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Abstract.  

Climate sensitivity is a key metric in climate science, defined as the equilibrium global mean surface temperature response 

following a doubling of the atmospheric CO2 concentration. Climate sensitivity, which is an idealized concept, can be 

quantified using different approaches, all with their own limitations. In this study, we employ a method previously used to 15 

infer climate sensitivity based on Earth system observations and radiative forcing estimates over the industrialized period, on 

historical climate model simulations. We estimate climate sensitivity using the transient response in historical simulations from 

four models contributing to the sixth phase of the Coupled Model Intercomparison Project (CMIP6), with a total of 40 ensemble 

members. The surface temperature and ocean heat content evolution from each ensemble member is known, effective radiative 

forcing time series for each model are diagnosed from targeted simulations within CMIP6 and the effective climate sensitivity 20 

(ECSeff) for each model is calculated from the abrupt four times CO2 experiment. The inferred effective climate sensitivity 

(ECSinf) from the transient model response is generally lower than the models’ ECSeff, as expected due to time and state 

dependencies of climate sensitivity. For different ensemble members, the ECSinf can be quite different. For CNRM-CM6-1, 

the posterior mean ECSinf varies by 2.2 K among its 30 ensemble members, but the 90% confidence intervals all contain the 

model’s ECSeff. The posterior mean ECSinf for HadGEM3 GC3.1-LL varies by as much as 4 K. For NorESM2-LM and 25 

NorESM2-MM where the ECSeff is 2.5 K for both models, the posterior mean ECSinf varies by 0.62 K and 1.2 K respectively, 

and only one of the in total six ensemble members has posterior mean ECSinf larger than ECSeff. Because the observed historical 

climate represents only one realization of the Earth’s climate, these results highlight the importance of natural variability when 

estimating climate sensitivity using observations over the historical period and not only the uncertainty in the historical forcing 

due to aerosols.   30 
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1 Introduction 

A central quantity in climate science is the equilibrium climate sensitivity defined as the equilibrium temperature response 

following a doubling of the CO2 concentration in the atmosphere. Climate sensitivity encapsulates the strength of climate 35 

feedbacks in the Earth system and plays a pivotal role for future climate change projections. Reducing the uncertainty in the 

climate sensitivity  is crucial for  constraining estimates of necessary global mitigation measures to meet the Paris agreement 

as climate sensitivity is a dominant source of uncertainty in long-term climate projections under given greenhouse gas emission 

scenarios (Hawkins and Sutton, 2009). Based on several lines of evidence - including paleoclimate reconstructions, 

instrumental records, process understanding and emergent constraints - the Sixth Assessment Report (AR6) of the 40 

Intergovernmental Panel on Climate Change (IPCC) assessed equilibrium climate sensitivity to very likely be in the range of 

2 K to 5 K (Forster et al., 2021). 

 

One method to estimate climate sensitivity is to use historical observations of the Earth system over the industrialized period 

combined with estimates of changes in the Earth energy balance (Knutti et al., 2017; Sherwood et al., 2020). However, using 45 

historical observations to constrain climate sensitivity comes with limitations (Armour et al., 2024; Gregory et al., 2020; 

Marvel et al., 2018; Sherwood et al., 2020). Firstly, the historical forcing of the system is uncertain, mainly due to the 

uncertainty in the aerosol radiative forcing (Andreae et al., 2005; Bellouin et al., 2020; Forster et al., 2026). Secondly, climate 

feedbacks are expected to change over time (Armour, 2017; Bjordal et al., 2020; Rugenstein et al., 2020; Senior and Mitchell, 

2000). Among the mechanisms contributing to this time dependence is the so-called pattern effect, where feedbacks depend 50 

on the spatial pattern of warming (Stevens et al., 2016), and that the temperature pattern evolves over time (Andrews et al., 

2015). Lastly, the considerable internal variability of the climate system means that the observed climate change is only one 

single realization out of many possible historical climate trajectories. According to the climate models the observed sea surface 

temperature (SST) warming pattern results in more stabilizing feedbacks compared to the SST pattern that is expected for 

long-term warming due to increased CO2 in the atmosphere (Andrews et al., 2022; Zhou et al., 2016). Hence, estimates of 55 

climate sensitivity based on changes over the historical period are expected to be lower than climate sensitivity estimated from 

the response to a quadrupling of CO2 levels in the climate models (Andrews et al., 2018; Armour et al., 2024; Dong et al., 

2021). However, it is currently unclear if the observed SST warming pattern is forced or a result of internal variability, as 

climate models struggle to reproduce it (Dhame et al., 2025; Wills et al., 2022). Therefore, observation-based estimates of 

climate sensitivities over the industrialized period will differ from the equilibrium climate sensitivity as assessed by AR6 60 

(Forster et al., 2021) and we hereafter use the term inferred effective climate sensitivity (ECSinf) for these estimates. 

 

Climate models are useful tools for understanding the Earth System, the relationship between forcing and response being one 

example, but prior to the sixth phase of the Coupled Model Intercomparison Project (CMIP6), the historical radiative forcing 

in the models was not quantified. Within CMIP6 and the Radiative Forcing Model Intercomparison Project (RFMIP) there 65 
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were simulations targeted to quantify the effective radiative forcing (ERF) over the historical period (Pincus et al., 2016; Smith 

et al., 2020). For models that performed those simulations and quantified the ERF time evolution, output from the historical 

simulations can be used to investigate the usefulness of observation-based estimates of climate sensitivity. The first limitation 

to observation-based estimates of climate sensitivity mentioned above is thus eliminated as the ERF in the models will be 

better quantified than in the real world. Furthermore, by using results from different initial perturbation ensemble members, 70 

the role of internal variability in ECSinf estimates can be investigated. Previously, using climate models, climate sensitivity 

estimates have been shown to vary widely due to internal natural variability (Dessler et al., 2018; Huber et al., 2014). Lastly, 

comparing ECSinf to effective climate sensitivity (ECSeff) calculated from coupled model experiments where atmospheric CO2 

concentrations are abruptly quadrupled from pre-industrial levels and held fixed (Zelinka et al., 2020), the influence of time 

and state dependencies on the ECSinf can be assessed.  75 

 

In this study we follow the same methodology as previously used to estimate ECSinf from observations to infer the climate 

sensitivity from historical climate model simulations (1850-2014). We use the transient ocean heat content (OHC) and 

temperature response from the coupled historical simulations of four CMIP6 models and the corresponding ERF time series 

calculated from the individual models to estimate ECSinf for each ensemble member. The ECSinf is expected to be lower than 80 

the ECSeff calculated from the abrupt increase in CO2 concentrations (Forster et al., 2021), but how large is the difference 

between ECSeff and ECSinf for these models? As observed climate is only a single realization of the Earth’s climate, how large 

is the spread in ECSinf between the different ensemble members? Answering these questions can give new insights into the 

usefulness of observational based estimates of climate sensitivity.  

2 Method 85 

For each ensemble member of the historical simulations from four climate models, ECSinf is estimated using the same approach 

as previously applied to historical observations over the industrialized period (Aldrin et al., 2012; Skeie et al., 2014, 2018, 

2024). In the Bayesian framework the historical observations of surface temperature and OHC as well as estimates of the 

historical effective radiative forcing are replaced by the corresponding values from the historical climate model simulations.  

2.1 Estimation method 90 

The Bayesian estimation model consists of a dynamic process model, a data model that describes how various observations – 

in this case results from climate model simulations – are related to the process states, and a parameter model that expresses 

our prior knowledge of the parameters. The dynamic process model can be written as  

 

𝒈𝑡 = 𝒎𝑡(𝒙1750:𝑡 , 𝜽) + 𝒏𝒕,           (1) 95 
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where 𝒎𝑡(𝒙1750:𝑡 , 𝜽) is a deterministic energy balance/upwelling-diffusion model (Sandstad et al., 2024) with idealized 

representation of the Earth's energy balance, 𝒙1750:𝑡 are ERFs from start year until year t, 𝜽 is a vector of seven parameters 

including the climate sensitivity parameter (𝜆) and parameters that represent mixing of heat into the ocean, and 𝒏𝒕  is a 

stochastic process, consisting of three terms representing short-term internal variability where an ENSO index is used, long-100 

term internal variability and model error. In this study 𝒈𝑡 corresponds to climate model data from historical simulations (from 

1850 to 2014) for hemispheric surface temperatures and OHC for both 0-700 meters and below 700 meters. The prior 

distribution of the model parameters 𝜽 are equal for all the climate model simulations and the same as in Skeie et al. (2024), 

and we apply a Bayesian approach and use Markov Chain Monte Carlo techniques to sample from the posterior distribution 

as described in previous studies (Aldrin et al., 2012; Skeie et al., 2014, 2018, 2024).  105 

2.2 CMIP6 data 

Model output from coupled historical simulations within CMIP6 (Eyring et al., 2016) are used in this study. The models used 

are HadGEM3 GC3.1-LL and CNRM-CM6-1 that both share the same ocean model (Kuhlbrodt et al., 2023) and two versions 

of NorESM2 where the main difference is the atmospheric resolution. Model results from each ensemble member are used 

separately in the estimation, and the ensemble size ranges from 3 to 30 (Table 1). 110 

 

Table 1: Overview of CMIP6 models used in this study, main model reference and the number of ensemble members used. The 

values for ECSeff and ERF for doubling of CO2 concentrations (2xCO2) are both assessed in IPCC AR6 where ECSeff values are the 

equilibrium climate sensitivity values from Table 7.SM.5 in Smith et al. (2021) and the ERF 2xCO2 from Table 7.2 in Forster et al. 

(2021). 115 

Model Ensemble members ECSeff [K] ERF 2xCO2 [W m-2] Model reference 

CNRM-CM6-1 30 4.83 4.01 Voldoire et al. (2019) 

HadGEM3 GC3.1-LL 4 5.55 4.07 Williams et al. (2018) 

NorESM2-LM 3 2.54 4.10 Seland et al. (2020) 

NorESM2-MM 3 2.50 4.22 Seland et al. (2020) 

 

For HadGEM3 GC3.1-LL and CNRM-CM6-1 the OHC for the individual ensemble members are taken from Kuhlbrodt et al. 

(2023) where OHC in the upper 700 meter, 700 meter to 2000 meter and below 2000 meter were calculated and detrended by 

subtracting the trend in the pre-industrial control simulation (piControl). In the estimation we combine the OHC for 700 meters 

to 2000 meters and the one below 2000 meters. For NorESM2-LM and NorESM2-MM the volume integrated OHC is 120 

calculated above and below 700 meters and the trend in the piControl for the corresponding segment to the historical simulation 

is subtracted. To be consistent with the method where historical observation-based data are used to estimate ECSinf we use 

OHC data from 1950 and onwards in the estimation shown in Fig. S1. 
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The surface temperature data used are from Nicholls et al. (2021) that have processed the gridded CMIP6 model output to 125 

global and regional averages. We have used the hemispheric temperature data over land (tas: near-surface air temperature) and 

ocean (ts: surface temperature, sea surface temperature over ocean) and combined these to produce blended mean surface 

temperature time series to be consistent with observed temperature time series. The hemispheric as well as the global 

temperature time series for the models and ensemble members are shown in Fig. S2. When historical observations have been 

used in the estimation, we add an observational error as there are uncertainties related to the method used to calculate global 130 

and hemispheric temperatures from observations with limited spatial coverage. Using climate model data, the temperature is 

known, but we add a small observational error of ±0.05 K. For OHC above and below 700 meter we add an observational error 

of ±0.25 1022 J.  

 

To account for the temperature variability due to El Niño–Southern Oscillation (ENSO), the Southern Oscillation Index (SOI) 135 

is used. SOI is calculated as monthly mean sea level pressure difference between Tahiti and Darwin in the historical 

simulations. Values in the grid box nearest the two sites are used. The SOI-indexes for the four models are shown in Fig. S3. 

 

The ERF time series for the individual models are diagnosed from CMIP6 RFMIP experiments (Smith et al., 2020), where 

effective radiative forcings are calculated from atmosphere-only simulations using sea-surface temperature and sea ice 140 

climatology from the models’ own pre-industrial control simulation. For CNRM-CM6-1 and HadGEM3-GC3.1-LL ERF 

timeseries are available for all forces, greenhouse gases, aerosols and natural forcers as used in Kuhlbrodt et al. (2023). For 

NorESM2-LM ERF timeseries for all forcers, greenhouse gases, aerosols, natural forcers, land use and ozone are diagnosed. 

It is reasonable to assume that NorESM2-MM has similar forcing to NorESM2-LM as the two versions of the model differ 

mainly in atmospheric resolution and ERFs calculated for present day relative to pre-industrial as well as their 4xCO2 ERF 145 

are similar for both models (Seland et al., 2020; Smith et al., 2020). The sum of the individual ERF components do not add up 

to the ERF for all forcers as not all forcing components are individually calculated in RFMIP (Smith et al., 2020) in addition 

to possible non-linearities in the ERF when the individual ERFs are summed. Therefore, we introduce a residual component, 

which is the ERF for all forcers minus the sum of the individual forcing components included for the individual models. For 

aerosol ERF and land use, the global mean ERFs are split into hemispheric mean ERFs based on northern hemisphere and 150 

southern hemisphere contributions to the present day ERF in Smith et al. (2020). The ERF timeseries exhibit substantial 

variability, and as the estimation method is not sensitive to whether noise in the ERF time series is included or not (Skeie et 

al., 2024), the ERF time series (except natural forcing that includes volcanic eruptions) are smoothed using the locally weighted 

scatterplot smoothing function, with a smoothing fraction of 0.075. The ERF in the historical climate system is uncertain 

(Forster et al., 2024) while ERF diagnosed from model simulations should be more certain, within 0.1 W m-2 for a 30 year 155 

integration (Forster et al., 2016). For the individual forcing components, we therefore use a 90% uncertainty of ± 0.1 W m-2 at 

present day. The uncertainty scales linearly back in time to zero in 1849, the start year for the estimation where all the forcing 

https://doi.org/10.5194/egusphere-2026-4634
Preprint. Discussion started: 14 August 2026
c© Author(s) 2026. CC BY 4.0 License.



6 

 

components are set to 0 W m-2. Figure S4 shows the priors for the ERF time series from 1850 to 2014 used in the Bayesian 

estimation of the climate models’ ECSinf. 

 160 

It is the climate sensitivity parameter (𝜆)  that is estimated for each ensemble of the historical simulations. To present the 

results as ECSinf the best estimate of the ERF for doubling of CO2 concentrations (2xCO2) for the individual models (Table 1) 

is used. This value is compared to the models’ ECSeff (Table 1). The ECSeff is calculated following the method by Gregory et 

al. (2004), using the first 150 years of a simulation with abrupt quadrupling of the CO2 concentration. ECSeff is derived from 

the linear regression of top-of-atmosphere net downward radiative flux anomalies against global mean surface air temperature 165 

anomalies and finally scaled by 0.5 to represent a doubling of the CO2 concentration. The ECSinf represent global mean surface 

temperature while ECSeff represents global mean surface air temperature, and Skeie et al. (2024) discussed the implication of 

the different temperature definition that will slightly influence the climate sensitivity estimates.  

3 Results  

The estimated ECSinf using results from coupled historical simulations combined with ERF time series from the four climate 170 

models are shown in Fig. 1.  
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Figure 1: Posterior inferred effective climate sensitivity (ECSinf) estimated using results from coupled historical simulations and 

effective radiative forcing time series over the historical period from four models. ECSinf are estimated separately for each ensemble 175 
member. The posterior 5th to 95th percentile ranges are indicated by a solid line (90% C.I.) and the posterior mean values as a dot. 

The ECSeff from IPCC AR6 (Table 1) for the individual models are shown as squares and a vertical line and the horizontal line 

indicate the 95% confidence interval using standard bootstrap approach (Zehrung et al., 2025).  
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For CNRM-CM6-1, the posterior mean ECSinf ranges from 3.21 to 5.44 K. Out of the 30 ensemble members, only three of the 180 

members (r2, r21 and r29) have a posterior mean ECSinf larger than the ECSeff calculated from simulations with abrupt increase 

in CO2 concentration of 4.83 K (Table 1). The ECS is within the estimated 90% C.I. posterior range of ECSinf for all ensemble 

members, but for some of the members the ECSeff is very close (less than 0.2 K difference) or at the upper 95th percentile of 

the posterior ECSinf (r5, r16, r19). As expected, the model’s ECSeff are generally in the upper part of the posterior distribution 

of ECSinf estimated from the historical model simulations. The mean of the differences between the posterior mean ECSinf and 185 

ECS is -0.71 K (±0.53 K, one standard deviation) or -15 % lower than the ECS, but for 5 out of 30 ensemble members, the 

posterior mean ECSinf are within ± 0.3 K (± 6%) of the ECS (r11, r21, r22, r25 and r29).  

 

For HadGEM3 GC3.1-LL, the posterior distribution of ECSinf varies widely between the four ensemble members. For two of 

the ensemble members (r3 and r4), the entire 90% C.I. is lower than the ECSeff of 5.55 K (Table 1). For these two ensemble 190 

members the posterior mean ECSinf is just below 3 K, around 2.5 K colder than the ECSeff. For the two remaining ensemble 

members (r1 and r2), the posterior distributions are wider and contains the ECSeff value. For r1 the posterior mean ECSinf is 

6.99 K, 1.44 K warmer than the ECSeff, while for r2 the posterior mean ECSinf is 0.94 K colder than the ECSeff. 

  

For the NorESM2 models, only the posterior mean ECSinf for NorESM2-MM r1 is close to the ECSeff calculated from the 195 

abrupt CO2 simulation (Table 1). In two other ensemble members (r3 for NorESM2-MM and r1 for NorESM2-LM), the ECSeff 

is within the ECSinf 90% C.I., but for the remining three ensemble members the posterior distributions of ECSinf are well below 

the models’ ECSeff values. As it takes a long time to equilibrate NorESM2, as greater storage of heat at depth in the Southern 

Ocean delays the surface warming and the cloud response (Gjermundsen et al., 2021), it is expected that ECSinf is much lower 

than ECSeff for NorESM2. 200 
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Figure 2: Posterior Transient Climate Response (TCR) calculated from the joint posterior distribution estimated using results from 

the coupled historical simulations and effective radiative forcing time series over the historical period from four models. TCR are 205 
estimated separately for each ensemble member. The 5th to 95th percentile ranges are indicated by a solid line (90% C.I.) and the 

mean values as a dot. The TCR from Table 7.SM.5 in IPCC AR6 (Smith et al., 2021) for the individual models are shown as squares 

and a vertical line.  At the bottom the TCR central estimate, and likely (66% probability, solid line) and very likely (90% probability, 

dashed line) ranges from IPCC AR6 (Forster et al., 2021) are shown in grey colors. 

 210 

The transient climate response (TCR), defined as the warming at the time of CO2 doubling (after 70 years) following a 1% per 

year increase in CO2 concentration, is expected to be less influenced by climate state and time than equilibrium climate 

sensitivity as it measures the transient response rather than an equilibrated state. From the joint posterior distribution of the 

model parameters and a time series of ERF for a 1% increase in CO2 concentration, adjusted to the models own 2xCO2 ERF, 

the inferred transient climate response (TCR) can be calculated. For CNRM-CM6-1 the posterior mean inferred TCR estimate 215 

is more evenly distributed above and below the TCR calculated directly from climate model simulations (Fig. 2) than for 

ECSinf and ECSeff (Fig. 1). For 20 out of the 30 ensemble members from the CNRM model, the posterior mean TCRs were 
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larger than the models’ TCR (Fig. 2) while for ECSinf only three ensemble members had posterior means larger than the 

model’s ECSeff. For the other models, the general pattern of the difference between the posterior distributions of TCR and the 

TCR calculated from climate model simulations (Fig. 2) are like the difference between the posterior distribution of ECSinf 220 

relative to the models’ ECSeff (Fig. 1).  

 

Figure 3: For the first ensemble member (r1) for the four models (each column) the posterior time series of total ERF (upper row), 

global mean surface temperature (second row), total OHC (third row) and the geographical distribution of the 1980 to 2014 linear 225 
temperature trend (bottom row). For the ERF (a to d), the posterior mean is shown as solid black line and the 90% C.I. as gray 

shading. For the global temperatures (e to h) the posterior mean is shown as red line and the 90% C.I. as red shading. The fitted 

values are the sum of the output from the deterministic energy balance model and the short term internal natural variability. The 

temperature is shown as anomalies relative to the 1960 to 1990 period. The black line (“obs.”) is the corresponding temperature 

from the climate model simulation (r1), while the gray lines are the global mean temperature time series from the other ensemble 230 
members (other “obs.”). The total global OHC is shown as anomalies relative to 1990 to 2014 (i to l). The total global OHC posterior 

mean is shown as red line and 90% C.I. as red shading, and the OHC from the corresponding ensemble member (r1) as black line. 

The other ensemble members are shown as gray lines. The 1980 to 2014 linear trend in near-surface air temperature (tas) (m to p) 
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are shown in the bottom row calculated using linear least-squares regression. The hatched areas mark where the linear trends are 

not significant at the 95 % level. The posterior mean ECSinf for each ensemble member is given in the title for each column in addition 235 
to the absolute and relative deviation from the individual models ECSeff (Table 1) in the parentheses. Similar figures for the rest of 

the ensemble members in Fig. S5 to S11. 

 

 

For CNRM-CM6-1 with the largest number of ensemble members, there is a wide range of both global temperature evolution 240 

and OHC evolution among the individual ensemble members (black and gray lines in Fig. 3e,i). For temperature we use the 

entire time series from 1850 to 2014 in the estimation, while for OHC we use the period after 1950 to be consistent with the 

method using observations to estimate ECSinf. For ensemble member r1, the temperature in the early 20th century is 

overestimated, while in the latter part of the century underestimated (Fig. 3e) and the posterior mean total OHC is slightly 

larger than the modelled total OHC (Fig. 3i). In this ensemble member the posterior mean ECSinf is 0.88 K (18%) lower than 245 

the model’s ECSeff. For the ensembles with posterior mean ECSinf like the ECSeff (less than 0.3 K difference) the time evolution 

of the total OHC is well estimated (Fig. S5). For these ensemble members, the temperature evolution is quite well estimated 

except for r25 that has a quite different time evolution, without a temperature maximum in the first half of the 20th century as 

in the other six ensemble members (Fig. S5). For the other ensemble members where the posterior mean ECSinf is lower than 

the ECSeff (more than 0.3 K difference) how well the global mean temperature and OHC evolution is estimated varies (Fig. 250 

S6-S9). 

 

For HadGEM3 GC3.1-LL, the rise in temperature after around year 2000 is underestimated but the temperature is well 

simulated prior to year 2000 for the first ensemble member (Fig. 3f). A similar pattern is seen for the other ensemble members, 

where posterior mean temperature increase since 1990s (r2 and r3) and since early 2000s (r4) are weaker than in the model 255 

(Fig. S10). The total OHC time evolution is well estimated in r1 (Fig. 3j), while for r3 and r4, the posterior mean OHC is 

overestimated in the 1980s and 1990s. These are the two ensemble members where the 90% C.I. for ECSinf does not contain 

the model’s ECS value (Fig. 1).    

 

For NorESM2-LM, the total ERF increases following the volcanic eruption in 1963 (Fig. 3c), although for all the ensemble 260 

members, the total OHC continues to decline for decades, which is not captured in the estimated total OHC (Fig. S11m,n,o). 

The total OHC in one of the ensemble members (r2) has not returned to the 1950 level at the end of the simulation period 

(2014) (Fig. S11n). For NorESM2-MM, the decline in OHC is less pronounced, and the estimated total OHC is more similar 

to the total OHC from the model, but still, there are discrepancies (Fig. S11p,q,r). For the ensemble members with estimated 

ECSinf similar to ECS (NorESM2-MM r1) the temperature evolution is well captured (Fig. 3h).  265 
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4 Discussion  

One of the most central yet uncertain quantities in climate science is climate sensitivity, and one approach to estimate it is 

through the use of Earth system observations over the industrial era (Forster et al., 2021). In this study, we employ a method 

for observation-based estimates of climate sensitivity, but instead of Earth system observations we here use data from historical 270 

CMIP6 simulations. As expected, the posterior mean ECSinf is generally lower than the models’ own ECSeff calculated from 

the abrupt quadrupling of atmospheric CO2 following the method by Gregory et al. (2004), due to time and state dependence 

of the climate feedbacks (e.g. Armour, 2017; Senior and Mitchell, 2000). The results in this study also show that the spread in 

the ECSinf between the different ensemble members is large, and the posterior mean differs by 0.62 K (NorESM2-LM), 1.2 K 

(NorESM2-MM), 2.2 K (CNRM-CM6-1) to as much as 4 K (HadGEM3-GC3.1-LL) for different ensemble members. For 275 

HadGEM3-GC3.1-LL the 90 % C.I. for different ensemble members did not even overlap. An important source of uncertainty 

in observation-based estimates of climate sensitivity arises from uncertainty in the radiative forcing, particularly associated 

with aerosols. Skeie et al. (2018) used observations up to 2014 and estimated a 90% C.I of 1.9K (97% of the best estimate of 

1.95 K) which is smaller in absolute terms than the spread in CNRM-CM6-1 (2.2 K, 46% of ECSeff) and HadGEM3-GC3.1-

LL (4K, 73% of the ECSeff) posterior means in this study which are solely driven by natural variability. Note that the 90% C. 280 

I. for ECSinf might have been wider in absolute terms had the estimated central value been larger. As observed climate is only 

a single realization of the Earth’s climate, the large spread in the posterior ECSinf estimates for the different initial perturbation 

ensemble members highlight the importance of internal natural variability in addition to uncertainties in the historical forcing 

especially due to aerosols. 

 285 

In the estimation, it is challenging to get a good fit for both the temperature evolution (1850 to 2014) and OHC (1950 to 2014) 

for all of the ensemble members (Fig. 3, Fig. S5-11) as all the ensembles, for a given climate model, are driven by the same 

prior forcing time series (Fig. S4). In addition, in the energy balance model used in the estimation (see Methods) neither the 

feedback nor the parameters controlling the storage of heat in the ocean change over time (𝜽  in equation 1 is not a function of 

time). In the following section we will discuss these three limitations: forcing, changes in the efficacy of ocean heat uptake 290 

and climate feedback over time.  

 

The individual ERF time series are diagnosed from top-of-atmosphere radiation flux differences between two fixed SST and 

sea ice cover simulations, a control experiment with time evolving forcing components and a perturbation experiment where 

the emissions or the concentrations of a forcing agent are kept fixed at pre-industrial levels (Pincus et al., 2016). As not all 295 

possible forcing components have their own experiment, we have included a rest category, so the sum of the individual ERFs 

matches the total ERF (see Method). This category will also include possible non-linearities when ERFs are summed (Smith 

et al., 2020; Thornhill et al., 2021). Is the ERF, as implemented here for each model, representative of the forcing in all the 

ensemble members? The ERF may depend on the climate state (clouds etc.) and the different ensemble members do show 
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different temperature evolution (Fig. S2), but Forster et al. (2016) showed that the dependence on SST is small compared to 300 

the year-to-year random variation for the ERF. Due to natural variability, especially related to the cloud rapid adjustments 

there is noise in the ERF results (Forster et al., 2016). This is partially handled by smoothing the forcing time series, and the 

short term fluctuations in the ERF are shown to have minor impact on the posterior ECSinf estimate using historical observations 

(Skeie et al., 2024). Calculations of ERFs in climate models for small perturbations are challenging (Forster et al., 2016), and 

the further back in time, the smaller the ERF signal. The uncertainty of 0.1 W m-2 added to year 2014 and scaled linearly back 305 

in time, may give a too certain ERF in the earlier period. Per definition the ERF is set to 0 W m-2 in 1849 and the anthropogenic 

ERF is small in the early period. Although we split the ERF into separate forcing components, the energy balance model in 

the estimation only sees the total ERF. For both the end year and 1950, the year where we start to include OHC in the 

estimation, the prior uncertainty in total ERF (90% C.I.) is greater than ±0.1 W m-2. In 2014 the posterior estimated 90% C.I.s 

for the total ERF are ±0.20 W m-2, ±0.20 W m-2 and ±0.23 W m-2 for CNRM-CM6-1, HadGEM3-GC3.1-LL and the NorESM2 310 

models respectively, and for 1950 ±0.12 W m-2, ±0.12 W m-2 and ±0.15 W m-2. Despite these uncertainties, especially early in 

the record where the forcing signal is small, the total ERF applied in the estimation remains suitable.  

 

In the estimation method, the efficiency of heat uptake does not change over time, as the parameter describing this is kept 

constant over the 1849 to 2014 period. In the estimation, we cannot reproduce the OHC time evolution in the NorESM2 315 

models, with a positive model error for OHC above 700 meters prior to the 1980s and a negative model error after the 1980s 

(Fig. S12-13). There are limitations in the ability of the simplified model to reproduce the NorESM2 results, probably due to 

dynamical responses in the ocean circulation. The Atlantic meridional overturning circulation (AMOC) plays an important 

role in the heat transport in the Earth system and in NorESM2 AMOC slightly increases up to year 2000, and then rapidly 

decline (Seland et al., 2020). Also, in HadGEM3-GC3.1-LL, the AMOC varies systematically over the historical period where 320 

the AMOC declines after around year 1990 (Andrews et al., 2020). From the same time, the estimated warming in the northern 

hemisphere is underestimated, as less heat is transported down in the estimation compared to the full model, indicated by a 

positive model error term (Fig. S14). In the estimation we struggle to reproduce the systematic temporal distribution of OHC 

above and below 700 meters in all the ensembles for HadGEM3-GC3.1-LL, indicating structures that are not captured in our 

simple energy balance model. Also, for the total OHC, the posterior mean is larger than in the model from around 1960s (Fig. 325 

S10), especially for the two model ensembles with ECSinf much lower than the models ECSeff (r3, r4). For CNRM-CM6-1, 

there is little variability in AMOC and the ocean heat uptake variability is mainly linked to the Southern Ocean region 

(Kuhlbrodt et al., 2023). Over the entire period, the OHC shows large variability in this model (Fig. S1), and also for this 

model there are ensembles (r3, r4, r12) where the OHC decline after 1950s is not captured in the estimation (Fig. S7-S8). The 

long-term internal variability term also reflects large variability among the ensemble members (Fig. S15). The ocean-330 

atmosphere system is coupled, where forcing, feedbacks and storage of heat in the system are interconnected. The change in 

AMOC may be linked to aerosol forcing in HadGEM3-GC3.1-LL (Andrews et al., 2020) and the climate feedbacks are 

dependent on the ocean heat uptake through changing temperature patterns and vice versa (Gjermundsen et al., 2021; Newsom 
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et al., 2020; Singh et al., 2022). Overall, these discrepancies highlight the limits of a simplified energy-balance model in 

capturing ocean-circulation-driven variations in heat uptake in the climate models. 335 

 

As the climate feedbacks may be state- and/or time dependent (Armour, 2017; Senior and Mitchell, 2000) and typically become 

more positive with time/warming, partly due to changes in temperature pattern (Andrews et al., 2015, 2022; Dong et al., 2021), 

it is expected that ECSinf is lower than ECSeff in the majority of the ensemble members included (Armour et al., 2024) as shown 

in Fig. 1. Over the last three to four decades, the observed temperature pattern differs from what the climate models simulate 340 

over the same period as well as what is expected for a CO2 increase according to the climate models (Armour et al., 2024; 

Dong et al., 2021; Wills et al., 2022). In the climate models, the observed SST pattern is shown to dampen the feedbacks 

compared to the modeled temperature pattern (Dong et al., 2021), a reason for lower estimates of climate sensitivity using 

historical observations compared to other methods (Forster et al., 2021; Gregory and Andrews, 2016). We will therefore have 

a closer look at the geographical pattern of the temperature trend for the period 1980 to 2014 in the individual model ensembles 345 

(Fig. 3m-p, Fig. S5-11). For HadGEM3-GC3.1-LL, r1 and r2 have similar temperature patterns, a significant warming over 

most of the globe especially at high latitudes and warming in the eastern Pacific (Fig. S10). This is a pattern similar to what is 

expected for a long-term increase in CO2 according to the climate models (Dong et al., 2021), and for these two ensembles, 

the ECS is within the posterior 90% C.I. of ECSinf (Fig. 1). The two other ensembles (r3 and r4) where the estimated ECSinf is 

much lower than ECS (Fig. 1), the temperature pattern shows an increase in the northern hemisphere particularly over land, 350 

while less warming in the Pacific and southern hemisphere (Fig. S10). This might indicate a larger role of the “pattern effect” 

in these two ensembles. For the NorESM2 models, NorESM2-MM r1 is the ensemble that has ECSinf closest to the model’s 

ECSeff (Fig. 1). This is the ensemble with the largest temperature increase in central Pacific, although it is not significant, and 

a general warming trend at high latitudes, whereas the other two ensembles of NorESM2-MM exhibit cooling trends in parts 

of the high-latitude regions (Fig. S11).  For CNRM-CM6-1 there are large variations between the ensemble members in the 355 

temperature pattern over the period 1980 to 2014, also within the ensembles where ECSinf posterior mean is similar to ECS 

(Fig. S5) and where ECSinf posterior mean is much lower than ECS (Fig. S7). The different temperature trend pattern among 

the different ensemble members (Fig. S5-11) and the resulting spread in the ECSinf estimate (Fig. 1), highlight the importance 

of acknowledging that only one realization of the Earth’s climate can be used in observation-based estimation method of 

climate sensitivity.     360 

 

The “pattern effect” in each ensemble member can be quantified following the definition in IPCC AR6, where the “pattern 

effect” is presented as the change in the feedback parameter between the historical period and the time of equilibrium for a 

two times CO2 forcing ( 𝛼′ ) (Forster et al., 2021). The equilibrium climate sensitivity can then be written as 𝐸𝐶𝑆 =

 −∆𝐹2𝑥𝑐𝑜2/(𝛼 + 𝛼′), where 𝛼 is the effective feedback parameter estimated over the historical period and ∆𝐹2𝑥𝑐𝑜2 the 2xCO2 365 

forcing. The change in the feedback parameter between the historical period and the time of equilibrium can be written as 
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𝛼′ =
1

𝜆
−

1

𝜆𝑚𝑜𝑑𝑒𝑙

 

where 𝜆𝑚𝑜𝑑𝑒𝑙 =  𝐸𝐶𝑆𝑒𝑓𝑓/∆𝐹2𝑥𝑐𝑜2 can be calculated from Table 1 and 𝜆 is the estimated climate sensitivity parameter.  

 

Figure 4: The change in feedback parameter (𝜶′) between the estimated feedback parameter over the historical model in the 370 
individual ensemble members for the four climate models and the climate feedback calculated from ECSeff and 2xCO2 forcing (using 

values in Table 1). The 5th to 95th percentile ranges are indicated by a solid line (90% C.I.) and the mean values as a dot. The IPCC 

AR6 assessed range for the pattern effect is indicated by gray shading.  

 

Figure 4 shows the posterior distribution of 𝛼′ which is the change in the feedback parameter estimated over the historical 375 

period and at equilibrium. The IPCC AR6 assessed  𝛼′ or the so called “pattern effect” to be in the range 0.0 to 1.0 W m–2 K–

1 but with a low confidence in the upper end of this range (Forster et al., 2021). For CNRM-CM6-1, the posterior mean “pattern 

effect” is mostly within the lower part of the assessed range from IPCC AR6. For HadGEM3-GC3.1-LL, the posterior mean 

ranges from –0.1 to 0.7 Wm–2 K–1, which is very similar to the range of –0.2 to +0.6 W m–2 K–1 previously found for the same 
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model (Andrews et al., 2019; Forster et al., 2021). This indicates that the estimation method captures features of the model 380 

response. For the NorESM2 models, the posterior distribution of the “pattern effect” span very large values, with posterior 

mean values ranging from close to zero to above 2.5 Wm–2 K–1. For five out of six ensemble members, the posterior mean 

pattern effect is larger than 1 Wm–2 K–1 at the upper end of the IPCC assessed range, which may be related to the very long 

time needed to equilibrate NorESM2. Gjermundsen et al. (2021) found that calculating ECSeff by including 500 years rather 

than 150 years of the NorESM2-LM abrupt quadrupling of CO2 simulation, increased the estimate by nearly 5 K. 385 

 

Using the MPI-ESM1.1 model and 100 ensemble member simulations where only the initial condition differed, Dessler et al. 

(2018) found that inferred climate sensitivity ranged from 2.1 K to 3.9 K considering the time period 1850 to 2015 and the 

unforced pattern effect dominated over the forced pattern effect (Dessler, 2020). Internal variability plays an important role in 

model simulations over the historical period as also shown here in this study, as well as for uncertainties in climate change 390 

projections (Hawkins and Sutton, 2009; Jain et al., 2023) and evaluations of modelled hindcast trends (Thomas et al., 2025). 

As the historical evolution of the Earth’s climate is only one out of many possible realizations of the Earth’s transient climate, 

the internal variability has also played an important role over the industrialized period. This must be acknowledged when 

estimating climate sensitivity from historical observations of temperature and OHC. 

5 Conclusions 395 

In this study, results from historical free running simulations from four CMIP6 models are used to estimate the models’ climate 

sensitivities from the transient response, to gain insights into estimates of climate sensitivity using historical Earth system 

observations. The estimated mean inferred climate sensitivity from different ensemble members is in general lower than the 

ECSeff calculated from an abrupt quadrupling of CO2 simulations, as expected due to time- and state dependencies of the 

climate feedbacks. Especially for the NorESM2 models, which are known to have a long equilibration time, the difference 400 

between the feedback estimated over the historical period and at equilibrium is larger than a factor of two for 5 out of 6 

ensemble members. For CNRM-CM6-1, the posterior mean ECSinf estimates differs by 2.2 K among the 30 ensemble members, 

but the 90% C.I.s all contain the model’s ECSeff. However, only 3 ensemble members have posterior mean ECSinf greater than 

the ECSeff. For HadGEM3-GC3.1-LL, the spread is even larger and the posterior mean ECSinf differs by 4 K, and for two out 

of four ensemble members the model’s ECSeff is not included in the ECSinf posterior 90% C.I. There are structural limitations 405 

with the simplified energy balance model used in the estimation with no time evolution of the climate feedback and ocean heat 

transport which limits the capability to reproduce the different evolution of temperature and OHC from all historical ensembles 

that are driven by the same forcing history. There is a tendency that if the estimated OHC and temperature response is more 

similar to the modeled response and the temperature pattern more in line with what is expected for a long-term CO2 increase, 

the ECSinf is in better agreement with ECSeff from the model. The OHC evolution shows large spread in the possible outcome 410 

for the different ensemble members where only the initial conditions differ, and this highlights the importance of not only 
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relying on a single ensemble member in evaluation of historical and future ocean heat content (as in e.g. Cheng et al. (2022)) 

but rather use the full ensemble set. For CNRM-CM6-1, which includes 30 ensemble members and where OHC is relatively 

well estimated, the inclusion of the ECSeff within the 90% C.I. of ECSinf of all ensemble members, provides confidence in the 

method to constrain ECSinf from historical observations. However, it is important to acknowledge the substantial spread in the 415 

mean ECSinf of 2.2 K across the ensemble members.  

 

This study used model data up to 2014 and a limited set of ensemble members for estimating the models’ inferred climate 

sensitivity following the same method as previously used for observational constraints on climate sensitivity. The large spread 

in ECSinf attributable to internal variability under known forcing conditions indicates that internal variability outweighs 420 

uncertainties in aerosol forcing in analyses of historical climate sensitivity, at least through 2014. Extending the time period 

of the analysis is expected to give more robust results for the estimated climate sensitivity (Urban et al., 2014). With time, the 

forced temperature response will emerge more clearly from internal variability and the signal-to-noise ratio for the ERF time 

series will increase in the future with a larger signal (Forster et al., 2016). The CO2 ERF has already increased by 0.39 W m-2 

since 2014 (Forster et al., 2026) and will continue to increase over the next decades. Although there are structural limitations 425 

with the simplified energy balance model and limitations within Earth System models, especially related to the limited 

capability of the models to capture the observed temperature trend pattern (Armour et al., 2024; Dhame et al., 2025; Wills et 

al., 2022), learning using Earth System Model experiments – including scenarios – may guide when observation-based 

estimates of ECSinf from the single realization of the Earth’s climate will be robust. Climate sensitivity is a key uncertainty in 

climate science and estimates from different angles, including Earth system observation, are important. 430 
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