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Abstract we analyze the carbon-climate feedback in eight Earth System Models from phase 5 of
the Coupled Model Intercomparison Project (CMIP5). We focus on tropical land carbon change and find
decreases (—31.02 to —169.32 GtC K™ ") indicating tropical ecosystems will release carbon as temperature
warms, thus contributing to a positive feedback identified in earlier studies. We further investigate the
relationship between tropical land carbon change and sensitivity of historical atmospheric CO, growth rate
to tropical temperature variability and find a weak linear relationship. This sensitivity for most models is stronger
than observed. We further use this “emergent constraint” to constrain uncertainties in model-projected
future carbon-climate changes and find little effect in narrowing the model spread, but the mean sensitivity is
slightly smaller. This contrasts with earlier Coupled Carbon Cycle Climate Model Intercomparison Project
results, highlighting the challenge in constraining future projections by modern observations and the necessity
for evaluating such relationships continuously.

1. Introduction

The terrestrial ecosystem will exert a positive feedback effect on future global warming [Cox et al., 2000;
Dufresne et al., 2002; Zeng et al., 2004; Friedlingstein et al., 2006]. The land carbon sink will be affected by the
elevated atmospheric CO, concentration and the changes in temperature and other climate elements.
Friedlingstein et al. [2006] found that carbon-climate feedback is positive in all the 11 models of the Coupled
Carbon Cycle Climate Model Intercomparison Project (C*MIP), albeit with a large spread. This feedback is
largely attributed to the changes in photosynthesis, respiration, and demographic processes that influence
the carbon residence time in vegetation [Friend et al., 2014], but the relative roles of different processes vary
greatly from model to model. One major factor is the sensitivity of land carbon to temperature increase
[Booth et al.,, 2012]. The majority of the coupled carbon cycle models in C*MIP simulate a reduction of land
carbon sequestration over the tropics [Friedlingstein et al., 2006]. Cox et al. [2004] projected the Amazonian
forest dieback for the 21st century, induced by warming and drought. However, recent simulations indicated
much lower risk of dieback from the Amazonian rainforests [Huntingford et al., 2013], but increased tree
mortality in response to severe drought in 2005 and 2010 is occurring [Marengo et al., 2008, 2011; Zeng et al.,
2008; Phillips et al., 2009]. In the most recent phase 5 of the Coupled Model Intercomparison Project (CMIP5),
the level of uncertainty in the carbon cycle appears not to have been reduced [Friedlingstein et al., 2013; Shao
et al., 2013; Hoffman et al., 2014]. Thus, it is critically important to use modern and past observations to
constrain the carbon-climate uncertainty [Cox et al., 2013; Hoffman et al., 2014].

In an elegant statistical analysis, Cox et al. [2013] used the observed historical sensitivity of the atmospheric
CO, growth rate to tropical temperature variability [Bacastow, 1976] to constrain the uncertainty of the
tropical land climate impact. Using results from six fully coupled carbon-climate models from the c*mip
project, they found a remarkable linear relationship between the simulated historical sensitivity of the CO,
growth rate and the sensitivity of tropical land carbon sequestration to tropical temperature warming. They
were then able to use this linear relationship in a Bayesian framework to narrow the uncertainty range in
these models’ future projections.

Here we apply a similar approach to investigate the sensitivity of tropical land carbon sequestration to
tropical temperature warming and the sensitivity of the historical atmospheric CO, growth rate to tropical
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temperature interannual variability (IAV) but through using eight Earth System Models (ESMs) involved in
CMIP5. The model simulations we use are the emissions-driven fully coupled and ideal concentration-driven
biogeochemical coupled runs. Our main goal is to test to what degree modern observations of CO,
variability can be used to constrain future carbon-climate feedback, in particular how such capability
depends on model choice.

2. Models and Methodology
2.1. ESMs in CMIP5

We use eight available ESMs in CMIP5 to make this analysis. The components of the carbon cycle and their
resolutions are summarized in Table S1 in the supporting information. The names of the ESMs are as
follows: (1) bcc-csm1.1 (Beijing Climate Center) [Wu et al., 2013]; (2) CanESM2 (Canadian Center for Climate
Modeling and Analysis) [Arora et al., 2011]; (3) CESM1-BGC (National Center for Atmospheric Research)
[Hurrell et al., 2013; Keppel-Aleks et al., 2013]; (4) FGOALS-s2 (Institute of Atmospheric Physics) [Bao et al.,
2013; Wang et al., 2013]; (5) GFDL-ESM2M (NOAA Geophysical Fluid Dynamics Laboratory) [Dunne et al.,
2013]; (6) HadGEM2-ES (Met Office Hadley Center) [Collins et al., 2011; Jones et al., 2011]; (7) MPI-ESM-LR
(Max Planck Institute for Meteorology) [llyina et al., 2013]; and (8) NorESM1-ME (Norwegian Climate Center)
[Tjiputra et al., 2012].

2.2. Approaches for the Carbon-Climate and Carbon Concentration Feedback Parameters

Following previous studies [Friedlingstein et al., 2003, 2006], a linear assumption is made to infer the
dependences of tropical land carbon change on the change of atmospheric CO, and of tropical mean
temperature. We obtain the carbon concentration and carbon-climate feedback parameters based on two
experiments in CMIP5 [Taylor et al., 2012]: (1) the fully coupled run forced by prescribed anthropogenic
emissions with historical CO, emissions of fossil fuels [Andres et al., 2011] and land use change [Houghton,
2010] as well as 21st century emissions for the representative concentration pathway 8.5 (RCP8.5) [Riahi
et al., 2007] and (2) the biogeochemical coupled run with the carbon cycle forced by CO, at a rate of a 1%
increase per year from the preindustrial value (284.725 ppm) to 4 times that value, but the radiation code
sees a time-invariant preindustrial CO, concentration. The formulae are written as follows:

1. Fully coupled run

OH* = poCO5 + yoT™; M
2. Biogeochemical coupled run

SHY = B6CO5 + poT ™, (2)

where 6H" and 6 H" denote the changes of the tropical land carbon storage (30°5-30°N) in the fully coupled run
from 1960 to 2099 and the biogeochemical coupled run from model year 1 to 140, respectively.6CO; and 6CO5
denote the changes of the atmospheric CO, concentration, and JT* and 6H" represent the changes of the
tropical mean temperature in the two runs. Because there is no radiative forcing in the biogeochemical coupled
run, the temperature change (0H") is small but not 0. This small temperature change can be attributed to the
change of vegetation structure and distribution along with the atmospheric CO, increase. f and y are the
sensitivities of tropical land carbon sequestration to atmospheric CO, effects and to climate change,
respectively. Assuming they hold constant in the two kinds of coupled runs, we can deduce their values.

2.3. Anomalies of the Atmospheric CO, Growth Rate and Tropical Mean Temperature

We take the combination of the globally averaged marine surface annual mean CO, data from National Oceanic
and Atmospheric Administration (NOAA)/Earth System Research Laboratory (www.esrl.noaa.gov/gmd/ccgg/
trends/) for 1980 to 2010 and the historical data sets from the RCP scenarios [Meinshausen et al., 2011] for 1960
to 1979 as the observed CO, concentration. The atmospheric CO, growth rates of the observation and ESM
simulations are calculated as

dco
2| =C0y(n) — COz(n — 1), 3)
dt |,
where n denotes the nth year.
WANG ET AL. ©2014. American Geophysical Union. All Rights Reserved. 2
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Figure 1. Changes of tropical near-surface air temperature, tropical land carbon pools (30°S-30°N), and atmospheric CO,
concentration, simulated by eight Earth System Models (ESMs) participating in CMIP5, in the (a, ¢, e) fully coupled and (b, d, f)
biogeochemical coupled runs, respectively. The carbon cycle in the biogeochemical run is forced by the atmospheric CO,

concentration at a rate of 1% increase per year from the preindustrial value (284.725 ppm) to 4 times the initial concentration,
so Figure 1d only presents one curve demonstrating the ideal change of the CO, concentration. And the black bar in Figure 1d
shows the mean CO, concentration change in C*MIP models for the uncoupled run from 1960 to 2099 [Cox et al., 2013]. The
GFDL-ESM2M model increases its CO, only to the double (70 years) according to its experimental design, and we take the first
70 years to make the analysis (blue curve in Figures 1b and 1f). In all but Figure 1d, the black curve shows the median value.
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Table 1. Changes of Physical Variables in the Climate-Carbon Cycle Projections®

Biogeochemical Coupled Run Fully Coupled Run

Model SHT(GtO) STT(K) 5CO5  (ppm) SHH(GEC) ST*(K) 5CO5*(ppm) B (GtCppm ™) 7 (GtCK™)
bcc-csm1.1 576.14 0.17 850.54 25522 3.55 594.93 0.69 —4307
CanESM2 5399 0.18 850.54 12.09 527 669.43 0.65 —80.50
CESM1-BGC 134.34 024 850.54 ~11238 403 750.19 0.18 —60.57
FGOALS-s2 3748 —0.09 850.54 —137.32 526 633.95 0.04 ~31.02
GFDL-ESM2M 265.76 0.09 288.08 7.43 337 592,62 098 ~169.32
HadGEM2-ES 533.29 0.79 850.54 7247 452 607.8 0.70 ~78.02
MPI-ESM-LR 66243 0.05 850.54 —9.78 441 584.95 079 ~106.35
NorESM1-ME 123.85 0.13 850.54 ~126.23 367 7177 0.16 —64.81

aChanges of the tropical land carbon pools (JH), tropical near-surface air temperatures (67) (30°S-30°N), and atmospheric CO, concentrations, produced by
Earth System Models (ESMs) participating in phase 5 of the Coupled Model Intercomparison Project (CMIP5), and corresponding sensitivities of tropical land
carbon sequestrations to the direct CO, effect and to climate warming.

The observed tropical mean temperature is derived from the HadCRUT3 data set [Brohan et al., 2006]. Annual
mean temperature is calculated following Cox et al. [2013]:

= T(n)+T(n—1
T(n) = M7 (4)
2

where T(n) denotes the tropical mean temperature centered on the beginning of the nth year. The anomalies
of atmospheric CO, growth rate and tropical mean temperature are calculated as the residuals of original

variations of the time series from the results of the 11 year running mean.

3. Results
3.1. Tropical Land Carbon Concentration and Carbon-Climate Feedback Parameters

In order to obtain the tropical land carbon concentration and carbon-climate feedback parameters, we
investigate the changes of tropical temperature, tropical land carbon storage, and atmospheric CO,
concentration in the eight CMIP5 ESMs (Figure 1). This set of models contains largely the same but not
identical models as in some other recent CMIP5 model analyses [Arora et al., 2013; Friedlingstein et al., 2013],
due to limitation in model availability for each analysis. The left column shows the results from the fully
coupled run and the right column from the biogeochemical coupled run. The simulated atmospheric CO,
concentration in the emissions-driven fully coupled run (Figure 1c) shows an accelerated increase, mainly
caused by anthropogenic emissions (RCP8.5) [Meinshausen et al., 2011] and partially caused by the slowdown
of terrestrial carbon uptake, even as a carbon source (Figure 1e). The uncertainty across the ESMs, ranging
between 584.95 ppm (MPI-ESM-LR) and 750.19 ppm (CESM1-BGC) (difference between the average of the
last 10 years and that of first 10 years; Table 1), results from the various responses of the land and ocean
carbon cycle components in each model. The radiative forcing induced by the atmospheric CO,
concentration will contribute to global warming. The change in tropical temperature (Figure 1a) also shows
an accelerated increase, with the range from 3.37 K (GFDL-ESM2M) to 5.27 K (CanESM2). The discrepancy
between the atmospheric CO, and tropical temperature increase indicates the different climate sensitivities
in the ESMs. Tropical terrestrial carbon storage will increase due to strong vegetation photosynthesis via the
CO, fertilization effect under the high CO, concentration and will decrease because of reduced primary
productivity owing to the warming temperature as well as regional droughts and enhanced respiration
mainly caused by the warming temperature [Cox et al., 2000; Friedlingstein et al., 2006; Zhao and Running,
2010]. Figure 1e shows the variations of tropical land carbon storage in ESMs with the increase in temperature
and atmospheric CO, concentration. Discrepancies occur among the eight ESMs, in that half of them serve
as a carbon source in the late 21st century, while the other half remain as a carbon sink. Up to 2099, the
strongest release from tropical land carbon storage is —137.32 GtC (FGOALS-s2) and the strongest uptake is
255.22 GtC (bcc-csm1.1).

In the biogeochemical coupled run, the carbon cycle is forced by CO, at a rate of a 1% increase per year from
the preindustrial value to 4 times that value (Figure 1d) in all but GFDL-ESM2M (in which it increases to double
the CO, concentration). The atmospheric CO, change (850.54 ppm) is stronger than the mean change
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Figure 2. (a-i) The sensitivity of the anomaly in the atmospheric CO, growth rate (dCO,/dt) to the anomaly in tropical near-surface air temperature from 1960 to
2010. The post-volcano years are excluded due to the strong climate perturbations caused by volcanic eruptions (blue dots). The symbol (*) appearing in the
coefficient of the determination (RZ) indicates the regression is not significant (p > 0.05).

(448.5 ppm) in C*MIP for the uncoupled runs from 1960 to 2099 [Cox et al., 2013]. But the radiation code sees
a constant value (284.725 ppm). In the absence of radiative forcing, the tropical temperature shows only a
slight increase (Figure 1b), likely due to changes in vegetation structure (leaf area index, vegetation height
etc.) and distribution. All models agree that tropical land (Figure 1f) sequesters carbon due to the CO,
fertilization effect alone. However, the strength of the sequestration is very different, ranging from 37.48 GtC
(FGOALS-s2) to 662.43 GtC (MPI-ESM-LR). Nevertheless, the accumulation of tropical carbon storage in the
biogeochemical coupled run is significantly stronger than in the fully coupled run. This further suggests the
carbon-climate feedback will inhibit the carbon uptake over the tropical land.

We can obtain the sensitivities of the tropical terrestrial carbon concentration and carbon-climate feedbacks
(Table 1 and Figure S1) according to equations (1) and (2). The sensitivities of the carbon concentration
feedback (8 GtC ppm™~") across the ESMs are positive as a result of the enhancement of primary production
under CO, fertilization, whereas the sensitivities of the carbon-climate feedback (y GtC K~ are negative due
to the suppressed primary production and increased respiration. Both sensitivities show a large spread.
FGOALS-s2 generates the weakest sensitivity of carbon concentration feedback (0.04 GtC ppm™"), while
CESM1-BGC and NorESM1-ME have similar magnitudes (0.18 and 0.16 GtC ppm™') because they both adopt
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Table 2. The Interannual Variability From 1960 to 2010%

Model o(T) (K) o(dCOy/dt) (GtCyr ") IAV Sensitivity (GtCyr™ ' k™)
bcc-csm1.1 0.09 1.75 12.83£2.65
CanESM2 0.14 1.88 1008+ 1.46
CESM1-BGC 0.11 0.82 030+1.21
FGOALS-s2 0.11 0.81 6.22+0.56
GFDL-ESM2M 0.16 337 16.53+2.34
HadGEM2-ES 0.15 137 7.20+1.02
MPI-ESM-LR 0.18 1.25 532+0.80
NorESM1-ME 0.12 06 1,97 £0.80
Obs 0.11 08 4924095

#The sensitivity of the atmospheric CO5 annual growth rate to the tropical near-surface air temperature variability
from 1960 to 2010. All the calculations exclude post-volcano years (1963, 1964, 1982, 1983, 1992, and 1993) owing to
the climate perturbations caused by volcanic eruptions. The second and third columns are the standard deviations of
the anomalies in the tropical near-surface air temperature and atmospheric CO, annual growth rate, respectively.

the community land model version 4 [Lawrence et al., 2011] as the land component that includes the carbon-
nitrogen interactions. The nitrogen limitation [Thornton et al., 2007] can reduce the CO, fertilization effect.
The sensitivities of carbon concentration feedback in the other ESMs are stronger. On the other hand, the
sensitivities of carbon-climate feedback also vary among the ESMs, ranging from —31.02 GtCK ™' (FGOALS-s2)
to —169.32 GtCK ™' (GFDL-ESM2M).

3.2. Interannual Response of Atmospheric CO, Growth Rate to Tropical Temperature Variability

The atmospheric CO, growth rate shows an unambiguous IAV and a close relationship with tropical
temperature variability [Bacastow, 1976]. This relationship in the observation and ESMs is presented in
Figure 2, with post-volcano years excluded because the climate perturbations induced by volcanic eruptions
can alter the IAV of the atmospheric CO, growth rate through the diffuse light effect [Mercado et al., 2009].
The standard deviations of anomalies in the atmospheric CO, growth rate and tropical temperature are 0.11 K
and 0.80 GtCyr~' (Table 2), with the sensitivity being 4.92 +0.95 GtCyr~' K~ for the observation (Figure 2a).
The IAVs of tropical temperature across the ESMs are comparable to the observation, whereas large
uncertainties, from 0.6 GtC yr’1 (NorESM1-ME) to 3.37 GtC yr’1 (GFDL-ESM2M), occur in the variabilities of
the atmospheric CO, growth rate (Table 2). Figures 2b-2i show that the sensitivity between the anomaly
in the atmospheric CO, growth rate and that in tropical temperature varies across the ESMs. In all but
two, the sensitivities simulated by the ESMs are higher than in the observation, with the maximum value
(16.53 GtCyr~'K™") in GFDL-ESM2M. These higher sensitivities account for the stronger IAV of the
atmospheric CO, growth rate in the majority of the ESMs. The sensitivity generated by CESM1-BGC is
statistically insignificant, with a value of 0.30+1.21 GtC yr_1 K=", owing to the insignificant dependence
of the air-land carbon flux on the tropical mean temperature variability in this model (figure is omitted).
The sensitivity in NorESM1-ME also turns out to be relatively weaker (1.97 +0.80 GtCyr—'K™).

3.3. Relationship Between Climate Impact and Sensitivity of the CO, Growth Rate

Based on analyses in six general circulation models participating in C*MIP, Cox et al. [2013] found a
strong linear relationship between the sensitivity of the atmospheric CO, growth rate and tropical land
carbon-climate feedback parameters, reproduced in Figure 3c. With this model-derived linear relationship,
they used the observed sensitivity of the atmospheric CO, growth rate to constrain the modeled
carbon-climate feedback parameters through the conditional probability approach (see Appendix A).
The constraint sharpens the probability density function (PDF) and also, importantly, shifts the mean to a
lower value (Figure 3d).

Our analysis with the eight CMIP5 ESMs is shown in Figures 3a and 3b. There is a linear relationship, but it is
weak; in fact, it is not statistically significant (p = 0.25). As a result, our posterior PDF has nearly the same large
spread as the prior PDF. Interestingly, the mean sensitivity shifts to a lower value (Figure 3b), in the same
direction of the C*MIP results, albeit much smaller. The differing statistical responses to the sensitivity of
atmospheric CO, growth rate and tropical land climate impact between C*MIP models and CMIP5 models
indicate that the uncertainty in the carbon-climate sensitivity cannot be reduced in the latter set of models
using the emergent constraint approach applied by Cox et al. [2013] for the former set of models.
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Figure 3. The relationship between the climate impact on tropical land carbon and the sensitivity of the CO, growth rate and
the emergent constraint on the probability density function (PDF) of the climate impact. (a) Results in the CMIP5 ESMs with an
insignificant linear relationship (p=0.25); (c) Coupled Carbon Cycle Climate Model Intercomparison Project (C4MIP) results
with an elegant linear relationship (p < 0.001), as shown by Cox et al. [2013]. The error bars show the uncertainties in the
sensitivity of the CO, growth rate, and the gray shaded columns present the observation constraint (4.92 + 0.95 GtC yr71 K.
(b, d) A Gaussian distribution of the original climate impact parameters (red solid line) on the basis of an assumption that
all the models’ results are equally correct (excluding CESM1-BGC owing to the insignificant sensitivity of the CO, growth
rate in CMIP5); the black solid line denotes the constrained PDF via the relationship between the climate impact and
sensitivity of the CO, growth rate across the models.

4. Discussion

The magnitude of the carbon-climate or carbon concentration feedback parameters varies with the state of
the system, the formulism adopted, the scenario forced, and the specifications of CO, from anthropogenic
emissions or as atmospheric concentrations [ Boer and Arora, 2012; Arora et al., 2013]. Besides the fully coupled run,
the carbon-climate parameter in Cox et al. [2013] is determined by the uncoupled run in which the land and ocean
carbon cycles are insensitive to the climate change induced by the Special Report on Emissions Scenarios (SRES) A2
scenario [Nakicenovic et al., 2000] of anthropogenic CO, emissions. This uncoupled run is totally different from
the biogeochemical run used here to obtain the carbon-climate parameter in the CMIP5 ESMs. Differences in these
two runs are as follows: (1) emissions-driven uncoupled run in C*MIP and concentration-driven biogeochemical
run in CMIP5 and (2) the SRES A2 scenario of anthropogenic CO, emission in C*MIP and ideally an increase at a rate
of 1% atmospheric CO, concentration in CMIP5 (Figure 1d). The forced scenarios and specifications of CO, from
emissions or prescribed atmospheric concentrations will exert large impacts on the magnitude of the carbon-
climate feedback parameter. Besides these differences in the experimental designs, there have to be other
potential differences as well, including the models considered, how land use is accounted for, parameterizations
across model versions, and so on. These differences may partly explain why the constraint does not emerge
in CMIP5 ESMs, while it is significant for the C*MIP models. Under the limitations in the CMIP5 experimental
designs [Taylor et al., 2012], we cannot test the “emergent constraint” of Cox et al. [2013] more precisely.
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5. Concluding Remarks

In summary, the climate sensitivities of tropical land carbon in CMIP5 ESMs are all negative, suggesting that
the temperature warming alone will make tropical land release carbon into the atmosphere. The majority of
the sensitivities of the atmospheric CO, growth rate to tropical mean temperature are stronger in the ESMs
than in the modern observations. Unlike the earlier C*MIP models, there is only a weak linear relationship
(p=0.25). As a result, the uncertainty of climate impact in the CMIP5 ESMs can barely be reduced using the
constraining approach of Cox et al. [2013]. Besides such model dependence, physical considerations also
suggest that some processes involving longer-term adjustment in, for example, photosynthesis, nitrogen
limitation, soil turnover, and tree demographic responses may not manifest themselves on interannual time
scales [Zeng et al., 2004; Matthews et al., 2005; Hungate et al., 2013; Friend et al., 2014]. Reversely, these
processes make the carbon cycle biases persist on decadal time scales [Hoffman et al., 2014]. Therefore, it
remains a major challenge to use modern observations to constrain future carbon cycle responses and
interaction with climate. Scientifically, these emergent constraints must be continuously evaluated to
determine how well they hold as results from new model intercomparison experiments become available.

Appendix A: Linear Least Squares Fitting and the PDF Method for Carbon-Climate
Impact (y)

The linear least squares fitting is the simplest and most commonly applied technique. For a linear fit, y;= a + bx; + ¢;,
where a and b denote the intercept with the y axis and the gradient, respectively. The x; and y; are the two
series. The ¢; denotes the error between the actual vertical point, y; and the fitting point, (&; = y; — y,). Let

n

S = »_(X; —X),
i=1
n

SSy = Z(Yi =¥, ,
i=1
n

SS9 =D _(xi = %) (y; = )-

i=1

where X and y denote the mean of the time series.

According to the maximum likelihood estimation, the regression coefficient b= SSxy/SSx: and a is given in

terms of G = y — bx. We define s? as an estimator for the variance in ;

n, ¢ S5, —SS2 /55
2 8, _ yy $9% XX
S_Zn—z n-—2 '

The standard error for b is given as 0, = 5/+/S5x, which defines a Gaussian probability density for b:

P(b) ~N(b,02).

1 (Xi_’_()2 2
1T+—4+—r1s5 ).
Jrn+ SSxx
(x=%)

Let 02 = [1 +14 ;} s2; the probability density of ¥ given x is

The prediction error at x — x; is given as

P()A/f f(Xi)) NN(O,

SSxx
P(Y|x) ~N(f(x),07).
Because of the emergent significant linear relationship between the carbon-climate feedback parameter of tropical
land carbon sequestrations (y.1) and the sensitivity of historical atmospheric CO, growth rate to tropical
temperature variability (Vcoz) in Cox et al. [2013], we can deduce the probability density of yr given ycq,, namely,

P(yLT|yCO2 ). Additionally, the linear relationship between the observed annual anomalies in the atmospheric CO,
growth rate and the tropical mean temperature provides the observation-based probability density of yc,,, and so

Pyr) = Jin(VLTWcoz)P(Vcoz)d)’coz~
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