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ABSTRACT

An emergent property of most Earth system models is a near-linear relationship between cumulative

emission of CO2 and change in global near-surface temperature. This relationship, which has been named the

transient climate response to cumulative CO2 emissions (TCRE), implies a finite budget of fossil fuel carbon

that can be burnt over all time consistent with a chosen temperature change target. Carbon budgets are

inversely proportional to the value of TCRE and are therefore sensitive to the uncertainty in TCRE.Here the

authors have used a perturbed physics approach with an Earth system model of intermediate complexity to

assess the uncertainty in the TCRE that arises from uncertainty in the rate of transient temperature change

and the effect of this uncertainty on carbon cycle feedbacks. The experiments are conducted using an ide-

alized 1%yr21 increase in CO2 concentration. Additionally, the authors have emulated the temperature

output of 23 models from phase 5 of the Climate Model Intercomparison Project (CMIP5). The experiment

yields a mean value for TCRE of 1.72KEgC21 with a 5th to 95th percentile range of 0.88 to 2.52KEgC21.

This range of uncertainty is consistent with the likely range from the Fifth Assessment Report of the In-

tergovernmental Panel on Climate Change (0.8 to 2.5 KEgC21) but by construction underestimates the total

uncertainty range of TCRE, as the authors’ experiments cannot account for the uncertainty from their

models’ imperfect representation of the global carbon cycle. Transient temperature change uncertainty

induces a 5th to 95th percentile range in the airborne fraction at the time of doubled atmospheric CO2 of 0.50

to 0.58. Overall the uncertainty in the value of TCRE remains considerable.

1. Introduction

A near-linear relationship between cumulative emis-

sions of CO2 and change in global mean near-surface

temperature has now been well established as an emer-

gent property of Earth systemmodels (ESMs) (e.g.,Allen

et al. 2009; Gregory et al. 2009; Matthews et al. 2009;

Meinshausen et al. 2009;Gillett et al. 2013;Goodwin et al.

2015; MacDougall and Friedlingstein 2015; MacDougall

2016). The relationship is consistent with the observa-

tional record of global temperature change and estimates

of anthropogenic CO2 emissions (Gillett et al. 2013) and

has been named the transient climate response to cu-

mulative CO2 emissions (TCRE) (Gregory et al. 2009;

Stocker et al. 2013). The near-constant nature of TCRE

implies that the rate and timing of CO2 emissions are

nearly irrelevant to the total change in temperature

from a given CO2 emissions trajectory (e.g., Matthews

et al. 2009). That is, cumulative emissions of CO2 effec-

tively determine contribution to global temperature

change fromCO2. Limiting the damage caused by climate
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warming is often conceptualized in terms of limiting

global temperature change to a level below some chosen

temperature target (e.g., UnitedNations 2015). The nature

of TCRE implies that there is a finite ‘‘carbon budget’’

compatible with the chosen temperature change target

(Zickfeld et al. 2009). This carbon budget is inversely

proportional to the value of TCRE and therefore is

sensitive to uncertainty in TCRE. As the value of the

carbon budget determines the fraction of known fossil fuel

reserves that can be burnt (Raupach et al. 2014; McGlade

andEkins 2015) and the speedof economicdecarbonization

(e.g., Rogelj et al. 2015), quantifying the uncertainty in

TCRE is of paramount scientific and social concern.

By design TCRE incorporates both the physical effect

of CO2 on climate and the biogeochemical effect of CO2

on the global carbon cycle (Matthews et al. 2009). TCRE

can be described by the following relationship:
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whereL is TCRE, DT is the change in global mean near-

surface temperature, E is cumulative emissions of CO2,

and Ca is the carbon content of the atmosphere. TCRE

amalgamates the temperature sensitivity of the Earth

system to a change in atmospheric CO2 with the carbon

sensitivity of the system (the change in atmospheric CO2

from a given emission of CO2), and the interaction be-

tween these two terms into a single metric (Matthews

et al. 2009). By taking account of both physical and

biogeochemical effects of CO2 on climate, TCRE in-

herits uncertainty from both of these domains (e.g.,

Collins et al. 2013). For the purposes of model in-

tercomparison the value of TCRE is often calculated

from an idealized climate change experiment where at-

mospheric CO2 increases at 1%yr21 leading to an ex-

ponential rise inCO2 concentration (hereinafter referred to

as the 1% experiment) (e.g., Gillett et al. 2013). Using this

idealized experiment removes complications from land-

use-change emissions and non-CO2 climate forcing agents

and allows for a fair comparison betweenmodels. For these

reasons the 1% experiment will be used throughout this

manuscript. Using the 1% experiment framework and di-

agnosed emissions instead of emissions-driven model sim-

ulations is the standard protocol for evaluating TCRE (e.g.,

Gillett et al. 2013). However, this framework imposes

carbon fluxes between the atmosphere and ocean and the

atmosphere and terrestrial biosphere that may not be

consistent with a fully coupled system, a weakness that

should be kept in mind for the experiments presented here

(see appendix).

TCRE has been estimated both from observations of

the natural world and climate model simulations (Gillett

et al. 2013; Eby et al. 2013; Steinacher and Joos 2016).

For observation-based estimates of TCRE the required

quantities are the attributable fraction of global tem-

perature change due to change in atmospheric CO2 con-

centration and fossil fuel and land-use-change emissions.

From these variables Gillett et al. (2013) estimated that

TCRE is likely between 0.7 and 2.0KEgC21. Climate

model estimates of TCRE are derived from model in-

tercomparison studies (Gillett et al. 2013; Eby et al. 2013)

and perturbed parameter experiments with single models

(Steinacher and Joos 2016). Intercomparison of model

output of CMIP5 models suggests a range of TCRE of 0.8

to 2.4KEgC21 (Gillett et al. 2013) and of intermediate-

complexity climate models of 1.4 to 2.5KEgC21 (Eby

et al. 2013). Steinacher and Joos (2016) used a data-

constrained perturbed parameter approach with a

single intermediate-complexity climate model to

estimate a value of TCRE of 1.9KEgC21 with a 68%

uncertainty range of 1.3 to 2.7KEgC21. Combining

various lines of evidence the Fifth Assessment Report

of the Intergovernmental Panel on Climate Change

(IPCC AR5) gave an expert assessment range for

TCRE of 0.8 to 2.5KEgC21.

The temperature response of the climate system to a

change in radiative forcing (such as from CO2) is often

conceptualized using the forcing-response equation

(e.g., Wigley and Schlesinger 1985):

DT5
F2N

l
, (2)

where F is radiative forcing, N is planetary heat uptake,

and l is the climate feedback parameter. The planetary

heat uptake is often approximated asN5 kDT, with k as

the ocean heat uptake efficiency (Hansen et al. 1997;

Raper et al. 2002; Gregory et al. 2009) (ocean heat uptake

dominates planetary heat uptake; e.g., Stocker et al. 2013).

Taking this approximation into account, Eq. (2) becomes

DT5
F

l1 k
, (3)

Following the forcing-response framework temperature

change uncertainty can be conceptualized in terms of

uncertainty in the radiative forcing from CO2, un-

certainty in the climate feedback parameter, and un-

certainty in the ocean heat uptake efficiency. The climate

feedback parameter is sometimes expressed as the equi-

librium climate sensitivity to a doubling of atmospheric

CO2 concentration. Climate sensitivity is equivalent to

F23CO2/l, where F23CO2 is the radiative forcing from

doubling of atmospheric CO2 concentration.

Uncertainty in the response of the physical climate

system to changes in atmospheric CO2 concentration
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feed into the uncertainty in the response of the global

carbon cycle to climate change, as terrestrial and oce-

anic carbon cycles feedbacks are sensitive to changes in

climate (e.g., Jenkinson et al. 1991; Luo and Zhou 2006;

Falkowski et al. 2000). In the terrestrial system the rate

of respiration of organic matter by soil microorganisms

is a function of the temperature of the soil (e.g., Jenkinson

et al. 1991). Generally an increase in temperature is ex-

pected to increase the rate of soil respiration, causing a

decline in the size of the soil carbon pool and a net release

of carbon to the atmosphere (Luo and Zhou 2006).

Ocean carbon cycle feedbacks are dominated by the ef-

fects of dissolved CO2 on the ocean carbonate buffering

system (e.g., Arora et al. 2013). However, change in

ocean temperature does have some effect on the oceanic

carbon cycle as the partial pressure of dissolved CO2 is an

increasing function of temperature (like most other

gases) such that the ocean carbon uptake becomes less

efficient at higher global temperatures (Falkowski et al.

2000). Therefore, unless overwhelmed by more complex

changes (such as changes in vegetation distribution,

ocean circulation, or ocean biology), an increase in global

temperature should reduce the efficiency of carbon sinks

and lead to a higher airborne fraction of carbon. Condi-

tions of high radiative forcing, climate sensitivity, and low

ocean heat uptake efficiency should favor a high TCRE

from both the temperature effect of CO2 and the tem-

perature feedback on the carbon cycle by making both

DT/DCa and DCa/E larger. Here we will use a climate

model of intermediate complexity to quantify the un-

certainty in the TCRE arising from the uncertainty in the

physical climate parameters and the feedback of this

uncertainty on the simulated carbon cycle.

2. Methods

a. Model description

The University of Victoria Earth System Climate

Model (UVic ESCM) is a climate model of intermediate

complexity composed of a full three-dimensional ocean

general circulation model coupled to a simplified energy

and moisture balance atmosphere (Weaver et al. 2001).

All components of the model share a common hori-

zontal resolution of 3.68 longitude by 1.88 latitude. The
ocean model is based on the Modular Ocean Model,

version 2 (Pacanowski 1995), and ocean depth is re-

solved to 19 vertical layers. Ocean vertical diffusivity is

parameterized as a globally uniform vertical profile

following Bryan and Lewis (1979). Subgrid-scale eddy

mixing is represented using the Gent–McWilliams pa-

rameterization (Gent and McWilliams 1990) with glob-

ally uniform isopycnal and thickness diffusivities. The

model land surface is a highly modified version of the

Moses land surface scheme (Cox et al. 2001; Meissner

et al. 2003) with a subsurface extending to 250-m depth,

hydrology in the top 10m, and full freeze–thaw dy-

namics (Avis et al. 2011; Avis 2012). The simplified at-

mospheric component carries out themain climatological

functions of the atmosphere without simulating the fluid

motions of air. The simulated functions are transporting

heat and moisture from the tropics toward the poles and

solving the energy balance equation at the planetary

surface and top of the atmosphere (Weaver et al. 2001).

The outgoing longwave radiation flux is simulated using

the parameterization of Thompson and Warren (1982),

which relates outgoing longwave to near-surface air

temperature and relative humidity (Weaver et al. 2001).

Changes in longwave radiative forcing are imposed as an

anomaly at the top of the atmosphere and computed for

each greenhouse gas using the equations presented in

Table 6.2 of IPCC (2001). The model is forced with pre-

scribed surface wind fields, vertically integrated winds for

energy and moisture advection, incoming solar radiation

(Weaver et al. 2001), and temporally invariant but spa-

tially revolved geothermal heat flux (Avis et al. 2011).

Model wind fields are derived from the National Centers

for Environmental Prediction (NCEP) reanalysis data

and are geostrophically adjusted as global temperature

changes (Weaver et al. 2001). Solar forcing is from the

historical forcing fields used for model simulations in

IPCC AR5 Moss et al. (2010) and the geothermal heat

flux from Hamza et al. (2008).

The UVic ESCM contains a full representation of the

oceanic and terrestrial carbon cycles. The terrestrial

carbon cycle is simulated using the Top-down Repre-

sentation of Interactive Foliage and Flora Including

Dynamics (TRIFFID) dynamic vegetation model

(Meissner et al. 2003; Matthews et al. 2004; Cox et al.

2001). The model includes a prognostically generated

permafrost carbon pool whereby soil carbon is slowly

diffused into soil layers that are frozen year-round

(MacDougall and Knutti 2016b). The inorganic ocean

carbon cycle is simulated following the protocols of the

ocean carbon cycle model intercomparison project

(Orr et al. 1999). Ocean biology is simulated using a

nutrient–phytoplankton–zooplankton–detritus ocean

biology scheme (Schmittner et al. 2008).

b. The UVic ESCM as a probabilistic model

Climate models are mathematical representations of

the natural Earth system based on the scientific un-

derstanding of the physical, chemical, and biological

components of the system. As scientific understanding

of these systems is imperfect and computational re-

sources are limited, climate models only approximate

the behavior of the natural Earth system (e.g., Collins
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et al. 2013). The current generation of fully coupled

Earth system models continues to improve in both spa-

tial resolution and physical complexity, but there remain

key aspects of the climate system where model param-

eterizations (i.e., clouds, aerosols, and biology) yield

significant intermodel differences (Collins et al. 2013).

Therefore every climate model yields a somewhat dif-

ferent outcome when forced with the same external

forcing (e.g., Collins et al. 2013). Given these limitations

it can be useful to project changes in future climate

using a probabilistic approach, treating chosen climate

parameters as random variables (e.g., Rowlands et al.

2012). These can either be parameters that control the

behavior of model parameterizations or emergent quan-

tities such as climate sensitivity or the ocean heat uptake

efficiency (e.g., Collins et al. 2007). Here we treat the

three variables of the forcing-response equation [Eq. (3)]

as our random variables in an effort to simulate a repre-

sentative sample of possible future rates of transient

temperature change.

If an ideal climate change scenario is followed where

climate change is driven only by changes in atmospheric

CO2 concentration (such as the 1% experiment) then

the radiative forcing variable F is very easy to perturb in

the UVic ESCM. Forcing from CO2 in the UVic ESCM

is parameterized as a change in top-of-the-atmosphere

radiation of the following form:

F5R
f
ln

�
C

a

C
o

�
, (4)

where Rf is the radiative forcing from an e-fold increase

in CO2, and Co is the preindustrial CO2 content of the

atmosphere. Forcing can be changed by altering the

value of Rf, which can be directly programmed into

the model.

Changing the climate sensitivity of the UVic ESCM is

accomplished by altering the flow of outgoing longwave

radiation to space as a function of change in global av-

erage surface temperature (Zickfeld et al. 2009). The

parameterization takes the following form:

L+
out(t)5L

out
(t)2K

CS
[T

s
(t)2T

o
] , (5)

where L+
out is the modified outgoing longwave radiation,

t is time, Lout is the unaltered outgoing longwave radi-

ation, Ts is the global average surface air temperature,

To is the preindustrial surface temperature, and KCS is a

constant that controls climate sensitivity (CS). By

performing a series of model integrations with varying

values of KCS a relationship between KCS and the cli-

mate feedback parameter can be established. This re-

lationship is used to convert values of l into values of

KCS for the experiments described in following sections.

This method has been used to change the UVic ESCM’s

climate sensitivity to any value with the full range of un-

certainty (1 to 9K per doubling of CO2) (Zickfeld et al.

2009). Changing the climate sensitivity of the model has

proven a valuable tool for assessing the uncertainty of

model experiments and has been exploited by many

studies that use theUVicESCM(e.g., Zickfeld et al. 2009;

Olson et al. 2012; MacDougall et al. 2012; MacDougall

2013; MacDougall and Knutti 2016b).

The ocean component of the UVic ESCM is the

model component with the highest fidelity to physical

reality. As such there are a number of ways to change

ocean heat uptake, but each comes at the price of re-

ducing the fidelity the model, with the potential to

create substantial model biases. After a series of trial-

and-error model experiments two methods were set-

tled upon: 1) changing the vertical diffusivity in the

Bryan–Lewis parameterization (Bryan and Lewis 1979)

and 2) changing the isopycnal and thickness diffusiv-

ities in the Gent–McWilliams parameterization (Gent

and McWilliams 1990). The Bryan–Lewis parameteri-

zation was changed by scaling the value of the profile

uniformly in depth, changing the vertical diffusivity

but not the functional form of the profile. The Gent–

McWilliams parameterization was changed by scaling

the isopycnal and thickness diffusivities by the same

factor.

Altering the Bryan–Lewis parameterization in the

UVic ESCM was able to change the value of the

k parameter to between 0.5 and 2.0Wm22K21 as

evaluated at the time of CO2 doubling (average of years

60 to 80) in the 1% experiment. Altering the Gent–

McWilliams parameterization is able to change k by

about 0.1Wm22K21 and was used in tandem with the

Bryan–Lewis alteration to reachk values of 0.4Wm22K21.

The increase in model error from changing these pa-

rameterizations was evaluated by spinning up the model

for 5000 years under constant year 1850 Common Era

(CE) forcing and then conducting historical experiments

between years 1850 to 2000 CE over the range of

k values between 0.4 and 1.2Wm22K21. The historical

forcing includes 14C and chlorofluorocarbon (CFC)

emissions such that the model can be compared to data

from the World Ocean Atlas 2009 (Levitus et al. 2010).

After entering the simulated ocean surface, CFCs and 14C

are transported as tracers following ocean advection and

diffusion. CFCs are treated as passive tracers while 14C

has source and sink terms to account for the biological

and carbonate pumps and radioactive decay (Orr et al.

1999; Schmittner et al. 2008). Figure 1 shows the error

for each k relative to the model variant with the lowest

error. The error statistic is the root-mean-square of the

differences between the model simulation and the
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World Ocean Atlas 2009 interpolated to the UVic

ESCM grid following Eby et al. (2009). For ocean

potential temperature change altering the Bryan–

Lewis parameterization can double the error and al-

tering the Gent–McWilliams parameterization to

reach k values of 0.4Wm22 K21 can triple the error.

The error remains close to the baseline error between

k values of 0.7 and 1.1Wm22 K21. The error in 14C is

the most uniform of the metrics growing to a maxi-

mum of 1.3 times the baseline error for both the high

and low end of the range. For both CFC-11 and CFC-

12 the error grows for k values below 0.8Wm22 K21

and reaches 1.6 times the baseline for k values of

0.4Wm22 K21.

c. Experiment design: Emulating CMIP5

The goal ofmodifying the climate sensitivity, radiative

forcing, and ocean heat uptake efficiency in the UVic

ESCM is to make the model capable of simulating any

plausible transient change in surface temperature. To

check whether this is something that can reasonably be

done with the UVic ESCM we will compare model

output from CMIP5 (Taylor et al. 2012) to model output

from variants of the UVic ESCM modified to have the

same climate sensitivity, radiative forcing, and ocean

heat uptake efficiency diagnosed from each CMIP5

model. If the modified variants of the UVic ESCM can

closely match the CMIP5 temperature output then we

can be reassured that themethods tomodify the physical

climate parameters in theUVic ESCMare accurate over

the range of probabilities represented by the CMIP5

models. We have made no effort to prescreen the

CMIP5 archive and have maintained the convention of

‘‘model democracy’’ used by the IPCC (Knutti 2010).

The purpose of the model emulation experiments is to

test whether the UVic ESCM is capable of producing a

wide range of future global temperature change, a goal

that is not contingent on the validity of the CMIP5

models used for comparison. While some CMIP5 models

perform better than others on certain variables and in

certain regions, none of these models can be dismissed

based on unambiguously implausible aggregated values

of l, k, and F.

Climate sensitivity was diagnosed from the standard

model experiment where atmospheric CO2 is instantly

quadrupled (43 CO2 experiment) using the methods of

FIG. 1. Error in model output relative to four validation datasets from theWorld Ocean Atlas 2009 (Levitus et al.

2010). Errors are computed as root-mean-square error normalized to the smallest error of all model variants. Black

dots represent model variants with only the Bryan–Lewis parameterization rescaled. Red dots have both the

Bryan–Lewis and Gent–McWilliams parameterizations rescaled.
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Gregory et al. (2004). For this method the climate sen-

sitivity is taken as the x intercept of a line fitted to the

change in global temperature versus the planetary ra-

diative imbalance curve over years 20 to 150 of the ex-

periment. The y intercept of this line is an estimate of the

CMIP5 model’s radiative forcing from a quadrupling of

CO2 (e.g., Andrews et al. 2012). The climate feedback

parameter is taken as the slope of the line fitted to the

global temperature change versus planetary heat uptake

curve between years 20 and 150 of the 4 3 CO2 exper-

iment. There are two methods to calculate the ocean

heat uptake efficiency: the method of Raper et al.

(2002), where k is taken as the ratio ofN/DT in year 70 of

the 1% experiment, and the method of Gregory and

Forster (2008), where k is estimated as the slope of the

change in global temperature versus planetary radiative

imbalance curve. The method of Gregory and Forster

(2008) provides a kind of average of ocean heat uptake

efficiency over time while the method of Raper et al.

(2002) is the value of ocean heat uptake efficiency at a

specific point in time. Either interpretation of k may be

useful for a given method of analyzing the climate sys-

tem (Gregory and Forster 2008; Raper et al. 2002). For

the present studywe have chosen to follow the definition

of k given in Raper et al. (2002). Following this defini-

tion preserves the relationship between the three

physical climate parameters and the transient climate

response (TCR; the temperature change in year 70 of

the 1% experiment) if TCR is calculated from the

physical climate parameters and the forcing-response

equation [Eq. (3)].

The physical climate parameter values recovered with

these methods are shown in Table 1 for the 23 CMIP5

models that stored all of the necessary output to com-

pute these relationships. For each CMIP5 model in

Table 1 a variant of the UVic ESCM was generated

with the same climate sensitivity, radiative forcing from

doubling CO2, and ocean heat uptake efficiency as

given by the CMIP5 models. The UVic ESCM variants

were spun up for 5000 years under year 1850 CE forcing

and a 1% experiment conducted from the spun-up

variant.

d. Experiment design: Perturbed physics ensemble

To estimate the uncertainty in the TCRE originating

from the uncertainty in the rate of transient temperature

change a perturbed physics ensemble approach is used.

The three parameters in the forcing-response equation

[Eq. (3)] are perturbed. Uncertainty in the equilibrium

climate sensitivity has been estimated from observa-

tions of the recent-day climatological mean state, the

observed warming of ocean and atmosphere since

preindustrial times, climate model simulations, and

paleoclimate proxies (Collins et al. 2013, for a recent

TABLE 1. Climate feedback parameter l, ocean heat uptake efficiency k, and radiative forcingF23CO2 for each of theCMIP5models and

the standard version of the UVic ESCM. The values from the CMIP5 models are those used in the CMIP5 emulation experiment. The

range of the UVic ESCM parameters from the perturbed physics experiment are in brackets next to the standard values.

l k F23CO2

UVic ESCM 1.05 (0.58 to 4.73) 0.91 (0.41 to 1.1) 3.71 (2.49 to 4.89)

ACCESS1.0 0.553 0.809 2.409

ACCESS1.3 0.486 0.87 2.149

BCC_CSM1.1 1.008 0.683 3.025

BCC_CSM1.1(m) 1.125 0.512 3.314

BNU-ESM 0.933 0.597 3.787

CanESM2 0.875 0.612 3.351

CCSM4 0.877 0.778 2.819

CNRM-CM5 1.272 0.623 4.032

CNRM-CM5-2 0.826 0.657 3.078

CSIRO Mk3.6.0 0.414 0.766 2.036

GFDL CM3 0.6 0.794 2.597

GISS-E2-H 1.358 0.808 3.357

GISS-E2-R 1.356 1.057 3.101

INM-CM4.0 1.347 0.964 2.815

IPSL-CM5A-LR 0.671 0.715 2.87

IPSL-CM5A-MR 0.64 0.699 2.855

IPSL-CM5B-LR 0.888 0.591 2.405

MIROC5 1.824 0.783 4.791

MIROC-ESM 0.69 0.737 3.58

MPI-ESM-LR 0.843 0.736 3.317

MPI-ESM-MR 0.922 0.677 3.402

MPI-ESM-P 0.92 0.753 3.433

NorESM1-M 0.783 0.982 2.544
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summary). Here we have chosen to represent climate

sensitivity uncertainty using a probability distribution

function (PDF) designed to capture the general fea-

tures of the uncertainty in equilibrium climate sensi-

tivity from these different lines of evidence following

Olson et al. (2012). For a doubling of atmospheric CO2

the PDF has a mean of 3.258C with the 5th and 95th

percentiles at 1.78 and 5.28C, respectively. The func-

tional form of the PDF was derived by Olson et al.

(2012) and takes the form of the product of two normal

inverse Gaussian functions. The uncertainty in radia-

tive forcing from CO2 was taken to be normally dis-

tributed with the mean radiative forcing value (for a

doubling of CO2) set at the classical value of

3.71Wm22 (Myhre et al. 1998). The standard deviation

was set to 0.4Wm22 taken from the mean of the vari-

ability from the three methods of estimating CO2 ra-

diative forcing from climate model output (Andrews

et al. 2012; Vial et al. 2013; Zhang and Huang 2014).

The uncertainty in k was taken to be normally distrib-

uted with the mean value at 0.74Wm22K21 set to the

mean of the 27 CMIP5 models that conducted the 1%

experiment and saved planetary heat uptake. The

standard deviation was set to 0.1375Wm22K21, one-

quarter the range (maximum to minimum) of the

CMIP5 derived k values. That is, we are taking the

CMIP5 range to represent most but not all of the un-

certainty in k.

The Latin hypercube sampling method is used to select

parameter values from the parameter PDFs and create

parameter sets (McKay et al. 1979). With this sampling

method each PDF is broken into intervals of equal

probability. From within each interval one parameter

value is randomly selected and matched randomly with

parameter values selected in the same fashion from each

of the other random variable PDFs (Helton and Davis

2003). The number of parameter sets and model situa-

tions is equal to the number of equal probability intervals

selected. For these experiments the PDFs were broken

into 15 intervals and the method repeated 10 times to

create 150 parameter sets.

Each model variant was spun up for 5000 years under

constant year 1850 CE forcing. Simulations were con-

ducted under the 1% experiment. Following the defi-

nition set out in Collins et al. (2013) TCRE is evaluated

at year 70 of the 1% experiment, as computed as the

average between years 60 to 80 of the experiment.

Cumulative CO2 emissions are diagnosed as the re-

sidual of the carbon cycle. That is, atmospheric CO2

concentration is prescribed and fossil fuel emissions

diagnosed as the carbon needed to maintain conser-

vation of carbon in the land–ocean–atmosphere sys-

tem. As only a single set of carbon cycle parameters are

used in these experiments, variation in cumulative CO2

emissions will represent the effect of uncertainty in the

rate of transient temperature change on carbon cycle

feedbacks and the TCRE.

Changing the rate of transient climate change in the

model will also change the simulated patterns of ocean

circulation and precipitation. These changes will in turn

also alter the behavior of the global carbon cycle by

changing the rate of ocean carbon uptake and through

the relationship between soil moisture and respiration.

Therefore alterations of ocean circulation and precipita-

tion will be incorporated into the uncertainty in TCRE

estimated in these numerical experiments.

3. Results and discussion

a. Emulating CMIP5

If recovery of physical parameters from the CMIP5

archive and UVic ESCM emulation methods were per-

fect then global average temperature change from the

CMIP5 model output and UVic ESCM emulations

would match exactly. These methods are of course not

perfect and to quantify the magnitude of these errors we

compute the difference between the TCR from the

CMIP5 models, TCR estimated using Eq. (3), and TCR

from the UVic ESCM emulations (Table 2). The dif-

ference between the TCR computed directly from the

1% experiment from each of the CMIP5 models and the

TCR computed from Eq. (3) with the CMIP5 physical

climate parameters is the recovery error: that is, the error

that results from the imperfect ability of the methods of

Gregory et al. (2004) and Raper et al. (2002) to recover

the value of F23CO2, l, and k from archived model data.

For the 23 CMIP5 models considered here the recovery

error has a root-mean-square error (RMSE) of 0.13K

(7.0%), a mean error of 0.03K (1.6%), and a range

of 20.18K (210.3%) (GISS-E2-H) to 0.28K (14.9%)

(CNRM-CM5-2) (Table 2). The UVic ESCM emulations

are based on the recovered values of F23CO2, l, and k, so

the emulation error is the difference between the TCR

predicted from these values and the TCR computed by

the UVic ESCM based on these values. The emulation

errormeasures howwell themethods to alter the physical

climate parameters of the UVic ESCM work. Across the

23 CMIP5 models the emulation error has an RMSE of

0.05K (2.6%), a mean error of 20.03K (21.6%), and a

range of 20.09 (25.4%) (CCSM4) to 0.05K (2.2%)

(MIROC-ESM). The total error, the difference between

CMIP5 TCR and UVic ESCM emulated TCR, has an

RMSE of 0.14K (7.5%) and a mean error of 20.01K

(0.5%). These results suggest that emulation methods

work with reasonable accuracy. Therefore at the global

15 JANUARY 2017 MACDOUGALL ET AL . 819



average the modified UVic ESCM should be able to

simulate plausible rates of transient temperature change.

To examine how well the temperature emulation works

at the regional level we examine the difference in zonal

average temperature anomalies. The zonal averages are

examined here as they illustrate how well the model em-

ulates the transport of heat from tropics to the poles, a

basic feature of the climate system. The difference be-

tween the CMIP5 zonal temperature anomalies and the

UVic ESCM emulated zonal temperature anomalies are

shown in Fig. 2. Figure 2 shows that the UVic ESCM

emulation tends to be within 60.5K of the CMIP5

anomaly from about 508N to 408S. The error is larger in the
polar regions andextratropicswith up to a23-Kdifference

over the Arctic and a difference of 22 to 3K over the

Southern Ocean. Averaged over all 23 CMIP5 models the

mean error is close to zero in the tropics and negative over

the North Pole with a positive error over the Southern

Ocean. Overall the UVic ESCM reproduces the CMIP5

zonal average temperature anomalies well, especially in

the tropics.We have altered theUVic ESCM tomatch the

climate sensitivity, ocean heat uptake, and CO2 radiative

forcing of an ensemble of CMIP5 models. As the emula-

tion has been imposed using globally aggregated quantities

we expect that the simulated temperature field will diverge

at local scales, owing to the differences in model struc-

ture. Despite the large temperature bias at high latitudes,

using the UVic ESCM as a model emulator proves to be

a productive strategy for sampling the full range of

plausible future temperature fields.

b. Perturbed physics experiment

A histogram of the TCRE values from the perturbed

physics experiment is shown in Fig. 3a. The full range of

the TCRE values is from 0.49 to 3.12KEgC21 with a 5th

to 95th percentile range of 0.88 to 2.52KEgC21 and a

mean TCRE value of 1.72KEgC21. The TCRE histo-

gram has a small positive skew, likely inherited from the

long tail of the climate sensitivity PDF (Fig. 3a). The 5th

to 95th percentile range is larger than that estimated

from observational records (0.7 to 2.0KEgC21) (Gillett

et al. 2013), similar to the CMIP5 (0.8 to 2.4KEgC21)

intermodel range (Gillett et al. 2013) and broader than

the intermediate-complexity model intermodel range

(1.4 to 2.5KEgC21) (Eby et al. 2013). The 5th to 95th

percentile range is similar to the ‘‘likely’’ range given by

IPCC AR5 of 0.8 to 2.5KEgC21 (Collins et al. 2013).

Recall, however, that these experiments capture only

TABLE 2. CMIP5 TCR, recovery error, emulation error, and total error for the UVic ESCM emulation experiments. Recovery error is

the difference in TCR between that retrieved directly from the CMIP5 1% experiment and that computed from climate feedback pa-

rameter, ocean heat uptake efficiency, and radiative forcing retrieved from each CMIP5model. Emulation error is the difference between

the UVic ESCM emulated TCR and that computed from the climate feedback parameter, ocean heat uptake efficiency, and radiative

forcing. Total error is the difference between TCR from the UVic ESCM emulation and TCR from the corresponding CMIP5 model.

Model CMIP5 TCR (K) Recovery error (K) Emulation error (K) Total error (K)

ACCESS1.0 1.92 20.15 20.02 20.17

ACCESS1.3 1.63 20.04 20.01 20.05

BCC_CSM1.1 1.73 0.06 20.08 20.02

BCC_CSM1.1(m) 2.00 0.02 20.07 20.04

BNU-ESM 2.63 20.15 0.03 20.12

CanESM2 2.28 20.03 0.01 20.02

CCSM4 1.67 0.03 20.09 20.05

CNRM-CM5 2.02 0.11 0.00 0.11

CNRM-CM5-2 1.79 0.28 20.02 0.26

CSIRO Mk3.6.0 1.75 20.02 20.01 20.03

GFDL CM3 1.94 20.08 20.04 20.12

GISS-E2-H 1.73 20.18 20.08 20.26

GISS-E2-R 1.46 20.17 20.07 20.25

INM-CM4.0 1.24 20.03 20.09 20.12

IPSL-CM5A-LR 2.00 0.07 20.02 0.05

IPSL-CM5A-MR 2.01 0.12 20.04 0.08

IPSL-CM5B-LR 1.56 0.07 20.06 0.01

MIROC5 1.59 0.24 20.03 0.22

MIROC-ESM 2.27 0.24 0.05 0.29

MPI-ESM-LR 2.04 0.07 20.02 0.05

MPI-ESM-MR 2.04 0.09 20.04 0.06

MPI-ESM-P 2.02 0.03 20.02 0.01

NorESM1-M 1.41 0.03 20.07 20.04

Mean error — 0.03 20.03 20.01

RMSE — 0.13 0.05 0.14
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the uncertainty generated from the uncertainty in physi-

cal climate parameters and do not account for uncertainty

from the unperturbed parameters that control the be-

havior of the simulated carbon cycle. Therefore the range

given here is smaller than the total uncertainty in TCRE.

The range obtained here is of course somewhat sub-

jective, as there is no agreed way of defining uncertainties

in the input parameters like climate sensitivity, where

different studies come up with quite different constraints.

Figure 3b shows the cumulative emissions versus

temperature curves for the 150 model variants generated

for the perturbed physics ensemble. The curves with a

lower TCRE value visibly deviate from a straight line

over the range of cumulative emissions shown and take

on more of a logarithmic shape. Such deviation from

linearity is consistent with the concept of a TCRE win-

dow defined by MacDougall and Friedlingstein (2015).

The TCRE window is the range over which TCRE is

approximately constant in time and is defined as where

TCRE is within 95% of its peak value. MacDougall and

Friedlingstein (2015) computed diagrams of the range of

the TCRE window for an idealized set of equations de-

scribing TCRE. Although highly idealized such diagrams

help in the interpretation of the deviation from linearity

seen in Fig. 3b and therefore have been redrafted and

presented in Fig. 4 for climate sensitivity and k. Figure 4

shows that the TCRE window is larger at higher climate

sensitivity and higher values of k. Recall that higher

values of k correspond to higher ocean heat uptake and

therefore lower transient temperature change. The sub-

linear behavior of the low TCRE cumulative emission

versus temperature curves (Fig. 3b) is therefore consis-

tent with low climate sensitivity corresponding to a

smaller TCRE window. This effect should be compen-

sated to some degree by high values of k enlarging the

TCRE window. The behavior seen in Fig. 3b suggests that

the climate sensitivity effect is dominating over thek effect.

The relative contribution of the uncertainty in climate

sensitivity, ocean heat uptake efficiency, and radiative

forcing to the physical uncertainty in TCRE is shown in

Fig. 5. Figure 5 displays the correlation between the

perturbed parameters’ values and the value of TCRE.

The strongest correlation is between climate sensitivity

and TCRE with a correlation coefficient of 0.86. The

next strongest correlation is with ocean heat uptake ef-

ficiency with a correlation coefficient of20.39, followed

by radiative forcing with a correlation coefficient of 0.17.

The physical uncertainty in TCRE is therefore domi-

nated by the uncertainty in climate sensitivity, which is

the dominant source of uncertainty in the TCR (e.g.,

Collins et al. 2013) that enters the definition of TCRE

[Eq. (1)]. The uncertainty in ocean heat uptake effi-

ciency also contributes significantly to the uncertainty in

TCRE while the uncertainty in radiative forcing has

only a small contribution to the overall uncertainty,

likely owing to the uncertainty in radiative forcing from

CO2 being well constrained relative to other radiatively

active substances (e.g., Myhre et al. 2013).

FIG. 3. (a) Histogram of TCRE from the perturbed physics en-

semble experiment. Mean value is 1.72KEgC21. (b) Cumulative

emissions vs temperature curves for all 150 model variants. Indi-

vidual model variants are in gray, solid black line is the mean, and

dashed lines are the 5th and 95th percentiles.

FIG. 2. Difference in zonally averaged temperature anomalies

between CMIP5 model and UVic ESCM variant given the same

climate feedback parameter, ocean heat uptake efficiency, and

radiative forcing of theCMIP5models (gray lines). Black line is the

average of the difference across all 23 CMIP5 models.

15 JANUARY 2017 MACDOUGALL ET AL . 821



When TCRE is computed from year 70 of the 1%

experiment (as is done here) then TCRE is equivalent to

L5 TCR/E23, whereE23 is cumulative emissions at the

point in time when atmospheric CO2 concentration is

double its preindustrial value. As a simple relationship

exists to describe TCR from the parameters we have

perturbed [Eq. (3)], a perturbed physics ensemble is not

needed to derive uncertainty in TCR from the un-

certainty in climate sensitivity, ocean heat uptake effi-

ciency, and radiative forcing. However, there are limits

to such simple energy balance models (Knutti and

Rugenstein 2015), and it is worth testing whether those

relationships hold in more physically based and spatially

resolved models. Here we are interested in the effect of

the uncertainty in transient temperature change on the

carbon cycle and therefore on cumulative emissions

E23. Figure 6a shows the relationship between TCR and

E23 for the 150 model variants. Figure 6a demonstrates

that there is a near-linear relationship between TCR and

E23with high TCR corresponding to lowE23. Figure 6b

shows the relationship between TCR and the cumulative

airborne, oceanborne, and landborne fraction of emit-

ted carbon in year 70 of the 1% experiment for all 150

model variants. As we expect given the lower cumula-

tive emissions with higher TCR, the airborne fraction of

carbon increases for higher values of TCR. The higher

airborne fraction is in turn being driven by a lower

landborne fraction of carbon with higher TCR. The

oceanborne fraction of carbon is not a strong function of

TCR and is near constant in all experiments. Therefore

the uncertainty in TCR is being magnified by tempera-

ture sensitive terrestrial carbon cycle feedbacks into an

even larger uncertainty in TCRE. Figure 6c breaks the

landborne fraction into contributions from vegetation

FIG. 4. TCRE windows for ocean heat uptake efficiency k and climate sensitivity computed using the idealized

equations of MacDougall and Friedlingstein (2015). The TCREwindow is the parameter values over which TCRE

is approximately constant and is defined as where TCRE is within 95% of its peak value.

FIG. 5. Relationship between TCRE and the three perturbed physical climate parameters. Dots are individual model variants and the red

lines are lines of best fit; R is the correlation coefficient.
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and soil carbon. Higher TCR correlates with a lower

fraction of carbon in soils, as one would expect from

enhanced soil respiration. The fraction of carbon taken

up by vegetation declines slightly at higher TCR.

The version of the UVic ESCM used for the present

model experiments is one of the few ESMs or EMICs to

include a permafrost carbon module (Schuur et al.

2015). Therefore whether the relationship between TCR

and soil carbon originates from the permafrost carbon

pool or carbon in temperate and tropical soils is of in-

terest. A recent study using the same version of theUVic

ESCM showed that the release of carbon from perma-

frost soils significantly reduces the cumulative CO2

emissions compatible with realistic emissions scenarios

(MacDougall and Knutti 2016b). However, under the

idealized 1% experiment used here permafrost makes

only a small contribution of carbon to the atmosphere.

In year 70 of the 1% experiment the Northern Hemi-

sphere permafrost region had lost a mean of 8PgC,

with a 5th to 95th percentile range of25 to 22 PgC. That

is, in a minority of the simulations the soils of the per-

mafrost region actually gained carbon by year 70 of the

1% experiment. A long time lag between a change in

forcing and the response of the permafrost carbon sys-

tem is a characteristic property of the system in model

simulations (e.g.,MacDougall andKnutti 2016b; Schneider

von Deimling et al. 2015). It appears from the present

simulations that the 1% experiment warms too fast for the

permafrost system to react.

Evaluating TCRE at year 70 of the 1% experiment

may not be the best choice for computing TCRE for

carbon budgets and model intercomparison projects if

such evaluations intend to account for the permafrost

carbon feedback accurately. Similarly other modeling

studies have suggested that ocean carbon cycle feed-

backs become stronger later in multicentennial simula-

tions (Randerson et al. 2015). Given these drawbacks

and more general concerns about the physical consis-

tency within ESMs of using diagnosed emissions to

compute TCRE we recommend that in future model

intercomparison projects TCRE be computed for ide-

alized emissions-driven simulations. These idealized ex-

periments could take the form of constant emission rate

experiments, such as those performed by Nohara et al.

(2013), Krasting et al. (2014), and MacDougall and

Friedlingstein (2015), or bell-curve-shaped closed emis-

sions trajectories, such as those used by MacDougall and

Knutti (2016a).

The effect of transient temperature uncertainty on the

carbon cycle in the simulations presented here is con-

tingent on the structure of the carbon cycle in the UVic

ESCM. Similar experiments conducted with another

EMIC should yield the same range in TCR but different

compatible cumulative emissions and therefore a dif-

ferent range of TCRE uncertainty.

As shown in Fig. 2 the UVic ESCM has persistent

high-latitude temperature change biases with respect to

other ESMs, with too little warming in the Arctic and

too much warming over the Southern Ocean. The high

latitudes comprise a relatively small fraction of Earth

but are disproportionally important to feedbacks to

FIG. 6. (a) Relationship between TCR and cumulative emissions

of CO2 in year 70 of the 1% experiment. Each dot is a model

variant. (b) Relationship between TCR and airborne, oceanborne,

and landborne fraction of carbon in each of the model variants.

(c) Subdivision of the landborne fraction into soilborne and vege-

tationborne fraction of emitted carbon. Note that the vertical scale

is different from (b).
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climate change because of the ice-albedo feedback, the

large reservoir frozen permafrost carbon, and the loca-

tion of the deep-water formation sites (e.g., Vaughan

et al. 2013). Therefore when using perturbed parameter

approaches with the UVic ESCMwe can expect that the

model will underestimate critical thresholds for Arctic

feedbacks and overestimate such thresholds for feed-

backs originating in the Southern Ocean.

WIDER IMPLICATIONS

The model experiments conducted here capture only

part of the uncertainty in the value of TCRE. We have

only perturbed three physical climate parameters and

left most of the hundreds of parameters that control the

behavior of the UVic ESCM at their default values. Of

particular importance for quantifying the uncertainty in

TCRE are the parameters that control the terrestrial

and oceanic carbon cycles. Perturbed parameter exper-

iments conducted with other Earth system models

(Booth et al. 2012) suggest that the uncertainty from the

terrestrial carbon cycle alone is larger than the inter-

model range for the carbon cycle response. It is our in-

tention in future studies to perturb key parameters that

control the behavior of the simulated terrestrial and

oceanic carbon in the UVic ESCM to help assess the

parameter-derived uncertainty of the carbon cycle

component of the TCRE uncertainty.

A second source of uncertainty that we cannot ac-

count for in this study is structural uncertainty—that is,

the uncertainty that originates from the difference be-

tween the system a model intends to represent (the

natural Earth system) and the system that the model

code actually describes (Smith 2007). Structural un-

certainty is assessed by comparing the output of differ-

ent models of the same system and is constrained by

assuring that each model can adequately reproduce

features of the system being simulated. For ESMs

structural uncertainty is what is assessed when ensem-

bles of opportunities such as the CMIP5 archive are

examined, although not in a systematic way (Tebaldi

and Knutti 2007). Therefore the range of TCRE given

by the CMIP5 archive is an indication of the uncertainty

in TCRE that originates from our imperfect description

of the Earth system in ESMs, as well as each CMIP5

model’s internal variability. In principle a model in-

tercomparison project of comprehensive perturbed

physics experiments could be conducted to assess both

structural and parameter uncertainty. However, such a

project remains outside the computational resources

available even for an EMIC intercomparison project.

We have not assessed the full uncertainty in TCRE

originating from the uncertain value of parameters in

the UVic ESCM, and therefore we cannot give an

estimate for the carbon budget compatible with a given

probability of not breaching a chosen temperature change

target.However,we can glean someuseful insight from the

physical component of the TCRE uncertainty. Of interest

is that the 5th to 95th percentile range of the TCRE from

our experiments (0.88 to 2.52KEgC21) is similar to the

intermodel range for TCRE from the CMIP5 experiments

and the parallel EMIC model intercomparison (0.8 to

2.5KEgC21). Since the range from the experiments con-

ducted here quantified part of the parameter uncertainty

in TCRE, while the intermodel range quantifies part of the

structural uncertainty in TCRE, the fact that the two

ranges are of similar value suggests that the intermodel

range underestimates the full range of uncertainty in the

TCRE. That is, the total uncertainty in TCRE is a com-

bination of structural and parameter uncertainty; because

both uncertainties are greater than zero their sum will be

larger than either uncertainty individually.

The carbon budgets presented in IPCC AR5 were

computed assuming that the TCRE range represents

only a 66% probability range (Collins et al. 2013). To

estimate the carbon budgets, IPCC AR5 also made the

assumption that the uncertainty is normally distrib-

uted, which does seem to be consistent with the simu-

lations presented here. Therefore the carbon budgets

presented in Collins et al. (2013) remain consistent with

the present understanding of uncertainty in TCRE.

4. Conclusions

Here we have assessed the uncertainty in the TCRE

originating from uncertainty in the rate of transient

temperature change within a perturbed physics ensem-

ble framework. First we have tested whether the UVic

ESCM could replicate the temperature anomalies of

CMIP5 models when given the radiative forcing, cli-

mate sensitivity, and ocean heat uptake efficiency of each

CMIP5 model. The UVic ESCM emulation methods

closely reproduce temperature change at the global av-

erage and do a reasonable job of reproducing tempera-

ture anomalies at the zonal average. The match is better

in the tropics than at the extratropics or polar regions.

The perturbed physics ensemble experiment gave a

mean estimate of TCRE of 1.72KEgC21, with a 5th to

95th percentile range of 0.88 to 2.52KEgC21. This range

is similar to the likely range estimated in IPCC AR5.

The histogram of the TCRE values is close to normally

distributed with a small positive skew. The temperature

uncertainty in the TCRE is magnified by the effect of

temperature on carbon cycle feedbacks such that high

transient temperature change model variants also ex-

hibit stronger positive carbon cycle feedbacksmagnifying

the uncertainty in TCRE. These carbon cycle feedbacks
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are dominated by the terrestrial carbon cycle with the

ocean having little response to the rate of near-surface

temperature change.Our experiments cannot account for

the uncertainty from our model’s imperfect representa-

tion of the global carbon cycle and uncertainty from the

uncertain value of model parameters that control the

simulation of the carbon cycle. Therefore we have only

estimates of part of the total uncertainty in TCRE.

Evaluating the uncertainty in TCRE is paramount for

making well-informed estimates of the carbon budget

associated with a high probability of staying below a

chosen temperature change threshold. Therefore there

is a need to use many methods, experiments, and in-

tercomparison projects to evaluate the uncertainty in

TCRE and to eventually reduce this uncertainty. The

probabilistic approachpresentedhere, based ona relatively

complex and spatially resolved EMIC complements results

from mostly simpler models and ensembles of opportunity

of full ESMs that are hard to interpret in terms of un-

certainty. Combined with a probabilistic carbon cycle our

method could be an efficient tool for quantification of un-

certainty in futurewarming and carbon budgets compatible

with chosen temperature targets such as the 28 and 1.58C
targets from the Paris Agreement (United Nations 2015).
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APPENDIX

Emissions-Driven versus Concentration-Driven
Simulations

To check whether the above experiments would be

substantially different if we used emissions-driven simu-

lations as opposed to concentration-driven simulations

we forced the standard version of the UVic ESCM with

emissions diagnosed from the 1% experiment. Figure A1

shows the global average CO2 and temperature trajec-

tories for the emissions-driven experiment and the stan-

dard 1% experiment along with the difference between

the two. The two experiments have a slightly different

atmospheric CO2 concentration, with the emissions-

driven simulation lagging the concentration driven sim-

ulation by about 0.35ppm. The difference in temperature

is on the order of 5mK and therefore is negligible.
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