemble wherein SSTs align with248

LSATs. In developing this ensemble we call upon better-homogenized coastal LSATs (25),249

physical models relating LSATs to SSTs (26), and additional lines of evidence involving the250

diurnal cycle, bucket modeling, and paleo-proxies.251

Our estimate, DCENT, gives larger and steadier warming, consistent with both paleo-proxies252

and expectations from external radiative forcing. The reconciliation of instrumental records, pa-253

leo proxies, and physical expectations increases our confidence in the estimate of the current254

warming level. We find that warming is more likely than not to surpass 1.5�C by 2028, regard-255

less of the emissions scenarios, or 3–4 years earlier than the IPCC estimated time frame (5).256
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This finding emphasizes the need to prepare for 2.0�C and higher warming thresholds while257

still highlighting the urgency of substantial emission reductions.258
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Materials and Methods259

Dynamically Consistent Ensemble of Temperature (DCENT)260

DCENT is a 200-member ensemble of monthly surface temperature estimates since 1850, pro-261

vided at a resolution of 5�⇥5� (41). The development of DCENT involves five steps designed to262

address data challenges in both land surface air temperature (LSAT) and sea surface temperature263

(SST) records.264

First, the land component (DCLSAT) is developed by homogenizing station temperatures265

using two improved pairwise homogenization algorithms that better account for autocorrela-266

tion in climate signals (25). These algorithms improve upon previous work (34) in identifying267

and adjusting for discontinuities in station records associated with changes in station locations268

and instruments, as well as urbanization (25). Each algorithm has its parameters perturbed 50269

times, giving, in total, a 100-member ensemble (25). To further address data sparsity before270

1900, we run the algorithms a second time on the original 100-member ensemble, focusing on271

stations before 1900. The ensemble after this additional step is pooled together with the original272

ensemble to create the 200-member DCLSAT ensemble (41).273

Second, the DCLSAT ensemble is combined with a land-ocean energy-balance model (26)274

to infer coastal SSTs,275

dSST0

dt
= ↵

dLSAT0

dt
� �SST0 + �LSAT0, (1)

wherein the change in near-coast SSTs is estimated from LSAT and SST anomalies in the cur-276

rent month. The parameters ↵, �, and � are estimated empirically using high-quality data277

from after the 1960s before being applied to infer near-coast SSTs throughout the historical278

period (26). This model gives accurate predictions of SSTs based on local LSATs using both279

withheld observational data and historical simulations (26). An assumption of approximate280

stationarity of parameters during the historical period is supported by examination of model281

13



simulations (26). Our approach shares some features in common with ref. (24), who inferred282

SST corrections by linearly scaling LSATs using a globally uniform factor; however, our model283

accounts for non-linear relationships between SSTs and LSATs, as well as geographic variations284

in the coupling between air and sea temperatures (26).285

Third, we apply a group-wise intercomparison algorithm to estimate and adjust systematic286

offsets among groups of ship-based SST measurements from ICOADS3.0.0 and 3.0.2 (50).287

ICOADS3.0.0 spans from 1850 to 2014, and ICOADS3.0.2 from 2015 to 2023. There exist288

systematic offsets among different groups of SSTs (49, 51). We follow a methodology detailed289

in ref. (41) that relies on physically simulated patterns of bucket biases to provide a set of290

seasonally varying spatial bases that are used to estimate and adjust group-wise offsets.291

Fourth, because the group-wise intercomparison in step three does not address SST biases292

common to all groups, LSAT-inferred near-coast SSTs are used to further correct group-wise293

homogenized SSTs. Simulated patterns of bucket SST biases are matched using ordinary least294

squares against residuals between LSAT-inferred SSTs and group-wise homogenized SSTs. The295

fitted coefficients are then multiplied by simulated patterns of bucket biases and applied to296

further correct SSTs globally (41). The limited coastal data coverage before 1880 prevents297

a reliable estimate of common SST biases (26). We, therefore, follow a practice adopted by298

other SST products (14, 52) of using the estimated common bias in 1880 to adjust SSTs over299

1850–1880 (41). Each member of the group-wise homogenized SSTs is referenced against300

a different member of the DCLSAT ensemble, resulting in a 200-member ensemble of SST301

estimates that we call dynamically consistent SST (DCSST).302

Each realization of LSAT leads to an SST realization that is dynamically consistent. As303

a final step, members of DCLSAT are combined with their corresponding DCSST members to304

generate the full DCENT ensemble. Combined temperatures along coastal regions are weighted305

by the fraction of land and ocean area (6). Uncertainty is propagated across the multiple steps in306
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developing DCENT for purposes of providing comprehensive uncertainty quantification. Dif-307

ferences in GMST warming between DCENT and existing estimates mainly arise from enforc-308

ing SSTs to be consistent with LSATs, as opposed to using a different set of LSAT estimates.309

In a sensitivity analysis where we use the homogenized GHCNmV4 LSAT dataset to infer and310

correct SSTs, we obtain a 2019–2023 masked mean temperature warming of 1.26�C relative to311

the 1850–1900 baseline that is nearly equivalent to the 1.25 [1.14, 1.34]�C estimate in DCENT.312

Temperature estimates from other studies313

There are four widely-used combined land and ocean temperature datasets against which we314

compare DCENT, each utilizing the most recent version available. These are the 200-member315

HadCRUT5 analysis ensemble (6), the 1000-member NOAA Global Temperature V5 ensem-316

ble (7), the 200-member GISTEMP4 ensemble (8), and the Berkeley Earth land-ocean temper-317

ature record (9). For HadCRUT5 analysis and Berkeley Earth temperature, we use the GMST318

time series from their providers. The NOAA Global Temperature V5 and the GISTEMP4 en-319

sembles provide only gridded datasets, and we calculate a GMST from these datasets by weight-320

ing individual grid boxes using the cosine of latitudes. The Berkeley Earth temperature has two321

versions: one inferring under-sampled polar temperatures using air temperature anomalies over322

sea ice, and another using ocean temperature anomalies beneath sea ice. We examine both ver-323

sions. The version involving air temperature over sea ice is used for reporting GMST statistics324

in the main text, and the difference between the two versions is used to quantify differences325

associated with the definition of GMST (see the “Sampling Uncertainty” section in Materials326

and Methods for a more detailed discussion).327

With regard to SST estimates, comparisons are made against the 200-member HadSST4328

ensemble (13), a 500-member ERSST5 ensemble (14), and COBESST2, which offers only a329

central estimate (15). Notably, HadSST4 is the SST component in both HadCRUT5 and the330
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Berkeley Earth land-ocean temperature, and ERSST5 is used in NOAA Global Temperature331

V5 and GISTEMP4. The HadSST4 ensemble accounts for uncertainties associated with bias332

corrections. To address additional uncertainties stemming from random measurement errors,333

ship-level biases, and insufficient temporal sampling, we perturb each member using uncertainty334

estimates provided in ref. (13). Details of this additional perturbation are described in section335

2.2 of ref. (26). Furthermore, the ERSST5 ensemble consists of 1000 members from 1854 to336

2016, but only 500 members from 2017 onward. Therefore, we use only the first 500 members337

in this study.338

For LSATs, comparisons are made against the 200-member CRUTEM5 ensemble (10),339

GISTEMP4-land (11), and the Berkeley Earth land temperature product (12). The CRUTEM5340

ensemble is constructed by subtracting the HadSST4 ensemble from the HadCRUT5 ensemble,341

while accounting for the ratio of land to ocean area. GISTEMP4-land, the land component342

of GISTEMP4, essentially represents a gridded and interpolated version of the homogenized343

Monthly Global Historical Climate Network version 4 (GHCNmV4) (34) — the land compo-344

nent of NOAA Global Temperature V5. Note that for purposes of intercomparison, trends are345

computed by averaging only across those grid boxes that contain data in all of the considered346

different products after regridding to a common 5�⇥5� basis, which we refer to as being masked347

by the least common coverage.348

Earth System Model simulations349

Simulated near-surface air temperature (CMIP output variable name “tas”) and sea surface tem-350

peratures (CMIP6 output variable name “tos”) are from the Coupled Model Intercomparison351

Project, Phase 6 (CMIP6) (17). These include the pre-industrial control experiment, the his-352

torical all-forcing experiment, and projections under a variety of plausible scenarios (details353

in table S2). Consistent with observational estimates, CMIP6 simulations are regridded to a354
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common 5�⇥5� resolution.355

Sampling Uncertainty356

Accounting for regions not covered by DCENT is an important step in computing GMST. On357

the whole, regions with missing data have been inferred to have experienced greater warming358

such that spatial infilling leads to greater GMST warming (53). An important definitional choice359

also involves whether air temperature anomalies above or ocean temperature below are used for360

purposes of representing surface temperature in regions covered by sea ice, as mentioned earlier361

(9). The version of the Berkeley Earth temperature that uses air temperature anomalies over sea362

ice, for example, indicates 0.14�C higher warming than the version that uses water temperature363

anomalies beneath sea ice (9). We select a definition of GMST using air temperature anomalies364

over sea ice, following Berkeley Earth’s recommendation (9).365

Correction factors and their associated uncertainty for incomplete coverage and the use of air366

temperature anomalies over sea ice are estimated separately and combined for a final estimate367

of sampling uncertainty (fig. S5). For coverage effects, we calculate the difference between368

averages obtained with full coverage and after masking by minimum historical data coverage369

for each CMIP6 historical simulation (fig. S5A). Simulated surface temperatures are computed370

by combining tas over land and tos at the ocean surface for both open ocean and sea ice. The371

difference between using the full coverage and the masked mean gives a cooler 1850–1900 tem-372

perature baseline that increases the estimated 2019–2023 warming by 0.04 [-0.03, 0.09]�C. The373

uncertainty associated with correcting for incomplete coverage of annual temperatures gener-374

ally decreases from 0.06 �C (1 standard error) in the 1850s to 0.02 �C in the 2010s, albeit with375

several localized maxima including several years after the opening of the Panama Canal in 1914376

and during World War II (fig. S5A). This evolution of coverage uncertainty is consistent with377

estimates in ref. (54) (see their Fig. 6).378
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The effect of using air temperature over sea ice is estimated by calculating the difference379

between two versions of CMIP6 simulations with full coverage, one using air and the other us-380

ing ocean temperature anomalies for sea-ice covered regions (fig. S5B). The differences suggest381

greater warming since the 1970s when using air temperatures, which further increases 2019–382

2023 temperature warming by 0.08 [0.03,0.14]�C. In comparison, the effect associated with383

using air temperature over sea ice is estimated to be 0.14�C in Berkeley Earth, which is at the384

97.5th percentile of our estimate based on CMIP6 simulations (fig. S5D). This larger sea-ice ef-385

fect explains the greater difference between masked and infilled GMST warming seen in Fig. 6E386

for Berkeley Earth as compared to other products.387

The combined effect of correcting for incomplete coverage and for using air temperature388

as opposed to sea surface temperature in regions of sea ice increases estimated GMST warm-389

ing between 1850–1900 and 2019–2023 by 0.11 [0.02, 0.22]�C compared with using averages390

across only those regions containing observations. Our CMIP6-based estimates of the coverage391

uncertainty are statistically consistent with those from Berkeley Earth land-ocean temperatures392

(fig. S5C). Other instrumental estimates do not provide such a decomposition, but they all indi-393

cate that accounting for biases associated with missing data leads to a higher rate of historical394

warming relative to using masked data (fig. S5E).395

Concatenating CMIP6 projections with historical observational estimates396

We combine tas anomalies over land and sea ice and tos anomalies over the open ocean for tem-397

perature projections. To concatenate CMIP6 projections with observational estimates, which is398

crucial for quantifying the exceedance time of GMST, the sample mean value of the simulations399

over the years 2019–2023 is set equal to that of the observations over the same period. This ap-400

proach ensures continuity across the observation-prediction boundary. Each simulation is paired401

randomly with a member of DCENT such that the spread in concatenated CMIP6 projections402
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contains observational uncertainties, model spread, and simulated internal variability.403

Paleo-proxies from corals404

We use annually and sub-annually resolved coral �18O and Sr/Ca ratio records compiled under405

the 2017 version of the PAGES2k multi-proxy database (30) and the Iso2k v1.0.0 database (31).406

The seasonal cycle is removed from sub-annually resolved proxy records, after which anomalies407

are averaged to annual resolution in order to facilitate comparison. All proxies are then paired408

with individual instrumental temperature estimates at 5� resolution.409

Comparisons are made according to the season indicated in the provided proxy metadata. If410

seasonality information is not available, coral-based proxies are assumed to indicate tempera-411

tures averaged over the entire calendar year. Only records that overlap with instrumental records412

for at least 30 years since 1910 are retained, reducing the number of records in the PAGES2k413

database from 196 to 69.414

Proxy signals may be influenced by non-temperature factors, such as changes in water415

source properties or variations in salinity (55). To better ensure that each retained proxy record416

is indicative of temperature, proxy records are only retained if their Spearman’s rank correla-417

tion (56) with collocated instrumental temperatures has an absolute value higher than 0.4. Note418

that proxy isotope measurements covary negatively with temperatures, and the coral records419

used in our analysis all have correlations with instrumental temperatures that are more negative420

than -0.4. Correlations are computed using overlapping data after 1950, and if more than one421

instrumental record exists, the averaged correlation is used to select proxies. This selection422

further reduces the number of proxies from 69 to 26, with 21 �18O and 5 Sr/Ca records. Using423

a threshold of 0.3 and 0.5 leads to, respectively, 35 and 17 proxies retained in the analysis, but424

where results are qualitatively consistent (fig. S4).425

A total least squares approach (57) is used to calibrate proxies into temperature anomalies.426
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Specifically, we first linearly scale each proxy time series using the ratio of the 1950–2000 stan-427

dard deviation between mean instrumental temperatures and the proxy. This approach is useful428

because both proxies and instrumental records contain uncertainties, whereas standard linear429

least-squares regression techniques would be susceptible to regression dilution (57). Coral-430

based records have their sign reversed to obtain a temperature scaling (fig. S7).431

Diurnal cycle of SST432

Diurnal SST anomalies are defined as SST anomalies relative to daily-mean values (29), which433

we calculate from individual ships on a daily basis using ICOADS3.0 data (50). Extracted di-434

urnal anomalies are binned by local hour, month, and latitude, and the amplitude of the diurnal435

cycle is evaluated by fitting a once-per-day sinusoidal basis using least squares (29). Anoma-436

lous diurnal amplitudes are computed relative to collocated 1990–2014 climatological diurnal437

magnitudes estimated from drifting buoy SSTs (51). Note that buoy-based diurnal amplitude438

has shown very little change globally from 1980 to 2023 (<0.002�C per decade), which is439

much smaller compared to variations seen in ship-based measurements (fig. S8). As a result,440

it is reasonable to assume that the diurnal amplitude of SST is stable throughout the historical441

period.442

Modeling water temperatures in buckets443

A wooden bucket model is used to estimate biases in daily-average SST and the amplitude of444

the diurnal cycle. This model is an extension of ref. (36) and allows for simulating bucket445

biases at each local hour through improved schemes for solar heating (29). The model is driven446

using 1973–2002 monthly climatology of SST, 10-m air temperature, wind speed, and specific447

humidity from the National Oceanography Centre version 2.0 surface flux and meteorological448

dataset (58) and an insolation climatology from the ERA-Interim reanalysis (59).449
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The bucket model is run with different geometries to represent three types of buckets used450

in ref. (36): a wooden bucket with a diameter of 25 cm, a depth of 15 cm, and a thickness of451

1 cm; a large canvas bucket with a diameter of 16.3 cm, a depth of 14 cm , and a thickness of452

0.2 cm; and a small canvas bucket with a diameter of 8 cm, a depth of 12 cm, and a thickness453

of 0.2 cm. Except for bucket geometry, we use the same set of model parameters (see table S3).454

The use of a very-thin wooden bucket to represent the behavior of a canvas bucket is common455

practice (29).456

Modeling GMST457

A two-box energy-balance model (60) is used to simulate changes in temperature in response458

to changes in radiative forcing,459

cp⇢ds
dTs

dt
= ��Ts + F � (Ts � Td),

cp⇢dd
dTd

dt
= (Ts � Td),

(2)

where Ts and Td denotes temperatures in the surface and deep boxes, respectively. The term460

cp = 4180 J/kg/�C is the heat capacity of sea water, and ⇢ = 1030 kg/m3 is the sea water density.461

These two terms are multiplied by the effective depth of the surface (ds) and deep boxes (dd)462

to obtain the heat capacity of the corresponding boxes. The term � denotes a climate feedback463

parameter, and  is a ocean heat uptake coefficient. External radiative forcing from the year464

1500, F , is prescribed according to ref. (43).465

Bayesian inference is used to condition the parameters, ds, dd, �, and , on 1850–2020466

observational GMST estimates separately for each of the DCENT, HadCRUT5, NOAA global467

temperature V5, and the Berkeley Earth estimate, as well as on the 1960–2020 observational468

ocean heat content estimate from the Chinese Institute of Atmospheric Physics (61). Normal469

priors, N(1, 0.5), that are truncated to be greater than zero are prescribed for � and  (in470

W/�C/m2), as well as N(100, 50) for ds and N(1000, 500) for dd (in m). Exponential pri-471
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ors with a mean of 1�C are prescribed for �s and with a mean of 1⇥1023J for �d. The Bayesian472

modeling platform PyMC (62) is used to obtain the joint posterior distribution via Hamiltonian473

Markov Chain Monte Carlo and a No-U-Turn sampler (63).474
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45. V. Masson-Delmotte, P. Zhai, H.-O. Pörtner, D. Roberts, J. Skea, P. R. Shukla, A. Pirani,609
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Table 1: Decadal trends (�C per decade) for LSAT, SST, and GMST estimates. Note that
GISTEMP4 starts in 1880 and trends are, thus, from 1880 rather than 1850. Note that trends
reported over land or ocean separately are computed by averaging across only those grid boxes
that contain observations in all considered products (i.e., masked by least common coverage
across datasets), whereas GMST trends are corrected for lack of coverage (i.e., infilled, see
Methods).

1850-1909 1910-1945 1850-1945 1946-1975 1976-2023

LSAT (Masked by least common coverage across datasets)

DCLSAT 0.06 [0.04, 0.07] 0.13 [0.12, 0.14] 0.08 [0.07, 0.09] 0.01 [0.00, 0.02] 0.30 [0.28, 0.30]
CRUTEM5 0.00 [-0.01, 0.03] 0.12 [0.07, 0.16] 0.04 [0.02, 0.06] -0.01 [-0.02, 0.00] 0.30 [0.29, 0.31]
GISTEMP4 0.05 0.13 0.08 0.00 0.31
Berkeley 0.03 0.12 0.06 0.00 0.30

SST (Masked by least common coverage across datasets)

DCSST 0.04 [-0.01, 0.09] 0.06 [0.04, 0.08] 0.04 [0.01, 0.06] 0.02 [0.01, 0.04] 0.14 [0.13, 0.15]
HadSST4 -0.03 [-0.05, -0.01] 0.16 [0.11, 0.21] 0.01 [-0.00, 0.03] -0.02 [-0.07, 0.03] 0.15 [0.15, 0.15]
ERSST5 -0.05 [-0.08, -0.03] 0.16 [0.11, 0.20] -0.00 [-0.02, 0.01] 0.02 [-0.01, 0.04] 0.14 [0.13, 0.15]
COBESST2 -0.02 0.15 0.02 -0.01 0.15

GMST (Infilled for global mean values)

DCENT 0.03 [-0.01, 0.08] 0.09 [0.06, 0.12] 0.05 [0.02, 0.07] 0.03 [-0.01, 0.05] 0.19 [0.17, 0.20]
HadCRUT5 -0.02 [-0.04, 0.00] 0.16 [0.11, 0.19] 0.03 [0.01, 0.04] -0.01 [-0.04, 0.03] 0.20 [0.19, 0.20]
NOAATEMP5 -0.04 [-0.05, -0.02] 0.14 [0.11, 0.18] 0.00 [-0.01, 0.02] 0.03 [-0.00, 0.05] 0.19 [0.18, 0.20]
GISTEMP4 -0.05 [-0.07, -0.02] 0.14 [0.10, 0.17] 0.04 [0.03, 0.05] 0.03 [0.01, 0.04] 0.19 [0.18, 0.20]
Berkeley 0.00 0.15 0.03 0.01 0.20
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Fig. 1. Land and ocean temperatures. (A) Continental-mean land surface air temperature
(LSAT) anomalies relative to a 1982–2014 mean for CRUTEM5 (light yellow), GISTEMP4
(dark yellow), Berkeley Earth (brown), and this study (DCLSAT, magenta). Shading denotes
the 95% confidence interval where an ensemble is available. (B) as (A), but for oceanic-mean
sea-surface temperature (SST) anomalies for HadSST4 (dark blue), ERSST5 (middle blue),
COBESST2 (light blue), and this study (DCSST, green). Estimates are masked by their least
common coverage before averaging.
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Fig. 2. LSAT and SST trends. (A) 60-year LSAT (y-axis) versus SST (x-axis) trends. Markers
show the 1850–1909 observational trends, and the heatmap displays the histogram of trends in
60-year segments across CMIP6 historical, pi-Control, and all Shared Socioeconomic Pathway
(SSP) scenario-based experiments. Note that Berkeley Earth used HadSST4 in their GMST
estimate (9). Here, the Berkeley Earth estimate is plotted against COBESST2 simply for visu-
alization purposes. (B) as (A), but for a 36-year analysis associated with the 1910–1945 trends.
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(20�S-20�N) SST corrections relative to the 1982–2014 mean correction (left y-axis) in DCSST
(green) and other SST estimates (blue). Also shown are anomalies in the amplitude of the
diurnal cycle relative to a 1990–2014 climatology, estimated from drifting buoys (orange, right
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Fig. 6. Global Mean Surface Temperatures (GMST). (A) Mean temperature averaged over
the least common coverage across datasets, including DCENT (red distribution), HadCRUT5
analysis (dark blue), NOAA Global Temperature 5 (orange), GISTEMP4 (light blue), and
Berkeley Earth (green). (B) Percentage of monthly 5�⇥5� grid boxes sampled during 1850–
1900. (C) as (B) but for 2019–2023. (D) as (A) but for infilled GMST estimates. Also shown
is a simulation using a two-box energy-balance model (black), with model parameters fitted to
DCENT using a Bayesian method (see methods). The 1.5�C warming level is highlighted with
a dashed red line. (E) 2019–2023-mean GMST anomalies relative to the 1850–1900 baseline.
Markers represent the central estimates for masked (circle) and infilled estimates (cross). Bars
denote 95% confidence intervals. Note that GISTEMP4 data starts in 1880, and its statistics are
computed relative to the mean over 1880–1900.
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