
Potential for bias in effective climate sensitivity from
state-dependent energetic imbalance

Benjamin M. Sanderson1 and Maria Rugenstein2

1CICERO, Oslo, Norway
2Colorado State University, Fort Collins CO, USA 5

Correspondence: Benjamin Sanderson (benjamin.sanderson@cicero.oslo.no)

Abstract. To estimate equilibrium climate sensitivity from a simulation where a step change in carbon diox-
ide concentrations is imposed, a common approach is to linearly extrapolate temperatures as a function of top
of atmosphere energetic imbalance to estimate the equilibrium state ("Effective Climate Sensitivity"). In this
study, we find that this estimate may be biased in some models due to state-dependent energetic leaks. Using 10

an ensemble of multi-millennial simulations of climate model response to a constant forcing, we estimate equi-
librium climate sensitivity through Bayesian calibration of simple climate models which allow for responses
from subdecadal to multi-millennial timescales. Results suggest potential biases in Effective Climate Sensitivity
in the case of particular models where radiative tendencies imply energetic imbalances which differ between
pre-industrial and quadrupled CO2 states, whereas for other models even multi-thousand year experiments are 15

insufficient to predict the equilibrium state. These biases draw into question the utility of effective climate sensi-
tivity as a metric of warming response to greenhouse gases and underline the requirement for operational climate
sensitivity experiments on millennial timescales to better understand committed warming following a stabilisa-
tion of greenhouse gases.

1 Introduction 20

Equilibrium Climate Sensitivity (ECS) is the theoretical equilibrium increase in global mean temperature experienced in re-
sponse to an instantaneous doubling in Earth’s carbon dioxide concentrations over pre-industrial levels. Introduced as a metric
of response of the Earth System to greenhouse gases in the early years of computational climate science (Charney et al., 1979;
Hansen et al., 1984), it remains a very common metric of the sensitivity of the Earth to greenhouse gas forcing (Knutti et al.,
2017; Masson-Delmotte et al., 2021). 25

Measuring ECS in a coupled climate model, however, is difficult owing to the time required for the equilibration of the
system to a change in forcing (Wetherald et al., 2001; Solomon et al., 2010; Jarvis and Li, 2011) necessitating simulations of
multiple millennia to obtain a near-equilibrated estimate of temperature response (Rugenstein et al., 2020). The computational
burden of conducting such simulations implies that standard practise for model assessment is to measure an "Effective Climate
Sensitivity" (EffCS) using feedbacks extrapolated from those simulated in the first 150 years simulation forced with a step-wise 30

quadrupling of CO2 (Gregory et al., 2004; Murphy, 1995; IPCC, 2013; Forster, 2016; Andrews et al., 2012).
A core assumption in the calculation of EffCS is that the system will ultimately stabilise in a state of energetic balance

(Gregory et al., 2004). However, in practise a number of models exhibit energetic radiative top of atmosphere imbalances
in the control state in both CMIP5 (Hobbs et al., 2016) and CMIP6 (Irving et al., 2021), and as such the Effective Climate
Sensitivity is calculated using net flux anomalies relative to the control mean top of atmosphere net radiative fluxes. However, 35

it remains untested as to whether such models will ultimately converge to the same state of imbalance.
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In the present study, we consider an alternative approach for calculating climate sensitivity from a climate simulation in
which there is a step change in carbon dioxide concentrations. We consider how the method of calculating effective climate
sensitivity, either from initial response or from millennial scale simulations, may be potentially subject to biases arising from
assumptions on the equilibrated radiative state. Finally, we consider how these uncertainties relate to our con�dence in the
relationship between transient and equilibrium climate feedbacks.5

We consider the role of non-equilibrated models in the context of recent research, which has highlighted potential uncertain-
ties in theEffCSapproximation ofECS- studies have found that net radiative feedbacks can exhibit both timescale and state
dependencies (e.g., Senior and Mitchell 2000; Armour et al. 2013; Andrews et al. 2015; Rugenstein et al. 2016; Proistosescu
and Huybers 2017; P�ster and Stocker 2017; Dunne et al. 2020; Andrews et al. 2018; Bloch-Johnson et al. 2021) both of which
draw into question the implicit constant feedback assumption used to calculateEffCS.10

The LongrunMIP project set out in part to quantify this error by running a subset of ESMs in idealised carbon dioxide
perturbation experiments with simulations of millennial timescale response (Rugenstein et al., 2019). Initial studies compared
the EffCSas derived using the �rst 150 years of the simulation with that derived using the last 15 percent of warming in
multi-thousand year experiments - �nding that the accuracy of theEffCSvaried by model, but the two methods differed by
5-37% in the estimate ofECS(Rugenstein et al., 2020). A follow-up study (Rugenstein and Armour, 2021) considered a range15

of approaches for characterising feedbacks on different timescales, and found that feedbacks assessed in the period 100-400
years after the initial quadrupling of CO2 concentrations may provide a practical prediction of equilibrium response accurate
within 5% or less. They found also, however, there were large inconsistencies in some models between estimates of climate
sensitivity derived from extrapolation to radiative equilibrium and those methods which relied on a �tting of exponentially
decaying temperature trend, leaving uncertainty on the best practise for integrating model-derivedEffCSdistributions into20

uncertainty in long term warming trajectories.
A general assessment of the likely range ofEffCS(Sherwood et al., 2020) (which itself informed the Forster et al. (2021)

assessed likelyEffCSrange) rested strongly on combined historical and paleo evidence, contributing to the headline result
that values ofEffCSof greater than 4.7K are unlikely. These �ndings somewhat challenge the use of the CMIP6 ensemble
of climate models as a proxy for climate projection uncertainty in assessment, given approximately 1/3 of the ensemble have25

apparentEffCSvalues of greater than 4.7K (O'Neill et al., 2016; Eyring et al., 2016; Meehl et al., 2020; Zelinka et al., 2020) -
leading to arguments that such `hot models' should be excluded from assessment (Hausfather et al., 2022).

So can these models be ruled out? Although studies suggest that post-1980 warming may help constrain the Transient
Climate Response (Jiménez-de-la Cuesta and Mauritsen, 2019; Nijsse et al., 2020; Tokarska et al., 2020), recent historical
warming alone is only weakly correlated withEffCSin the CMIP5 and CMIP6 ensemble (Tokarska and Gillett, 2018). In the30

present study, we �nd that this might in part be due to the fact that a key assumption inEffCS(that the model will return to the
radiative balance observed in the control simulation) may not hold in a number of CMIP-class models.

2 Methods

We consider �ts of a simple multi-timescale model to idealised climate change experiments from LongRunMIP (Rugenstein
et al., 2019), which provide in general an estimate of the multi-millennial response of the Earth System to a constant radiative35

forcing level. The supplementary material also illustrates results from CMIP5 (Taylor et al., 2012) and CMIP6 (Eyring et al.,
2016), but in general these simulations are insuf�ciently long to constrain the simple model response.

We assume that the temperature and radiative response to a step change in forcing can be modelled by a sum of exponential
decay terms, a basis set which is consistent with the general solution of two layer simple climate models and one which holds
for the solution of a number of proposed multi-layer linear energy balance models in response to constant forcings (Caldeira40

and Myhrvold, 2013; Proistosescu and Huybers, 2017; Sanderson, 2020; Geoffroy et al., 2013a; Winton et al., 2010; Smith
et al., 2018; Geoffroy et al., 2013b) . It has been shown also that some non-linear models have a solution set which can also be
expressed in the same exponential basis (Proistosescu and Huybers, 2017; Bastiaansen et al., 2021). We considerN exponential
response modes, such that:

Tp(t) =
NX

n =1

Sn (1 � e� ( t=� n ) ) + T0 (1a)45

Rp(t) =
NX

n =1

Rn (� e� ( t=� n ) ) + R4x
extrap ; (1b)
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whereTp(t) andRp(t) are the global annual mean surface temperature and net top of atmosphere radiative �ux timeseries
in response to an assumedF4x = 7.2 Wm� 2 step change in forcing (F4x corresponding approximately to a quadrupling of
CO2, Zhang and Huang 2014),� n is the decay time associated with the timescalen, Sn andRn are scaling factors andT0 and
R4x

extrap are constant terms.T0 represents the pre-pulse temperature, taken here as the mean temperature in the last available
500 years of the control simulation.R4x

extrap is the radiative �ux imbalance ast ! 1 in the forced simulation and is calibrated5

during the calculation.
We distinguish between the radiative �ux imbalance in the PICTRL (RCT RL 0 ) and in the asymptotic limit of the

ABRUPT4X simulations (R4x
extrap ). For models which provided constant forcing extensions of transient experiments, we as-

sumeR4x
extrap is a �xed property of the �tted pulse-response function.RCT RL 0 is calculated as the time average of net Top

of Atmosphere (TOA) �ux from the last 500 years ofPICTRL. In fully equilibrated models with no energetic leaks, it would10

be expected thatRCT RL
0 = 0 , but it has been noted previously that this is not always the case and small energetic imbalances

remain in some models even after the model global mean temperature trends have ceased (Rugenstein et al., 2019).
Existing studies differ in the number of independent equilibration timescales (N ) which describe the joint evolution of top

of atmosphere net radiative balance (Rp(t)) and the global mean surface temperature (Tp(t)) in response to a step change
in forcing, generally using 2 (Smith et al., 2018; Rugenstein and Armour, 2021) or 3 timescales (Proistosescu and Huybers,15

2017; Rugenstein and Armour, 2021; Caldeira and Myhrvold, 2013) timescales. Here we consider solutions ranging from 2
to 5 timescales allowing for a range of thermal responses corresponding approximately to sub-decadal, decadal, centennial,
millennial and multi-millennial timescales (see Tables 1 and 2).

Table 1. Table showing the included modes from Table 2 for each model variant considered

Model sub-decadal decadal centennial millennial multi-millennial

2 timescale X X
3 timescale X X X
4 timescale X X X X
5 timescale X X X X X

For LongrunMIP models which provide an experiment with an abrupt quadrupling of CO2 (ABRUPT4Xhereon), we take
Tp(t) andRp(t) as global annual mean values fromABRUPT4Xsimulations to directly calibrate the parameters in Equations20

1a and 1b. Some models, however, do not provideABRUPT4X, instead providing constant forcing extensions of other climate
change experiments (see Rugenstein et al. 2020). For these models, we further assume a linear pulse-response formulation to
represent the thermal global mean response to the corresponding forcing time-series as the convolution of the thermal response
to a step change in forcing, combined with the forcing timeseries itself (Joos et al., 2013).

T(t) =
tX

t 0=1

Tp(t � t0)
F (t0) � F (t0� 1)

F4x
(2a) 25

R(t) =
tX

t 0=1

Rp(t � t0)
F (t0) � F (t0� 1)

F4x
(2b)

whereF (t) is the forcing time series of the corresponding experiment. Here we assume approximate logarithmic forcing
dependencies (Myhre et al., 1998) for carbon dioxide (a dependency which is an empirical outcome of more complex radiative
transfer models; Huang and Bani Shahabadi 2014) and integrated forcing estimates (Meinshausen et al., 2011) for the one
model (ECEARTH) which extended a multi-forcer future scenario experiment in LongRunMIP. The latter forcing estimate30

is an approximation with central estimates for aerosol and greenhouse gas forcing rather than model-speci�c values, but the
effective forcing timeseries experienced by ECEARTH under RCP85 is not knowable without dedicated simulations (Pincus
et al., 2016).

2.1 Bayesian Calibration of model response parameters

We �t the response equations detailed in Eqs. 2a and 2b to the output of each ensemble member's global mean radiative �ux and35

surface temperature timeseries using a Markov Chain Monte Carlo optimizer (Foreman-Mackey et al. 2013; as implemented
in the `lm�t' Python module), sampling models which allow for a range ofN = [2 ;3;4;5] representative decay timescales.
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Table 2. Parameters and prior ranges considered in the Bayesian calibration of Eq. 1a. Parameters marked * are optionally included according
the model under consideration (see Table 1)

Parameter long name Units Min value Max value

S1 Subdecadal timescale sensitivity K 0 10
S2 Decadal timescale sensitivity K 0 10
S3 � Centennial timescale sensitivity K 0 10
S4 � Millennial timescale sensitivity K 0 10
S5 � Multi-millennial timescale sensitivity K 0 10
R1 Subdecadal timescale energetic scaling Wm� 2 -10 10
R2 Decadal timescale energetic scaling Wm� 2 -10 10
R3 � Centennial energetic scaling Wm� 2 -10 10
R4 � Millennial energetic scaling Wm� 2 -10 10
R5 � Multi-millennial energetic scaling Wm� 2 -10 10
� 1 Subdecadal timescale years 0 10
� 2 Decadal timescale years 10 100
� 3 � Centennial timescale years 100 1000
� 4 � Millennial timescale years 1000 5000
� 5 � Multi-millennial timescale years 5000 100000
R4x

extrap Asymptotic energy imbalance Wm� 2 -10 10

Table 3. Table showing assumed forcing evolution for experiments in LongRunMIP. (*) LogarithmicCO2 forcing dependency is assumed
following Myhre et al. (1998). (**)Fhistorical (t), FRCP 85 (t) forcing is taken according to Meinshausen et al. (2011).

Scenario F ( t ) (Wm� 2 ) Time range (years) Models Forcing scaling for� Tbest � est

ABRUPT4X
0

(5 :35) log (4)
( t < 0)
( t � 0)

CCSM3, CESM104,
CNRMCM61, ECHAM5MPIOM

GISSE2R, HadCM3L,
HadGEM2, IPSLCM5A,
MPIESM11, MPIESM12

1

1pct2x*
0

(5 :35) log (1 :01t )
(5 :35) log (2)

( t < 0)
(0 � t < 70)

( t � 70)
GFDLCM3, GFDLESM2M 2

1pct4x*
0

(5 :35) log (1 :01t )
(5 :35) log (4)

( t < 0)
(0 � t < 140)

( t � 140)
MIROC32 1

RCP85**
Fhistorical ( t )

FRCP 85 ( t )
FRCP 85 (2300)

( t < 2005)
(2005 � t < 2300)

( t � 2300)
ECEARTH 0.583

3 Results

3.1 Assessment of model response timescale

The following section is used to assess the simplest acceptable multi-timescale model for the emulation of different ESMs
in the LongRunMIP archive. We quantify this using the Root Mean Square Error (RMSE) associated with the least-square �t
optimization (assessed as the best performing member of the MCMC posterior solution). If the addition of an additional, longer5

timescale in the �t corresponds to a reduction in combined RMSE of 0.5% or more - the longer timescale model is used.
The performance of �tted multi-timescale models forGMT (Global Annual Mean Surface Temperature) andNET (Global

Annual mean net Top of Atmosphere radiative imbalance) timeseries is summarised in Figure 1, which shows the combined
error in the �ts for GMT andNET associated with the absolute least-square �t for each of the model variants described in
Table 1. The associated timeseries for the best �tted model in the context of the original model data forGMT andNET are10

shown in supplemental Figures (Figures A1 and A2).
We �nd that for all LongRunMIP models, the N=2 timescale model performs signi�cantly worse than N� 3 timescale models

allowing for centennial and longer response timescales. This is both evident by the signi�cantly larger best �t errors (Figure 1)
as well as visibly poor �ts (Supplemental Figures A1 and A2).
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Figure 1. Illustration of the Root Mean Square Error for the �t to global mean temperature and net TOA radiative balance using models
allowing for a range of timescales. Dec., Cen., Mil., and m.m. are Decadal, Centennial, Millenial, and Multi-millenial timescale models
respectively. RMSE values for each variable (NET and GMT) are normalised relative to the best overall �t for that variable, each multiplied
by 0.5 to give a combined error. The shortest timescale model with errors within 0.5 percent tolerance of the overall best performing model
is illustrated in red. Included modes and parameter priors are detailed in Table 1 and 2). In cases where error is truncated by the vertical axis,
value is printed in white.
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Differences between the N=3, 4 and 5 timescale models are dependent on the ESM being �tted. For some models (CCSM3,
CNRMCM61, ECEARTH, ECHAM5MPIOM, GISSE2R, HadCM3L, IPSLCM5A, MPIESM12), no signi�cant improvement
in �t is seen beyond the centennial timescale model (Figure 1). For other models, �ts are further improved by allowing a
millennial (CESM104,FAMOUS, GFDLCM3) or multi-millennial timescale (HadGEM2, MIROC32). Parameters associated
with the best �tting models are listed in Supplemental Table A1, and �tted MCMC ensembles corresponding the selected class5

of model illustrated in red in Figure 1 are carried through for the remainder of the study.

3.2 Assessment of climate sensitivity

The conventional effective climate sensitivity (EffCS) is calculated using the �rst 150 years of simulation, linearly extrapolating
GMT as a function of NET toRCT RL

0 . Control global mean temperatures and TOA energetic imbalances are expressed as
anomalies relative toT0. We assess errorsEffCSdue to state-dependent radiative imbalance by calculatingEffCScorr , where10

feedbacks in the �rst 150 years are instead linearly extrapolated toRextrap
4x .

A third estimate of equilibrium warming,� Tbest � est , follows Rugenstein et al. (2020), by calculating the effective climate
sensitivity based on the years corresponding to the last 15% of warming in the simulation (that is, for all years following
the point when the simulation �rst exceeds 85% of the average global mean temperature anomaly in the last 20 years of the
ABRUPT4Xsimulation). For models which do not directly provideABRUPT4X(GFDLCM3, GFDLESM2M and MIROC32),15

� Tbest � est is calculated by scaling by the ratio of radiative forcing inABRUPT4Xrelative to that in the multi-thousand year
constant forcing period in the experiment provided (following Rugenstein et al. (2020), see Table 3)

We �nally calculate a fourth estimate of climate sensitivity� Textrap as in Eq. 3 in the equilibrated (ABRUPT4X) simula-
tion using the ensemble of �tted parameters from Bayesian calibration of Equation 1a, using again global mean temperature
anomalies fromABRUPT4Xrelative toT0 (taken as mean temperatures over the last 100 years ofPICTRL).20

Textrap =
NX

n =1

Sn + T0 (3)

We estimate the long term radiative imbalance in theABRUPT4Xsimulation from the �tted values forR4x
extrap (along withRn ,

the amplitude of the decay in forcing at the timescale corresponding to� n ) from Eq. 1b. Previous studies have assumed in the
calculation of� Tbest � est thatR4x

extrap = RCT RL
0 (Rugenstein et al., 2020), an assumption we test here.

We follow convention by reporting climate sensitivities for a doubling of carbon dioxide from pre-industrial levels. As such,25

we follow standard practice in dividing ABRUPT4X sensitivities by 2 to obtain (EffCS,� Textrap and� Tbest � est ) (Meehl
et al., 2020), though we note that in some models this approximation introduces minor errors (Jonko et al. (2012); Bloch-
Johnson et al. (2021), these are not the focus of the present study.

3.3 Relevance of energetic leakages

We consider �rst the radiative tendencies of the models in the climate change experiments, compared with the control state.30

Figure 2 shows the evolution of the top of atmosphere net radiative imbalance in the LongRunMIP climate change experiments,
as well as the control simulation - together with the projected evolution of a simulated ABRUPT4X simulation using the
�tted multi-timescale model. We note that there is signi�cant model diversity in the behaviour of models in the approach to
equilibrium. Some models (CESM104, GISSE2R, GFDLESM2M, GFDLCM3 and MPIESM11) behave as expected, showing
RCT RL

0 = 0 andRextrap
4x = 0 (Figure 2).35

A second class of model exhibits a radiative imbalance in the control simulation, but theABRUPT4Xsimulation converges to
the same state (RCT RL

0 = Rextrap
4x 6= 0 e.g. MIROC32, MPIESM11). Finally, a third class appears to converge to different states

in PICTRLandABRUPT4X(RCT RL
0 6= Rextrap

4x e.g. CCSM3, CNRMCM61, ECEARTH, HadCM3L, MIROC32, MPIESM12
and IPSLCM5A) - implying that Effective Climate Sensitivity may be biased in these models if calculated assuming that the
ABRUPT4X simulation is tending towards the equilibrium radiative state of the PICTRL simulation.40

Figures 3 and 4 show the impact on these biases on the derived value for Equilibrium Climate Sensitivity. The relationship
between temperature and TOA �uxes for the �tted multi-timescale models forABRUPT4Xsimulations in the LongRunMIP
archive are presented in Figure 3, while Figure 4 shows the temperature evolution as a function of time.

Models with exact agreement betweenRCT RL
0 andRextrap

4x also tend to exhibit similar values for� Tbest � est and� Textrap

and in cases where there is little or difference in feedbacks in the early and late stages of the simulation (e.g. CESM104,45

GISSE2R, MPIESM11),EffCSis also similar to� Tbest � est and� Textrap . Other models (e.g. ECEARTH, ECHAM5MPIOM,
FAMOUS, GFDLCM3, GFDLESM2M, IPSLCM5A) show signi�cant differences in early and late stage feedbacks - mani-
fested as a� Tbest � est which differs fromEffCS.
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Figure 2. Top of atmosphere net radiative imbalance plotted as a function of time (log scale) for the members of the LongrunMIP ensemble.
Dashed green line shows the control radiative imbalance (RCT RL

0 ), while dashed black line shows the predicted ABRUPT4X radiative
imbalance (R4x

extrap ). Semi-transparent blue and green points show annual mean upgoing net radiative �ux fromPICTRLand the submitted
simulation (printed in blue text) respectively. Black line shows the simulated response to ABRUPT4X for the multi-timescale model, while
shaded grey regions and thin lines show the 10th and 90th percentiles of the �tted ensemble projections for ABRUPT4X. If the submitted
simulation was not ABRUPT4X, the thick blue line shows the MCMC posterior median TOA timeseries for the submitted simulation using
the chosen multi-timescale model (see Table 1)




