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Key Points:6

• Recent surface warming and top-of-atmosphere energy imbalance point to higher7

future warming than previously estimated.8

• Previous constraints on TCR using observed surface temperature trends are bi-9

ased low due to internal variability in recent decades.10

• The energy imbalance has a strong potential to constrain future warming due to11

large model spread in top-of-atmosphere radiative fluxes.12
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Abstract13

Climate models simulate a wide range of 21st century warming for a given forcing14

scenario. Constraining this uncertainty is a central challenge in climate science because15

of its implications for climate policy and adaptation. The Transient Climate Response16

(TCR) is a key idealized metric used to quantify future warming in response to an ex-17

ponentially increasing CO2 concentration. Climate models span a range of 1.3–3 K for18

TCR. In attempts to constrain this range, emergent constraints on TCR based on his-19

torical temperature trends consistently pointed towards TCR values at the lower end of20

the range of models. However, recent evidence from trends in the short-wave and long-21

wave components of Earth’s energy imbalance (EEI) at the top-of-atmosphere suggests22

that models with higher TCR lie closer to the observed EEI trends. Here, we reconcile23

this discrepancy and provide a revised range for TCR of 1.9–2.6 K. We show that pre-24

vious temperature-based constraints were biased low due to internal variability, using25

a statistical variability-filtering approach. We then provide an EEI-based constraint and26

demonstrate that EEI trends have a strong potential to constrain future warming, due27

to the much larger inter-model spread in EEI compared to surface temperature. When28

considering the recent 2001–2024 period, our results show that both surface tempera-29

ture and EEI trends support higher TCR values than previously estimated, making it30

increasingly difficult to exclude high sensitivity models entirely.31

Plain Language Summary32

Predicting how much the Earth will warm as carbon dioxide concentrations rise33

is a major challenge for climate science, with consequences for climate policy and adap-34

tation. Different global climate models produce widely varying projections of future warm-35

ing, even when using the same scenario. Previous attempts to narrow down this range36

based on observed 20th century warming suggested that Earth might warm less than some37

models predicted. However, recent data of the amount of heat energy trapped within the38

Earth system—the energy imbalance—indicates that Earth may actually be warming39

faster, aligned with models that forecast higher temperatures. We partially resolve this40

contradiction by showing that during the recent observational period, both temperature41

and the energy imbalance point to higher future warming values. We also show how pre-42

vious analyses were skewed by natural, short-term climate fluctuations, known as inter-43

nal variability. By filtering out this natural variability and using trends of temperature44

and the energy imbalance, we provide a revised very likely range of future warming. We45

show that the energy imbalance is a potentially strong new line of evidence to narrow46

our uncertainty about future warming. Our findings indicate that it becomes increas-47

ingly difficult to exclude models with strong future warming.48

1 Introduction49

Global climate models (GCMs) simulate a wide range of future warming in the 21st50

century, even when run with the same scenario of anthropogenic and natural forcings (P. Forster51

et al., 2021). Reducing the uncertainty in future warming is a key challenge in climate52

science: it is the basis for assessing carbon budgets and shaping climate policy (Matthews53

et al., 2021), and it informs the development of climate adaptation measures from global54

to regional and local levels.55

The Transient Climate Response (TCR) is an idealized metric used to quantify fu-56

ture warming simulated by GCMs. The TCR of a model is the global surface air tem-57

perature (GSAT) increase at the time of CO2 doubling in a simulation where the CO258

concentration increases at 1% per year. TCR takes values between 1.3 K and 3 K across59

GCMs participating in Phase 6 of the Coupled Model Intercomparison Project (CMIP6)60

(black dots in Fig. 1).61
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Figure 1. Overview of TCR constraints in the published literature (Haustein et al., 2019;

Jiménez-de-la Cuesta & Mauritsen, 2019; Nijsse et al., 2020; Tokarska et al., 2020; Ribes et al.,

2021; P. Forster et al., 2021), and our three constrained estimates, two of which are based on

GSAT trends, and the other on EEI trends. Gray shading indicates the overlap region between

the EEI-based range and the two GSAT-based ranges. Bars show 90% confidence ranges.

CMIP6 models simulated a wider range of future warming with a higher multi-model62

mean compared to CMIP5 (Zelinka et al., 2020). Some of the efforts to narrow the range63

led to a constrained range of 1.2–2.4 K using multiple lines of evidence (P. Forster et al.,64

2021; Sherwood et al., 2020). A key contributor to this assessment were emergent con-65

straints: emergent constraints are based on a present-day observable that, when com-66

puted in climate models, exhibits a relationship with the respective model’s TCR. A typ-67

ical emergent constraint on TCR is based on a regression of simulated historical GSAT68

trends onto TCR across a multi-model ensemble of GCMs. One can then use the regres-69

sion to predict based on the observable—for example the true observed historical GSAT70

change—and thereby obtain a prediction interval for TCR (Jiménez-de-la Cuesta & Mau-71

ritsen, 2019; Nijsse et al., 2020; Tokarska et al., 2020). Virtually all such published temperature-72

based constraints exclude the fastest warming models, narrowing the upper bound of the73

very likely (90% confidence) TCR range to below 2.4 K (Fig.1).74

Recently, several studies (Armour et al., 2024; Liang et al., 2024; Myhre et al., 2025;75

Vogt et al., 2025) suggested that the constrained ranges are actually biased low, for two76

main reasons. The majority of studies point to the potential effect of sea-surface tem-77

peratures (SST) in modulating GSAT via radiative feedbacks, a phenomenon known as78

the pattern effect (Rugenstein et al., 2016): for example, surface warming in the East-79

ern equatorial Pacific leads to a positive feedback similar to an El Niño event. However,80

while models simulate a more El-Niño-like warming pattern with climate change, the ob-81

served warming pattern has actually been more La-Niña-like, with a cooling in the East-82

ern equatorial pacific (Ceppi & Gregory, 2017; Dong et al., 2019; Olonscheck et al., 2020;83

Seager et al., 2019; Watanabe et al., 2021; Wills et al., 2022).84

This discrepancy between observed and modeled SST patterns in recent decades85

could potentially bias the constraint. If internal variability in surface warming patterns86

caused recent warming to be less strong than simulated by GCMs, then constraints re-87

lying on the observed warming trend might be biased low (Dong et al., 2021; Zhou et88

al., 2021). Liang et al. (2024) show this effect for the influence of Pacific variability on89
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the constraints. However, also if a systematic model bias were responsible for the dis-90

crepancy in the observed and modeled SST patterns, the constraints might still be bi-91

ased low (Armour et al., 2024). This results from the fact that emergent constraints can92

only be valid if there is no common bias that all GCMs share in the variable used for93

the constraint, when compared with observations (Sanderson et al., 2021). The central94

question arising from this discussion is how much the observed SST pattern affected and95

still affects GSAT-based constraints. We quantify this using a statistical method trained96

on coupled GCMs (Gyuleva et al., 2025), making our work complementary to the study97

of Armour et al. (2024) who demonstrate this effect via the use of atmosphere-only sim-98

ulations.99

Independently of possible SST pattern effects, recent studies have identified evi-100

dence from Earth’s Energy Imbalance (EEI) which possibly suggests even higher future101

warming (Mauritsen et al., 2025; Myhre et al., 2025; Vogt et al., 2025). This is in ap-102

parent contradiction to the existing GSAT constraints, which constrained the TCR range103

to lower values. Mauritsen et al. (2025) show that the observed energy imbalance is ris-104

ing twice as fast as projected by climate models. Myhre et al. (2025) find that the net105

EEI across models is not related to future warming, however the partitioning into short-106

wave (SW) and long-wave (LW) components is: models exhibiting stronger future warm-107

ing tend to have stronger positive (downward) SW EEI trends and stronger negative LW108

EEI trends (see Sec. 2.2.2). When taking into account the observed split of the EEI into109

its SW and LW components, observations appear to agree much better with the stronger110

warming models (Myhre et al., 2025). This raises the natural question whether it is pos-111

sible to leverage the recently available twenty-four years of CERES satellite observations112

of EEI (Loeb et al., 2018) to constrain future warming, as EEI is believed to be a “more113

robust metric of the rate of global climate change than GSAT” (P. Forster et al., 2021).114

In this study, we take into account both of the above effects and provide a revised115

range for TCR. First, we improve on existing GSAT-based constraints by extending the116

data up to 2024, and by removing an estimate of the effect of unforced SST pattern vari-117

ability from the observed GSAT (and EEI) trend. We then incorporate evidence from118

EEI into an emergent constraint on TCR and show how EEI data jointly with GSAT119

can be leveraged to constrain future warming. We reconcile the apparent discrepancy120

between temperature-based and EEI-based evidence for constraining future warming by121

considering the evolution in both variables in more recent decades. Finally, we assess how122

the two main sources of uncertainty, one stemming from the internal variability of the123

climate system, the other from our structural uncertainty in the physics of climate mod-124

els, contribute individually and jointly to the total uncertainty about future warming.125

2 Data and methods126

2.1 Data127

We use GCM output from CMIP6 historical (1850–2014) and ssp245 (2015–2100)128

simulations (Eyring et al., 2016; O’Neill et al., 2016; Tebaldi et al., 2021) for the con-129

straints (Sec. 2.2) and for training the statistical models to remove interannual variabil-130

ity (Sec. 2.5). The historical simulations span the period 1850–2014 and are forced with131

all known forcings for this period. The ssp245 simulation is a future scenario simulation132

branching off from the historical in 2015 and going until 2100, corresponding to a world133

in a ‘middle of the road’ socioeconomic scenario with a continued increase in CO2 emis-134

sions (O’Neill et al., 2016). TCR values of GCMs are taken from Smith, Nicholls, et al.135

(2021).136

For surface air temperature we use the CMIP6 variable tas. Net SW EEI at the137

TOA is calculated from the difference of the SW downward flux (rsdt) minus the reflected138
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short-wave upward flux (rsut). Net LW EEI is given by the variable rlut. All fluxes are139

defined as positive downward.140

We use annual gridded surface air temperature anomalies from 1940 to 2024 from141

ERA5 (Hersbach et al., 2020), re-gridded to a 5◦×5◦ resolution. The gridded ERA5 data142

are used as predictors for the regression models that filter internal variability (See Sec.2.5).143

For observed global surface air temperature (GSAT) we use the area-weighted average144

of the girdded ERA5 data. For short-wave (SW) and long-wave (LW) EEI data we use145

CERES EBAF-TOA satellite data available for 2001-2024 (Loeb et al., 2018).146

2.2 Emergent constraints on TCR147

We create two constraints on TCR: one relating historical GSAT trends to TCR,148

and one relating SW and LW EEI trends at the top-of-atmosphere (TOA) to TCR. In149

both cases, we fit a linear relationship between simulated GSAT trends (or SW/LW EEI150

trends) over a certain period and TCR across models, and then compare this with the151

observed trend for this period. We use the periods 1981–2024 and 2001–2024. For EEI,152

we can only use the period 2001–2024, as this is the available CERES period. For GSAT,153

we use also the longer 1981–2024 period, as longer trends are more robust and allow com-154

parisons with previous work related to constraints which used trends starting in or around155

1981 (Armour et al., 2024; Nijsse et al., 2020; Tokarska et al., 2020).156

In order to create the constraint with periods extending post 2014, we extend the157

historical simulations by the ssp-245 simulations, as this is deemed to be closest to the158

real world evolution (Hausfather, 2025). However, this might introduce a bias in the con-159

straint if the observed post-2014 forcing strongly deviates from the ssp-245 forcing. We160

compare forcing estimates for ssp245 simulations (Smith, Hall, et al., 2021) with esti-161

mates of post-2014 observed forcing as published in the Indicators of Global Climate Change,162

(Smith et al., 2025) in order to test comparability of ssp245 simulations and observa-163

tions. The ratio of simulated to observed total and in particular anthropogenic forcing164

does not deviate systematically post 2014 (Fig. S1). This justifies the use of ssp245 as165

an extension of historical simulations up to 2024. Potentially relevant regional biases (e.g.,166

in aerosol forcing) can still not be excluded, and their impact on global variables such167

as EEI and GSAT is impossible to quantify given the available data.168

2.2.1 GSAT-based constraint169

In order for an emergent constraint to be valid, the relationship between future warm-170

ing and the constraint variable needs to be based on physical principles (Armour et al.,171

2024; Caldwell et al., 2018). In the case of the GSAT-based constraint, fitting a linear172

relationship between models’ historical GSAT trends and their TCR can be understood173

as ‘models that warm more in the past will warm more in the future’, assuming simi-174

lar forcing agents in the two periods. This assumption is not perfect but justifiable, as175

CO2 forcing dominates in recent observed trends (P. M. Forster et al., 2025; Smith et176

al., 2025). The physical reasoning for the existence of this constraint is that the strength177

of climate feedback in a model is an intrinsic model property, and has its origins in one-178

dimensional energy balance models (Hansen et al., 1985). Today, it is the basis of sim-179

ple climate models, e.g. (Smith et al., 2018). Numerous previous constraints have been180

based on the relationship between past and future warming (Knutti et al., 2017).181

A caveat of emergent constraints on TCR using past warming is the potential ef-182

fect of the discrepancy between observed and modeled SST patterns. Armour et al. (2024)183

show that if this is owed to a systematic model bias, such constraints are largely invalid.184

Variability could also be responsible for the mismatch between observed and modeled185

SST patterns, rather than only model bias. We employ a statistical model that quan-186

tifies the effect of variability on GSAT and SW and LW EEI (Sec. 2.5). In the case of187
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GSAT, the model identifies a cooling influence of the surface temperature pattern over188

the last decades (Gyuleva et al., 2025), regardless of whether this is due to natural vari-189

ability or possibly a forced accumulation of typically cooling internal-variability patterns190

in recent decades. This allows us to partially account for the bias induced by pattern ef-191

fects. We note that our results are based on the assumption that variability accounts for192

some part of the SST-pattern discrepancy.193

2.2.2 EEI-based constraint194

The emergent constraint based on SW and LW EEI trends rests on a relationship195

to future warming recently identified by Myhre et al. (2025): Models with stronger neg-196

ative SW EEI trends have stronger positive LW EEI trends, and vice-versa. We find a197

similar relationship with TCR (Fig. 2a). This relationship in the partitioning of the net198

EEI into its SW and LW components is physically justified: models with a higher TCR199

warm faster and therefore result in stronger SW EEI effects (e.g., positive SW cloud feed-200

backs, melting of glaciers and sea-ice) while at the same time exhibiting stronger LW EEI201

trends due to an enhanced Planck feedback (Myhre et al., 2025). Models with a weak202

TCR on the other hand, warm slowly in the transient run and may even exhibit still pos-203

itive LW EEI trends, as the Planck feedback has not yet gained dominance over the in-204

creased trapping of LW radiation due to CO2 increase.205

The fact that all models lie close to a line in Fig. 2a is a result of the fact that their206

net EEI trend (sum of SW and LW) is well-constrained. However, this may be because207

of GCM tuning on the net EEI (Hourdin et al., 2017). The line would be a perfect line208

if all models simulated an identical net EEI trend. In contrast, the spread along the line,209

which is the partitioning of the net EEI into its SW and LW components, is large. Im-210

portantly, Myhre et al. (2025) suggest that the spread in the LW and SW partitioning211

correlates with climate sensitivity, and here we show that it also correlates well with TCR212

(Fig. 2b): by performing principal component analysis of the trends in Fig. 2a (i.e., by213

projecting each point orthogonally onto the straight line which goes through the point214

cloud such as to minimize the orthogonal distance from each point to the cloud), we ob-215

tain the relationship in Fig. 2b. From now on we refer to the first principal component216

loading of the SW/LW EEI trends as EEIPC1. We will use this relationship to obtain217

an emergent constraint on TCR based on the observed EEI.218

2.2.3 Fitting the constraints219

We use ordinary least squares (OLS) regression with TCR as target and ensem-220

ble mean GSAT trends or EEIPC1 trends as predictors for the two constraints. For the221

EEI-based constraint, the trends are computed on TOA net SW EEI and TOA net LW222

EEI separately, after which they are transformed to their value in the EEIPC1 space. The223

transformation is done by fitting a one-component principal component analysis to the224

simulated SW EEI and LW EEI trends for the given time period from all members of225

all GCMs used for the constraint.226

We use GCMs with at least five historical members. This is a somewhat arbitrary227

choice and a trade-off between reducing the noise from internal variability and includ-228

ing as many GCMs as possible. Fig. S2 shows the Pearson correlation between TCR and229

the two predictors GSAT and EEIPC1 as a function of the minimum number of mem-230

bers and as a function of the number of GCMs included in the constraint. The quali-231

tative conclusions do not depend on the choice of the number of members.232

We fit the OLS regression for the constraint by giving equal weight to each model233

family. This avoids an over-representation of individual modeling centers providing more234

than one version of their model. The results largely remain unchanged when omitting235

the model-family weighting.236
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Figure 2. a) Partitioning of the net top-of-atmosphere EEI trend for 2001-2004 into its net

SW and net LW components for 2001–2024. Fluxes are defined as positive downwards. Dots rep-

resent model means, crosses the individual ensemble members. Model family abbreviations can

be found in Table S1. The figure is adapted for TCR from a similar figure in Myhre et al. (2025)

showing the relationship with equilibrium climate sensitivity. (b): First principal component of

(a) and its relationship with TCR.

In order to account for the effects of variability in the constraints, we perform a237

variability-filtering on the raw GSAT and SW/LW EEI trends, similar to the method238

in Gyuleva et al. (2025) (see Section 2.5). The main idea is that variability-filtering is239

a process that transforms the desired quantities GSAT, LW EEI and SW EEI into a space240

where their relationship with TCR still remains equally strong and physically justified,241

yet the noise due to variability is reduced. Note that its aim is to reduce as much of the242

uncertainty due to internal variability as possible, and not to provide an accurate esti-243

mate of what the true ‘forced’ variables are. For simplicity we still refer to variability-244

filtered quantities as ‘forced’ from now on, as opposed to those computed on the raw data245

(‘raw’).246

In theory, noise in the predictor variables GSAT and EEIPC1 could bias the regres-247

sion slope towards zero, a phenomenon known as regression dilution. Previous constraints248

have also used OLS regression, arguing that the OLS fit rather describes “the relation-249

ship between simulated warming and future warming than the relationship between forced250

warming and future warming” (Tokarska et al., 2020). In our case, since we apply vari-251

ability filtering which aims to reduce this noise, we argue that a good amount of the noise252

due to variability in the predictors should have been removed, although the statistical253

model is not perfect. Hence, we use OLS regression similar to previous constraints stud-254

ies on TCR (Tokarska et al., 2020).255

Best-estimates of TCR are obtained by predicting TCR using the fitted OLS re-256

gression with the observed raw or forced GSAT or EEIPC1 trend as predictor.257

2.3 Prediction interval in the constraint258

To compute a prediction interval for the constraints we use the predictive distri-259

bution arising from a linear regression. The probability of a prediction y given a new ob-260

servation x∗ is normally distributed with a variance σ2
y given by261
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σy =
N

N − 2
MSE

√
1 +

1

N
+

(x− x̄)2

Nσ2
x

, (1)

where N is the sample size, MSE the mean squared error, and x̄ and σ2
x the mean and262

variance of the predictors (Sippel et al., 2024).263

To account for uncertainty in the observed trends, we estimate the variance of (forced264

or raw) trends for a given period by computing them on all members of GCMs with more265

than 10 members. We then center all trends of a GCM to have zero mean and pool the266

trends of all GCMs together. We estimate the density of this trend distribution via a nor-267

mal distribution while weighting the samples to ensure equal weight for each GCM re-268

gardless of sample size (Fig. S3 shows the trend distributions with the normal distribu-269

tion fit). The uncertainty estimates remain virtually unchanged if a non-parametric den-270

sity estimation is fitted to the modeled trend distribution instead of the normal approx-271

imation. We therefore use the normal approximation for simplicity.272

To obtain the uncertainty in the prediction of TCR around the observed trend, we273

sample 100,000 times from the estimated density of modeled trends. For each such sam-274

ple x∗, we compute the predictive distribution using Eq. 1 and sample from it once to275

obtain a corresponding y∗. The 90% uncertainty interval in our TCR estimate is then276

given by the 5%-95% quantiles of all sampled y∗.277

2.4 Decomposing the uncertainty into variability and model error278

We decompose the total prediction error into its contributions from internal vari-279

ability and structural model error. The uncertainty originating from GCM structural er-280

rors would correspond to the error coming only from the scatter in the points—equivalent281

to the prediction uncertainty remaining if we assume perfect knowledge of the observed282

trend. We therefore quantify it by assuming zero noise due to variability in the observed283

trend and computing the 5-95% prediction interval based on Eq. 1 at the actual observed284

trend.285

The noise from internal variability, on the other hand, would correspond to the un-286

certainty in the prediction if we knew the perfect relationship of the predictor with TCR,287

and sampled only the uncertainty in the observed trend. We therefore quantify the un-288

certainty from internal variability by assuming a perfect linear relationship between TCR289

and the predictor and perform the following perfect-model test: for each GCM with more290

than 10 members, we leave this particular GCM out when fitting the constraint regres-291

sion on all other GCMs, and then predict the TCR for the left-out GCM on each of its292

members. We compute the variance of these predictions for each GCM and then pool293

the variances across GCMs. For a 5-95% confidence interval we use the corresponding294

quantiles of a normal distribution with variance equal to the pooled variance. Again, the295

results remain largely unchanged if a non-parametric density estimation is fitted rather296

than a normal distribution.297

2.5 Ridge regression for filtering internal variability298

Following the method of Gyuleva et al. (2025), we train a ridge regression model299

to predict the contribution of variability to annual GSAT, and to annual SW and LW300

EEI. We give a brief overview of the method here, details can be found in Gyuleva et301

al. (2025).302

Global variables GSAT (CMIP6 variable name: tas), LW EEI (CMIP6 variable name:303

-rsut), and SW EEI (CMIP6 variable name: rsdt - rsut) are calculated as area-weighted304

global averages of the gridded model output.305
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For each of the global variables GSAT, SW EEI, and LW EEI, we define variabil-306

ity in historical and ssp245 simulations as the deviation from the ensemble mean in a307

GCM. We then obtain a vector y with entries for each year of each member of the se-308

lected GCMs containing the variability contribution to the global variable in that year.309

We train a ridge regression model to predict y by using the corresponding ensem-310

ble member’s annual gridded GSAT anomalies as predictors. We then seek an optimal311

vector of regression coefficients β̂, which for a given year xi predicts the variability in312

the global variable for the given year, ŷi via the scalar product:313

ŷi = xi
T · β̂ (2)

The training data consist of a matrix X and response vector y. The rows of X contain314

the individual xi for each year and ensemble member. The components of y contain the315

corresponding annual internal variability contribution. The columns of X are the dif-316

ferent predictors (grid cells). We standardize the columns of X to have mean zero and317

variance one before training.318

The optimal coefficient vector β̂ is found by minimizing the ridge loss over the train-319

ing data, which consists of the squared prediction error as in linear regression, and of an320

additional penalty term which aims to shrink the individual components of β̂ towards321

zero:322

β̂ = argmin
β

||y −Xβ||22 + λ||β||22

The penalty term reduces the variance of the estimator in the case of highly cor-323

related predictors, as is the case for gridded geospatial data, and performs very well on324

climate data (Sippel et al., 2020, 2021; Gyuleva et al., 2025). The strength of the penalty325

is governed by the hyperparameter λ, which is estimated using cross-validation, see Fig. S4326

(Gyuleva et al., 2025).327

With the three fitted ridge models, we predict for each year of each ensemble mem-328

ber of each GCM the corresponding variability contributions to annual GSAT, LW EEI329

and SW EEI. We then obtain variability-filtered ensemble members of GSAT, LW EEI330

and SW EEI by subtracting these contributions from the original ensemble member.331

To filter variability from observations, we use annual ERA5 gridded surface air tem-332

perature anomalies as predictors. Predictions with the three ridge regression models yield333

estimates of the annual variability contribution to observed GSAT, LW EEI and SW EEI.334

We subtract this variability estimate from the annual observational GSAT, LW EEI and335

SW EEI value to obtain ‘forced’ estimates.336

The performance of the GSAT ridge regression model is discussed in detail in Gyuleva337

et al. (2025) and displayed in Figs. S5-S6 for SW and LW EEI variability. The SW and338

LW EEI ridge regression model overall shows a good performance in capturing both in-339

terannual and decadal variability in SW and LW EEI fluxes (Fig. S7-S8), justifying its340

use in this work.341

3 Results & Discussion342

3.1 Comparison of EEI and GSAT constraints343

Emergent constraints based on raw historical GSAT trends for 1981-2024, and raw344

historical EEIPC1 trends for 2001-2024, produce very different TCR ranges: 1.2–2.2 K345

for the GSAT-based constraint and 1.8–3.0 K for the EEI-based constraint (Fig. 3a, b).346

The GSAT-based best estimate of 1.7 K lies just below the EEI-based lower bound, while347
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Figure 3. Emergent constraints based on (a): raw GSAT trends for 1981–2024; (b): raw

EEIPC1 trends for 2001–2024, (c): forced GSAT trends for 1981–2024; (d) and (f): forced EEIPC1

trends based on 2001–2024, (e): forced GSAT trends based on 2001–2024. Dots represent model

means, labels show the model family (see Table S1). Solid vertical lines show the observational

estimate for the quantity on the horizontal axis estimated from ERA5 surface air temperature

data for GSAT and CERES data for the EEIPC1. Solid horizontal lines show the corresponding

TCR best-estimate. Shadings indicate the two-sided 90% confidence range (5th-95th quantiles) of

the estimated distribution of corresponding trends from large ensembles on the horizontal axis,

and the 90% prediction interval (5th-95th quantiles of the predictive distribution) for TCR on the

vertical axis (see Sec. 2.3). Dotted horizontal lines indicate the raw (orange) versus forced (red)

GSAT-based constraint using the period 1981–2014, which formed the constraint in Tokarska et

al. (2020). Note that panels (d) and (f) are identical for illustration purposes.
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the EEIPC1-based best-estimate is 2.4 K—outside of the very likely range for the GSAT-348

based constraint (horizontal black lines in Fig. 3a, b). No GCM simulates both a GSAT349

trend and an EEIPC1 trend compatible with the observed trend within the 90% confi-350

dence range. Further, the TCR best estimate from either constraint is not included in351

the other constraint’s prediction interval. This mismatch could have several reasons: a)352

observational error, b) internal variability influencing the raw trends (vertical black lines353

in Fig. 3a,b), c) an inherent bias in the way models simulate EEI and GSAT trends, or354

d) a shift of processes and feedbacks taking place in observations between the two over-355

lapping trend periods used, 1981–2024 and 2001–2024.356

We find that using a different GSAT or GMST dataset has little effect, and the dif-357

ference between different surface temperature datasets is much smaller than the uncer-358

tainty from variability (Lenssen et al., 2024; Rohde & Hausfather, 2020; Morice et al.,359

2021). For EEI data, such a test is impossible as CERES is the only currently available360

satellite product. Without a valid alternative dataset to compare with, there may be large361

uncertainty and potential biases in CERES. However, the time evolution of EEI from362

CERES is remarkably similar to the independent ARGO dataset using ocean heat up-363

take as a proxy for EEI (Johnson et al., 2016; Riser et al., 2016), providing confidende364

in the trend estimated from CERES.365

The incompatibility of the raw GSAT-based constraint over 1981–2024 and the raw366

EEI-based constraint over 2001–2024 could be partially owed to variability acting in dif-367

ferent ways during the two periods: if variability overall cooled the GSAT trend relative368

to the models’ distribution during 1981–2024, whereas it pushed the EEIPC1 trend up-369

ward relative to the models’ during 2001-2024, this could produce two apparently incom-370

patible regions for the TCR predictions. We would also not expect any of the model means371

to capture such a shift, as variability is largely absent from the model mean.372

We test this by computing the constraints on variability-filtered data (Fig. 3c,d).373

Variability-filtering leads to an upward correction of the 1981–2024 GSAT trend by 0.010 K/decade,374

and an upward correction of 0.015 Wm−2/decade for the EEIPC1 trend (−0.027 Wm−2/decade375

for the SW EEI trend and +0.026 Wm−2/decade for the LW EEI trend). The effect on376

the TCR best estimate is an upward correction of 0.1 K for the GSAT constraint and377

a negligible effect for the EEI constraint. Note that the models’ position in the constraint378

plot also shift during variability filtering, so any shift in the observed trend’s position379

is only relevant if it changes the position relative to the models’. However, the variabil-380

ity effect on the GSAT trend was much larger (0.026 K/decade) for the period 1981–2014381

used in Tokarska et al. (2020), leading to a 0.21 K higher TCR estimate if accounting382

for variability (orange and red dotted lines in Fig. 3a). This is likely due to variability-383

driven cooling during the hiatus period as identified in Gyuleva et al. (2025). Previous384

estimates based on trends ending in 2014 are thus biased low by around 0.3 K accord-385

ing to our analysis, partly due to variability acting during the 1981–2014 period, and partly386

due to the extension of the trend period up to 2024 (compare horizontal black line with387

the orange and red lines in Fig. 3c).388

Variability filtering does not resolve the partial incompatibility of simulated GSAT389

and EEI trends, as the uncertainty bands have now become smaller but have not shifted390

substantially. Even when attempting to filter variability with our method, no model is391

able to fall within the uncertainty remaining around both of the two observed trends,392

GSAT and EEIPC1. Therefore, either an inherent model bias in the link between GSAT393

and EEI in GCMs, or a change in processes and feedbacks in observations between the394

two time periods 1981-2024 and 2001-2024, or a combination of both, is needed to ex-395

plain the mismatch.396

Our results provide some evidence for both. When performing the GSAT constraint397

on the more recent period 2001-2024 used for the EEI constraint (Fig. 3e), the mismatch398

is partially resolved: the TCR best-estimate is now 2.0 K, compared to 1.8 K for the 1981–399
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2024 period. There is now one model family (ACC, see Table S1), which simulates both400

GSAT and EEI trends within the uncertainty due to variability remaining after the fil-401

tering, and the TCR best estimates of the GSAT and EEI constraints are compatible402

with each other’s prediction intervals.403

This poses the question whether the GSAT-based constraint based on 2001–2024404

is incompatible with the one based on 1981–2024. We test this by seeing how much TCR-405

best-estimate predictions vary for different initial condition members of the same model406

in a perfect-model setup (i.e., when leaving the model out for fitting the constraint re-407

lationship, see Sec 2.4). Both for the forced and the raw TCR best estimate based on408

1981–2024, the best estimate based on 2001–2024 lies within the estimated 95% confi-409

dence region from the perfect-model test (Fig.4a, compare yellow and orange error bars410

for the two periods). We therefore cannot exclude variability as a cause of the shift in411

the GSAT-based constraint when shifting between the two periods.412

Interpreting the partial reconciliation of GSAT and EEI-based constraints when413

using the same period 2001–2024 is not straightforward: according to our results, account-414

ing for variability does not reconcile the mismatch. However, even after variability fil-415

tering uncertainty from the initial conditions still remains (gray shading around verti-416

cal lines in Fig. 3c-f), as our method is not perfect. It is also possible that applying the417

regression model on observations, which come from a different distribution, introduces418

an unknown bias. Although our ridge regression models perform very well when tested419

on model families not used in training (Figs. S5-S8 and Gyuleva et al. (2025)), we still420

cannot exclude an ‘unknown unknown’ in terms of the distribution shift between mod-421

els and observations. Nonetheless, considering the estimated magnitude of variability in422

models about the observed trend, it can be seen that even if the 1981–2024 GSAT con-423

straint in Fig. 3c shifted to the rightmost region of the 90% confidence band, and the424

2001–2024 EEI-based constraint in Fig. 3d to the left-most region of its 90% confidence425

band, there would still hardly be models simulating both GSAT and EEI consistently426

with each other.427

This gives us some confidence that variability is most likely not the main cause of428

the discrepancy. Since accounting for variability does not seem to resolve the discrep-429

ancy observed in Figures 3a,b and 3c,d, then we should expect this discrepancy to per-430

sist regardless of the period in consideration if it is owed to a systematic model bias in431

the GSAT-EEI coupling. The fact that it partly becomes resolved by aligning the two432

periods suggests that processes in the real world might have changed between 1981–2024433

and 2001–2024 in such a way as to make higher future warming more likely. Even so,434

aligning the periods of the constraint to 2001–2024 does not fully resolve the discrepancy,435

so a part of it may still be owed to model biases, some of which have been identified in436

literature (Olonscheck & Rugenstein, 2024).437

3.2 Limits and opportunities of emergent constraints on TCR438

Next, we decompose the sources of uncertainty in the constraints. Fig. 4b shows439

the 90% prediction interval for the constraints (blue bars). The prediction interval in-440

corporates two types of uncertainty: uncertainty from internal variability, i.e., the un-441

certainty in the position of the vertical line (observed trend) in Figs. 3a-f; and structural442

model uncertainty leading to an imperfect relationship between TCR and the constraint443

variable (here, GSAT or EEIPCA trends). This uncertainty is represented by the scat-444

ter in the points around the regression line in Fig. 3. Note that the two types of uncer-445

tainty do not contribute linearly to the joint uncertainty (see Eq.1), so we do not expect446

the orange and green bars to add up to the blue. We also note that part of the struc-447

tural uncertainty in the scatter of the points might still be due to internal variability,448

as some models only provide few or even a single member to compute their TCR val-449
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Figure 4. (a): Best-estimate of TCR and 2.5%-97.5% uncertainty range due to internal vari-

ability only. The error bars represent two times the standard deviation of TCR predictions across

initial condition ensembles, computed from the pooled variance across models in a perfect-model

setup (see Sec. 2.4). (b) Break-down of the total prediction uncertainty (cf., gray horizontal shad-

ing in Fig.3) into uncertainty coming only from internal variability or GCM structural errors.

The bars represent 90% confidence ranges (the two-sided 5%–95% range).

ues, and even in ensembles with at least five members, substantial noise may still remain450

after computing the ensemble mean.451

The joint uncertainty is highest for the EEI-based constraint and lowest for the long452

period GSAT-based constraint. However, the dominant sources of uncertainty differ be-453

tween GSAT- and EEI-based constraints. Whereas for GSAT, variability and structural454

uncertainty contribute roughly equally to the joint uncertainty, for the EEI-based con-455

straint structural uncertainty is larger than the relatively small contribution from vari-456

ability.457
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Our results suggest that the uncertainty in the still short observed 2001–2024 EEI458

trend is not a limiting factor for better constraining TCR. This is because the difference459

in the ensemble means of EEIPCA trends between GCMs is much larger than the differ-460

ences within one GCM (Fig. S4). This can be seen in the narrow uncertainty around the461

observed trend in Figs. 3b,d,f compared to the larger uncertainty about the GSAT trend462

in Figs. 3a,c,e, in relation to the overall horizontal spread of ensemble means. This has463

two implications: first, the currently available CERES observational period is sufficiently464

long to derive a valid constraint, and waiting longer will not help the signal to emerge.465

Second, due to the much larger differences between GCMs compared to within GCMs,466

EEI-based constraints have much more power in discriminating between GCMs, provided467

that the relationship with TCR is strong enough. Structural model uncertainty domi-468

nates the EEI constraint and progress is needed there in order to reduce the uncertainty469

in EEI-based TCR constraints.470

Filtering variability in GSAT leads to an overall larger reduction in total uncer-471

tainty than removing variability in EEI. This is because the two sources of uncertainty472

contribute non-linearly to the joint uncertainty and a reduction of the larger of the two473

has a much bigger effect on the total. Due to the much larger effect of variability on the474

GSAT-based constraint, longer trend periods in GSAT may well improve our overall un-475

certainty, yet progress is needed in reducing both structural and internal variability un-476

certainty in order to improve the constraint. We note that even after variability-filtering,477

substantial uncertainty remains, which is likely irreducible (Huber et al., 2014).478

We note that most models are directly or indirectly tuned to match the observed479

temperature record and the net energy imbalance (Hourdin et al., 2017). However, to480

our knowledge there is no systematic tuning of models to SW or LW fluxes separately.481

This might explain why models tend to agree much more in GSAT and in net EEI, than482

they do in the SW-versus-LW partitioning of net EEI. Our results therefore also chal-483

lenge the process of model tuning: if we tune models to an observable, then this partic-484

ular observable loses its power in constraining models. Models might be then artificially485

forced into a state where they are ‘right’, but for the wrong reasons (Kiehl, 2007; Knutti,486

2008).487

3.3 Assessing a likely TCR range488

Based on the above, we attempt a revision of the TCR best-estimate. We believe489

that both GSAT-based constraints and the new EEI-based constraints provide impor-490

tant evidence to constrain TCR. If we assume that the “better” GCMs tend to be those491

that simulate both metrics close to the observed trends within the uncertainties, our new492

informed guess for a very likely TCR range should be based on an overlap of the GSAT-493

and EEI-based constraints. The new estimate for the lower bound of the very likely TCR494

range is therefore 1.9 K, as this is the lowest overlap point between the EEI-based and495

GSAT-based TCR prediction intervals. This lower bound is higher than all previous constraint-496

based TCR best-estimates in the literature (Fig. 1).497

Defining a likely upper bound for TCR is more difficult: if we were to take a sta-498

tistically conservative approach, we would use the upper bound of the 1981-2024 GSAT-499

based constraint, because GSAT-based constraints are strongly impacted by internal vari-500

ability in shorter trend periods. This gives an upper bound of 2.3 K, which still lies within501

the range of previous GSAT-based TCR estimates from the CMIP6 era (Fig. 1). How-502

ever, our results provide some evidence for a shift of the rate of observed warming in re-503

cent decades, which is closer to that of the faster-warming GCMs. Based on this reason-504

ing, a better physically justified upper bound would be the upper bound of the GSAT-505

based constraint based on the recent period 2001-2024. This would result in an upper506

bound on TCR of 2.6 K, which is higher than previous TCR estimates’ upper bounds.507
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Since we do not have evidence to rule out the 2.6 K upper bound, we propose a revised508

TCR range of 1.9–2.6 K (total gray shading in Fig. 1).509

We acknowledge that two main factors might bias our results. First, despite the510

overall similarity between the ssp-245 and real world forcing estimates (Smith, Hall, et511

al., 2021; Smith et al., 2025), differences in the regional distribution of climate forcers,512

particularly aerosols, might have impacted the observed EEI or GSAT differently than513

the forcing in the models (Hodnebrog et al., 2024; Samset et al., 2025). The updated forc-514

ing used for the upcoming 7th cycle of CMIP might help shed light on this and reveal515

if relevant biases due to diverging forcing are affecting our results.516

Second, like most emergent constraint studies, we assume no strong structural bias517

common to all models relative to observations (Sanderson et al., 2021). Armour et al.518

(2024) identify such a bias for GSAT-based constraints, and we acknowledge that this519

might affect our work. However, we believe this work is justified nonetheless for two rea-520

sons: first, the SST pattern bias identified by Armour et al. (2024) is for the period 1981–521

2014, without including the data up to 2024. Recent years have been marked by the re-522

markable 2023–2024 surge in GSAT and a strong El Niño event (Cattiaux et al., 2024;523

Raghuraman et al., 2024; Seeber et al., 2026; Terhaar et al., 2025). It is thus not clear524

whether the evolution of the SST pattern from 2014 onward still points to a substan-525

tial bias between models and observations with a potential to bias the constraints. Sec-526

ond, we counteract the effect of the SST pattern via our variability-filtering approach.527

Although the filtering is not perfect, it accounts for some of the effect that SST pattern528

feedbacks have on GSAT and the EEI, even if the specific evolution may not be repre-529

sented by most models.530

4 Conclusions531

Our results introduce two improvements to previous emergent constraint studies532

based on historical trends, by accounting for the effect of variability on observed trends,533

and by considering a new metric based on the EEI.534

We show that observations of TOA energy fluxes may provide a complementary535

piece of evidence in constraining future warming, particularly due to the large spread536

between models. A constraint based on observed EEI points to higher future warming537

than the previously published temperature-based constraints. This discrepancy between538

temperature- and EEI-based constraints is partially resolved when aligning the periods539

used for the constraint to the last two decades—providing some evidence for a possible540

shift of observed climate processes towards stronger warming with increasing CO2 con-541

centration.542

We also reveal that past temperature-based constraints on TCR were biased low543

due to a cooling influence of variability in previous decades. More recent temperature544

trends point to higher future warming, although variability cannot be excluded as a cause545

of this shift.546

We show that internal variability is a larger source of uncertainty for temperature-547

based constraints compared to EEI-based constraints, due to the much smaller spread548

between models in GSAT compared to EEI. With this in mind, the coming years may,549

by making the observational GSAT trend longer and so more robust, confirm or reject550

the hypothesis that observations are shifting towards stronger warming models than pre-551

viously expected. For the EEI, the large spread within GCMs means that internal vari-552

ability in observed trends is not the dominant source of uncertainty, which implies that553

the EEI could serve as a potentially powerful new metric to use in constraints of future554

warming.555
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With the advent of the CMIP7 generation of models, tools for constraining the spread556

in warming projections are needed. We provide a tool for accounting for variability, and557

a new fundamental constraint metric. A revision of the TCR range upwards has impli-558

cations for future policy making. An update to the calibration of simple climate mod-559

els, carbon budgets, and climate models may be required, if the faster-warming models560

are indeed the more realistic ones.561
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Jiménez-de-la Cuesta, D., & Mauritsen, T. (2019). Emergent constraints on Earth’s702

transient and equilibrium response to doubled CO\textsubscript2 from post-703

1970s global warming. Nature Geoscience, 12 (11), 902–905.704

Johnson, G. C., Lyman, J. M., & Loeb, N. G. (2016, July). Improving estimates of705

Earth’s energy imbalance. Nature Climate Change, 6 (7), 639–640. Retrieved706

2026-01-26, from https://www.nature.com/articles/nclimate3043 doi: 10707

.1038/nclimate3043708

–18–



manuscript submitted to Earth’s Future

Kiehl, J. T. (2007). Twentieth century climate model re-709

sponse and climate sensitivity. Geophysical Research Letters,710

34 (22). Retrieved 2025-11-07, from https://onlinelibrary711

.wiley.com/doi/abs/10.1029/2007GL031383 ( eprint:712

https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2007GL031383)713

doi: 10.1029/2007GL031383714

Knutti, R. (2008). Why are climate models reproducing the ob-715

served global surface warming so well? Geophysical Research Let-716

ters, 35 (18). Retrieved 2026-01-26, from https://onlinelibrary717

.wiley.com/doi/abs/10.1029/2008GL034932 ( eprint:718

https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2008GL034932)719

doi: 10.1029/2008GL034932720

Knutti, R., Rugenstein, M. A., & Hegerl, G. C. (2017). Beyond equilibrium climate721

sensitivity. Nature Geoscience, 10 (10), 727–736.722

Lenssen, N., Schmidt, G. A., Hendrickson, M., Jacobs, P., Menne, M. J.,723

& Ruedy, R. (2024). A NASA GISTEMPv4 Observational724

Uncertainty Ensemble [Dataset]. Journal of Geophysical Re-725

search: Atmospheres, 129 (17), e2023JD040179. Retrieved 2024-726

12-16, from https://data.giss.nasa.gov/gistemp/ ( eprint:727

https://onlinelibrary.wiley.com/doi/pdf/10.1029/2023JD040179) doi:728

10.1029/2023JD040179729

Liang, Y., Gillett, N. P., & Monahan, A. H. (2024, June). Accounting for Pacific cli-730

mate variability increases projected global warming. Nature Climate Change,731

14 (6), 608–614. Retrieved 2025-07-04, from https://www.nature.com/732

articles/s41558-024-02017-y doi: 10.1038/s41558-024-02017-y733

Loeb, N. G., Doelling, D. R., Wang, H., Su, W., Nguyen, C., Corbett, J. G., . . .734

Kato, S. (2018, January). Clouds and the Earth’s Radiant Energy System735

(CERES) Energy Balanced and Filled (EBAF) Top-of-Atmosphere (TOA)736

Edition-4.0 Data Product. Journal of Climate, 31 (2), 895–918. Retrieved737

2025-11-26, from https://journals.ametsoc.org/view/journals/clim/31/738

2/jcli-d-17-0208.1.xml doi: 10.1175/JCLI-D-17-0208.1739

Matthews, H., D., Tokarska, K. B., Rogelj, J., Smith, C. J., MacDougall, A. H.,740

Haustein, K., . . . Knutti, R. (2021, January). An integrated approach741

to quantifying uncertainties in the remaining carbon budget. Commu-742

nications Earth & Environment , 2 (1), 7. Retrieved 2026-02-03, from743

https://www.nature.com/articles/s43247-020-00064-9 doi: 10.1038/744

s43247-020-00064-9745

Mauritsen, T., Tsushima, Y., Meyssignac, B., Loeb, N. G., Hakuba, M.,746

Pilewskie, P., . . . Zelinka, M. D. (2025). Earth’s Energy Im-747

balance More Than Doubled in Recent Decades. AGU Advances,748

6 (3), e2024AV001636. Retrieved 2025-05-16, from https://749

onlinelibrary.wiley.com/doi/abs/10.1029/2024AV001636 ( eprint:750

https://onlinelibrary.wiley.com/doi/pdf/10.1029/2024AV001636) doi:751

10.1029/2024AV001636752

Morice, C. P., Kennedy, J. J., Rayner, N. A., Winn, J. P., Hogan, E., Kil-753

lick, R. E., . . . Simpson, I. R. (2021). An Updated Assessment754

of Near-Surface Temperature Change From 1850: The HadCRUT5755

Data Set [Dataset]. Journal of Geophysical Research: Atmospheres,756

126 (3), e2019JD032361. Retrieved 2024-12-16, from https://757

onlinelibrary.wiley.com/doi/abs/10.1029/2019JD032361 ( eprint:758

https://onlinelibrary.wiley.com/doi/pdf/10.1029/2019JD032361) doi:759

10.1029/2019JD032361760

Myhre, G., Hodnebrog, , Loeb, N., & Forster, P. M. (2025, June). Observed761

trend in Earth energy imbalance may provide a constraint for low climate762

sensitivity models. Science, 388 (6752), 1210–1213. Retrieved 2025-07-04,763

–19–



manuscript submitted to Earth’s Future

from https://www.science.org/doi/10.1126/science.adt0647 doi:764

10.1126/science.adt0647765

Nijsse, F. J., Cox, P. M., & Williamson, M. S. (2020). Emergent constraints on tran-766

sient climate response (TCR) and equilibrium climate sensitivity (ECS) from767

historical warming in CMIP5 and CMIP6 models. Earth System Dynamics,768

11 (3), 737–750.769

Olonscheck, D., & Rugenstein, M. (2024). Coupled Climate Models Systemati-770

cally Underestimate Radiation Response to Surface Warming. Geophysical771

Research Letters, 51 (6), e2023GL106909. Retrieved 2025-11-06, from https://772

onlinelibrary.wiley.com/doi/abs/10.1029/2023GL106909 ( eprint:773

https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2023GL106909) doi:774

10.1029/2023GL106909775

Olonscheck, D., Rugenstein, M., & Marotzke, J. (2020). Broad consistency between776

observed and simulated trends in sea surface temperature patterns. Geophysi-777

cal Research Letters, 47 (10), e2019GL086773.778

O’Neill, B. C., Tebaldi, C., Van Vuuren, D. P., Eyring, V., Friedlingstein, P., Hurtt,779

G., . . . others (2016). The scenario model intercomparison project (Scenari-780

oMIP) for CMIP6. Geoscientific Model Development , 9 (9), 3461–3482.781

Raghuraman, S. P., Soden, B., Clement, A., Vecchi, G., Menemenlis, S., & Yang,782

W. (2024, October). The 2023 global warming spike was driven by the El783

Niño–Southern Oscillation. Atmospheric Chemistry and Physics, 24 (19),784

11275–11283. Retrieved 2024-10-14, from https://acp.copernicus.org/785

articles/24/11275/2024/ doi: 10.5194/acp-24-11275-2024786

Ribes, A., Qasmi, S., & Gillett, N. P. (2021, January). Making climate projections787

conditional on historical observations. Science Advances, 7 (4), eabc0671.788

Retrieved 2025-03-28, from https://www.science.org/doi/10.1126/789

sciadv.abc0671 doi: 10.1126/sciadv.abc0671790

Riser, S. C., Freeland, H. J., Roemmich, D., Wijffels, S., Troisi, A., Belbéoch, M.,791
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