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Abstract

Transient climate response (TCR), transient response at 140 years (T140), and equilibrium
climate sensitivity (ECS) indices are intended as benchmarks for comparing the magnitude of climate
response projected by climate models. It is generally assumed that TCR or T140 would explain more
variability between models than ECS for temperature change over the 21st century, since this timescale is
the realm of transient climate change. Here we ﬁnd that TCR explains more variability across Coupled
Model Intercomparison Project phase 5 than ECS for global temperature change since preindustrial, for 50
or 100 year global trends up to the present, and for projected change under representative concentration
pathways in regions of delayed warming such as the Southern Ocean. However, unexpectedly, we ﬁnd
that ECS correlates higher than TCR for projected change from the present in the global mean and in
most regions. This higher correlation does not relate to aerosol forcing, and the physical cause requires
further investigation.
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Quantifying the sensitivity of climate to the radiative forcing due to increase in atmospheric CO2 concentration is a crucial problem for making climate projections (Collins et al., 2013). An accurate estimate of sensitivity and the correct simulation of this sensitivity in climate models are essential for projecting temperature
change for the globe with some accuracy (Grose et al., 2016). Also, forced change in global mean temperature
is found to correlate with forced changes in regional temperature and other variables including rainfall
(Mitchell, 2003; Seneviratne et al., 2016; Tebaldi & Arblaster, 2014; Whetton et al., 2007).
Sensitivity depends on feedbacks arising from redistributions of heat within the physical earth system (atmosphere, ocean, land, and sea ice), which together strongly inﬂuence the magnitude of the climate response
under a given emissions pathway. Indices of sensitivity in models are deﬁned in terms of the magnitude of
change in global mean surface air temperature (GMSAT) for a given forcing. There are two commonly used
indices of sensitivity, deﬁned for given scenarios and time frame, namely, the equilibrium climate sensitivity
(ECS) and the transient climate response (TCR).
The ECS is the steady state change in GMSAT with respect to the initial state under doubled CO2. The
Intergovernmental Panel on Climate Change (IPCC) Fifth Assessment Report (AR5) gave a likely range of
1.5 to 4.5°C (Collins et al., 2013; IPCC, 2013). For the Coupled Model Intercomparison Project phase 5
(CMIP5) global climate models (Taylor et al., 2012), ECS is not calculated from models actually run to equilibrium under doubled CO2, as this would take thousands of model years. Instead, ECS is generally estimated
by extrapolation to equilibrium under constant CO2—in CMIP5—using “abrupt4xCO2” experiments 150 years
long, in which CO2 is instantaneously quadrupled at the start (Andrews et al., 2012; Gregory et al., 2004). The
range in CMIP5 models is 2.1 to 4.6°C (Table S1 in the supporting information). An estimate of ECS made in
this way from a nonequilibrium experiment is sometimes called “effective climate sensitivity” (Murphy,
1995), but we will refer to it as ECS for convenience. ECS depends on feedbacks in the atmosphere (water
vapor, cloud, lapse rate, and albedo) and surface (sea ice, snow cover, and vegetation cover), patterns of
change in sea surface temperature (SST), and ocean heat storage.
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The TCR is the change in GMSAT with respect to the initial state at the time CO2 reaches double its initial
concentration in the “1pctCO2” scenario (increase at 1% per year). Speciﬁcally, TCR is calculated as the difference in GMSAT from the start of the simulation and a 20 year period centered on the time of doubling
(70 years), and the point of quadrupling (140 years) for T140. For the AR5, TCR was estimated from various lines of evidence to be in the likely range of 1.0 to 2.5°C. The range in CMIP5 models assessed is 1.1
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to 2.5°C (Table S1). TCR is smaller than ECS because ocean heat uptake delays surface warming (Gregory
& Forster, 2008), and the importance of this effect is model and time dependent (Gregory et al., 2015;
Kuhlbrodt & Gregory, 2012). As the climate evolves, there is a balance between the ocean heat uptake
and climate feedbacks in determining the overall surface temperature response. In all CMIP5 models,
T140 is more than double TCR (Gregory et al., 2015).
The abrupt4xCO2 and 1pctCO2 simulations used to diagnose these indices feature only changes in
greenhouse gases, with no volcanic eruptions, change in anthropogenic aerosol emissions, land use
change, solar output, or ozone depletion. This is different from the Representative Concentration
Pathways (RCPs) of van Vuuren et al. (2011), used in AR5 for 21st century projections, which feature
time-varying trajectories of each climate forcing agent. Given the inﬂuence of other forcings, the correlation between each index and projected temperature change under the RCPs is expected to be less than
one. However, the correlation across models of the values of a sensitivity index with the RCP temperature projections is an indication of the usefulness of that index as an indicator of the magnitude of projected climate change to be expected. A high goodness of ﬁt means that we can expect a model with a
high value of the index to make a projection of large change under the RCP, while a model with a low
value will give a small change. This helps in understanding the spread in RCP projections, and offers the
potential to set constraints on future global or regional projections, by making an independent estimate
of the relevant index from observational or paleoclimate records (Masson-Delmotte et al., 2013, and
references therein).
Here we assess the relationship of ECS, TCR, and T140 to GMSAT and regional temperature change projected
during this century by CMIP5 models at different time frames. We assess how “useful” each sensitivity index is
by its ability to explain the distribution of model projections (in terms of the correlation, not the magnitude of
the warming). Section 2 outlines the methods and the CMIP5 models/experiments used, section 3 presents
the results for both global and regional temperature change. Discussion and conclusions are given in
section 4.

2. Models and Methods
Model output was taken from a subset of up to 24 CMIP5 models (Table S1). TCR and ECS were taken from
Flato et al. (2013), and values of T140 were taken from Gregory et al. (2015), or else calculated from model
output. GMSAT was calculated from the Run1 of the historical simulations linked to three RCPs: RCP8.5,
RCP4.5, and RCP2.6, for the period 1861–2100 (data were unavailable for some simulations in 1850–1860).
Data were available from 20 of the 24 models for RCP2.6, and ECS values were available for 21 of the 24 models, with 18 models having both ECS values and RCP2.6 simulations available (Table S1). Here we used sensitivity measures and temperature change calculated from surface air temperature only (not blended surface
air temperature-SST) and use the global mean without any mask, so the results are not directly comparable
to those calculated from observed data sets (Cowtan & Way, 2014; Richardson et al., 2016). Also, CMIP5 models are not independent, and the model set includes models with similar genealogy such as ACCESS and
Hadley Centre models (Knutti et al., 2013).
We examined the time series of GMSAT from each simulation and calculated the simulated temperature
change between the start of the simulation (taken as preindustrial, PI) and each subsequent year. To minimize the effect of unforced interannual variability on the estimate of forced temperature change, we considered periods of 20 years to represent individual years: values for the ﬁrst (last) 9 years of each simulation are
represented by the values calculated from 20 year ﬁtted linear trends starting (ending) on those years. Values
for all other years are represented by the mean of the 20 years centered on those years. A linear model is
ﬁtted to this simulated temperature change in each model and each of the three sensitivity indices (simple
linear regression with slope and constant), and the coefﬁcient of determination (R2) was calculated. Thus,
we obtain an R2 between temperature change and sensitivity across the range of 18 to 24 models (see
Figure 1a) for temperature change in each year. R2 is the square of the correlation coefﬁcient, and related
to the variance in GMSAT change between models explained by each index. We also test ﬁtting a linear
model with the intercept speciﬁed as zero (simple linear regression with no constant), which assumes the
warming is proportional to the magnitude of the index, and calculating the coefﬁcient of determination of
this simpler model (R02) (Figure S1).
GROSE ET AL.
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Figure 1. Scatterplot of sensitivity estimates (transient climate response (TCR), T140, and equilibrium climate sensitivity
(ECS)) and temperature change under RCP8.5; (a) change in global mean surface air temperature (GMSAT) between 1861
and 2050; (b) temperature trend in 2001–2100. Linear ﬁts are shown and extrapolated back to the intercept and the
2
coefﬁcient of determination (R ) is noted.

The use of GMSAT since the PI era is relevant to policy targets for warming; however, studies looking at
changes and trends over time frames for societal planning and adaptation may be more interested in shorter
term trends, and in trends starting later than PI. Therefore, we also look at the linear trend in GMSAT within a
100 year moving window (commensurate with climate projections for the 21st century, see an example in
Figure 1b), and a 50 year moving window (commensurate with climate projections time frames such as
2000–2050). The R2 of the intermodel spread in GMSAT change and each sensitivity index is also examined
in simulations from the 1%CO2 and abrupt 4xCO2 experiments.
The spatial distribution of the correlation between climate sensitivity and temperature projections of the 21st
century is shown by the R2 between each global index and the change in SAT in each model cell under RCP8.5
between 1986–2005 and 2080–2099 (a commonly reported period in climate projections, global values of
this projection given in Table S1). Model outputs were ﬁrst regridded to a common 1.5° × 1.5°
latitude/longitude grid.

3. Results
Before examining the RCPs, it is instructive to consider the ﬁt of temperature change and climate sensitivity
with simpliﬁed forcing experiments (Figure S2). The intermodel spread in the relatively steady increase in
GMSAT in the 1%CO2 simulations has a high R2 with TCR at ~70 years and with T140 at ~140 years, as
expected. TCR has higher R2 with temperature change than ECS does throughout the period. Under the
strong “impulse” forcing of the abrupt 4XCO2 simulations, there is a rapid increase then plateau of GMSAT.
In these simulations, the R2 of the intermodel spread of temperature change with ECS is high and increasing
in the last 50 years of the simulations as expected when the warming is well advanced, and also a high R2 with
T140 throughout. The uncertainty in R2 is estimated by using a 1,000-member bootstrap of random sampling
with replacement from the empirical distribution, and the ±1 standard deviation is plotted. Although the
uncertainty is sometimes large, the different series are quite distinct in these key points. High R2 at the periods mentioned are expected from how they are calculated, but the fact that the R2 never reaches unity is
notable and is likely due to rounding of index estimates and slight differences in calculation methods from
the original TCR assessment (e.g., use of 20 year trend for starting year). A high R2 throughout for T140 after
the abrupt and strong forcing of 4xCO2 are consistent with T140 correlating highly with any of the “strong,
advanced warming” scenarios and perhaps related to the fact they both represent quadrupling of CO2.
Under the RCPs, GMSAT rises over the 21st century with a magnitude and rate that depends on the forcing
(Figures 2a and 2b). For GMSAT relative to PI in the higher two RCPs, R2 with ECS rises later than for TCR and
T140 and is higher than TCR and comparable to T140 by 2100 (Figures 2c and 2d). For RCP2.6, the R2 with
each of the transient measures of sensitivity remains higher than ECS but starts to fall by 2100 as the
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Figure 2. Global mean surface air temperature (GMSAT) and climate sensitivity; (a) time series of GMSAT 1950 to 2100 from
up to 24 Coupled Model Intercomparison Project phase 5 (CMIP5) models for simulations from historical and three RCPs;
2
(b) 20 year moving mean GMSAT anomaly from 1950–1880 for historical and RCPs; (c) R between change in GMSAT and
sensitivity estimates for RCP8.5, shading shows ±1 standard deviation using a 1,000-member bootstrap; (d and e) as in
(c) but for RCP4.5 and RCP2.6, respectively. Individual models in (a) and (b) are shown in gray, the multimodel mean in color.

warming stabilizes (Figure 2e). This relationship between sensitivity and change in GMSAT relative to PI is
consistent with the notion that measures of the transient response are more relevant for time-dependent
climate change where model-dependent ocean heat uptake is inﬂuencing the warming. The results are also
consistent with the equilibrium sensitivity index becoming increasingly relevant through time since PI, with a
stronger relationship when forcing is sustained (RCP8.5 or RCP4.5) than if it peaks and then falls (RCP2.6).
The lower R2 for temperature change and ECS for RCP2.6 is perhaps puzzling, as the climate appears closest
to “equilibrated” of the three RCPs. Under RCP2.6, rates of warming become very low and anthropogenic
greenhouse forcing decreases after midcentury, so the ratio of the forced signal to the climate variability
“noise” becomes low, perhaps explaining the low R2. Also, it is likely that large-scale adjustments (e.g., SST
patterns) are continuing to occur, and “hysteresis effects” occur which are sensitive to the rapid “ramp upramp down” nature of the forcing (Boucher et al., 2012; Chadwick et al., 2013). These may result in global temperatures less correlated with both ECS and TCR over the period of adjustment.
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Figure 3. As for Figure 2 but for trends within (left column) 100 year moving window and (right column) 50 year moving
window. GMSAT = Global mean surface air temperature.

The R2 values over the 20th century are consistently lower than that of the 21st century, and the plots begin
at 1950 because all values prior to 1950 are below 0.2. This is consistent with ﬁndings elsewhere that historical changes are more strongly correlated with model forcing while projected changes are more related to
model feedback strength (Crook & Forster, 2011; Forster et al., 2013).
When we examine linear trends in a moving window of 100 years and 50 years (Figure 3), the relative strengths of
the R2 between warming and equilibrium and transient sensitivity measures show some notable features counter to the response since preindustrial times (Figure 2). Here the temperature trend has a higher R2 with ECS than
transient indices for most windows within the 21st century (results are very similar when using a moving window of differences between 20 year periods that are 100 years apart such as 1961–1980 minus 1861–1880
through to 2081–2100 minus 1981–2000, not shown.) Similar to Figure 2, the standard deviation of the bootstrapped samples is broad at times, but the different indices are distinct at key points.
The different relationships between sensitivity indices with the two measures of temperature change
(Figures 2 and 3) are reﬂected in the scatterplot, for example, periods under RCP8.5 (Figure 1). For change since
PI to 2050, the R2 with ECS are lower than for TCR, whereas for the 100 year trend over the 21st century, the R2 is
higher for ECS. Notably, for temperature change from PI to 2050 and ECS the intercept is higher and the slope is
lower than for transient measures. If we assume that warming should be proportional to the index and the

GROSE ET AL.

1563

Geophysical Research Letters

10.1002/2017GL075742

intercept should be zero, we see the same relative patterns of R2 in the different simulations, showing that the result is consistent whether we consider the sensitivity estimates to be idealized indices of nonlinear warming
or if we do assume they should be proportional. The R02 using a simpler
model and an intercept set to zero shows a similar relative magnitude of
temperature change with ECS, T140, and TCR through time (Figures S1c
and S1d) as the R2 with the modeled intercept (Figures 2c and 3c).
The foregoing analysis considers only the global values of temperature
changes, but we might expect regional differences to be important too.
Patterns of warming change with time, with Southern Hemisphere highlatitude warming lagging over equatorial or Northern Hemisphere
warming (e.g., Armour et al., 2013). Furthermore, correlations of regional
temperature change with sensitivity are of great interest, both to explore
processes involved in determining sensitivity and also for use in describing
uncertainties in regional climate projections. Here we look at change over
the 21st century as a time frame relevant to climate projections, which
shows some notable spatial features across the globe (Figure 4). There is
a similar spatial structure for the R2 with each index (pattern correlations
of >0.9), with minima in regions of the least warming, such as the
Southern Ocean and North Atlantic, and also minima in the Arctic sea ice
zone (Figure 4). There are successively greater global mean values of R2
for each index (TCR 0.37, T140 0.48, and ECS 0.56), but the difference is
not uniform in space (Figure 4d). ECS shows a higher R2 in all regions
where values are high, but less where values are low in the Southern
Ocean and northern Atlantic Ocean. This appears to reﬂect that ocean
warming in these areas is delayed and not in equilibrium, so TCR explains
more variability between models in these areas.
The results suggest that for temperature projections of the 21st century,
ECS has a higher R2 than T140 or TCR in most inhabited regions, but the
R2 is only above 0.66 in regions such as western North America, subregions
of South America, the western Indian Ocean, North Africa, the Middle East,
and East Asia. The highest R2 is found broadly across the tropics and subtropics, with maxima in the central and eastern Paciﬁc, possibly as these are
areas of low unforced variability (Hawkins & Sutton, 2012). The spatial patterns are similar for total change in GMSAT from 1861 to 2100 (Figure S3).

4. Discussion and Conclusions
TCR is considered more useful than ECS for climate projections of the next
few decades (e.g., Knutti et al., 2017). Similarly, it may be expected that
TCR or T140 would have a better ﬁt to the model spread in temperature
2
Figure 4. Coefﬁcient of determination (R ) of the intermodel spread in mean change over the 21st century for several reasons. Namely, the oceans will
annual temperature difference between 1986–2005 and 2080–2099 under
not be in equilibrium with the forcing applied, the projected CO2 increase
RCP8.5 with climate sensitivity indices; (a) model mean temperature projec- for the remainder of the 21st century is more similar to the method of
tion; (b) transient climate response (TCR) in 24 Coupled Model
calculating TCR (1%CO2 simulations), than that of ECS (abrupt4xCO2 simulaIntercomparison Project phase 5 (CMIP5) models; (c) T140 in 24 CMIP5
tions),
and the typical time frame of projections of 50–100 years is also more
models; (d) ECS in 20 CMIP5 models (the 0.66 contour is marked); and (e) the
similar to the method of calculating TCR (70 years) than ECS (140 years).
difference between panels (b) and (d). ECS = equilibrium climate sensitivity.
However, here we show that ECS explains more variability in the model
spread in temperature change over the 21st century. This result was also found in Grose et al. (2016) and
Gregory et al. (2015), but this analysis shows that the R2 is greater for ECS than TCR consistently for moving windows after around 2015 (100 year trends for 1966–2065 through to the 100 year trend for 2001–2100; Figure 2c)
and 50 year windows for a similar time frame (Figure 2d). This suggests that ECS is in fact the most useful index
for describing the model spread in temperature change over the 21st century for the globe and most regions.
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What causes the higher R2 with ECS than with TCR or T140 for projections of the 21st century? The results do
not provide a single clear answer, but some aspects are worth discussion. The effect of a projected reduction
in aerosol forcing is expected to introduce some additional noise and reduce the global correlations with sensitivity measures based purely on greenhouse forcing, but this would affect the correlation to both TCR and
ECS equally. A substantial fraction of the positive radiative forcing (and subsequent warming) under RCP4.5
comes from removal of the aerosol burden, rather than increases in CO2 (Rotstayn et al., 2013), but in RCP8.5
the warming is dominated by CO2 increases (van Vuuren et al., 2011). However, the dominance of ECS in
RCP4.5 is greater than for RCP8.5 in the mid-21st century (Figures 2c and 2f). So the noise introduced by
aerosol forcing changes does not explain the results.
Instead, part of the explanation may be that the pattern and rate of oceanic heat uptake is critical to setting
the timescale of 21st century warming in individual models (Geoffroy et al., 2013; Gregory et al., 2015; Held
et al., 2010). Under the relatively slow rate of warming in the ﬁrst 70 years of 1% compounded warming,
uptake rates may be expected to differ markedly from that of more advanced warming, such as the accelerated warming found in the following 70 years (Gregory et al., 2015) as the distribution of surface warming
evolves closer to the pattern of equilibrated warming (Armour et al., 2013). The uptake rates under TCR, then,
are inappropriate for the period of rapid warming in the 21st century, reducing correlation.
Climate feedbacks, too, are sensitive to the patterns of warming (Armour et al., 2013; Gregory & Andrews,
2016; Zhou et al., 2016) and become relatively more important than the ocean heat uptake efﬁciency in determining the model spread as time passes (Forster et al., 2013). The pattern, then, of feedbacks may be critical
to the closer agreement of ECS to the response under strong warming. Feedbacks also behave in a nonlinear
way as warming continues. The increase in R2 between ECS and GMSAT out to 2100 (and potentially beyond)
under sustained forcing of RCP8.5 in Figure 1c is presumably a factor of this increased dominance of feedbacks over both ocean heat content and forcing spread in determining the overall response. Further work
would be needed to clarify these processes, including a study of the relative rates of ocean heat uptake,
linked with the evolution of feedbacks under differing experiments in models.
The results presented here are speciﬁc to CMIP5 climate models, and also to the RCPs, and are not evaluated
against other lines of evidence. The prescribed greenhouse and aerosol forcings in the RCPs may not be accurate in the past or future. Also, model errors may play a role in these R2 values, including in the response to
aerosol and greenhouse forcings, ocean heat uptake efﬁciency, and climate feedbacks. So the results may not
give us insights into the broader concepts of sensitivity outside models. At the least, the results are useful for
interpreting sensitivity measures in terms of temperature projections within climate models, and in fact that
is the reason for their being deﬁned originally, as benchmarks for comparison of models. The results suggest
which index can be the most useful in explaining the model spread for both change since PI (T140), and
change over the 21st century (ECS).
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The results show that the relationship between the model spread in projected temperature and sensitivity
indices varies markedly in space. The coefﬁcient of determination is higher broadly in areas of the tropics
and the midlatitudes, so sensitivity indices will be more useful to describe projections in these areas.
Regions where sensitivity has a low R2 with temperature change include areas of delayed warming (such
as the Southern Ocean) and areas of sea ice cover, where regional albedo and cloud feedback processes
are known to cause a large fraction of the spread (Crook et al., 2011; Winton, 2006). Global-scale sensitivity
indices will not be as useful to regional projections here.
It appears that ECS is in fact more useful than TCR for climate model projections of the 21st century in terms
of indicating the magnitude of change for a prescribed RCP scenario. This is counter to the expectations since
the time frame is generally considered to be in the realm of transient climate change, and added noise from
aerosol forcing does not explain the results. More work and possibly the analysis of different model simulations are needed to understand and quantify the speciﬁc reasons for these relationships.
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