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Abstract. The response of the global climate-carbon cycle system to anthropogenic perturbations happens differently at differ-
ent time scales. The unraveling of the memory structure underlying this time-scale dependence is a major challenge in climate
research. Recently the widely applied a-3-y framework proposed by Friedlingstein et al. (2003) to quantify climate-carbon
cycle feedbacks has been generalized to account also for such internal memory. By means of this generalized framework, we
investigate the time-scale dependence of the airborne fraction for a set of Earth System Models that participated in CMIP5
(Coupled Model Intercomparison Project Phase 5):-the-. The analysis is based on published simulation data from C*MIP-type
experiments with these models. Independently of the considered scenario, the proposed generalization describes at global scale
the reaction of the climate-carbon system to sufficiently weak perturbations. One prediction from this theory is how the time-
scale resolved airborne fraction depends on the underlying feedbacks between climate and carbon cycle. These feedbacks are
expressed as time-scale resolved functions depending solely on analogues of the «, 3, and ~y sensitivities, introduced in the
generalized framework as linear response functions. In this way a feedback-dependent quantity (airborne fraction) is predicted
from feedback-independent quantities (the sensitivities). This is the key relation underlying our study. As a preparatory step,
we demonstrate the predictive power of the generalized framework exemplarily for simulations with the MPI Earth System
Model. The whole approach turns out to be valid for perturbations up to about 100 ppm COs, rise above pre-industrial level; be-
yond this value the response gets nonlinear. By means of the generalized framework we then derive the time-scale dependence
of the airborne fraction from the underlying climate-carbon cycle feedbacks for an ensemble of CMIP5 models. Our analysis
reveals that for all studied CMIP5 models (1) the total climate-carbon cycle feedback is negative at all investigated time scales;
(2) the airborne fraction generally decreases for increasing time scales; and (3) the land biogeochemical feedback dominates
the model spread in the airborne fraction at all these time scales. Qualitatively similar results were previously found by em-
ploying the original a-3-vy framework to particular perturbation scenarios, but our study demonstrates that, although obtained
from particular scenario simulations, they are characteristics of the coupled climate-carbon cycle system as such, valid at all
considered time scales. These more general conclusions are obtained by accounting for the internal memory of the system as

encoded in the generalized sensitivities, which in contrast to the original «, 3, and -y are scenario-independent.
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1 Introduction

The global carbon cycle plays a key role in determining the sensitivity of Earth’s climate to anthropogenic emissions from
fossil-fuel burning, cement production, and land-use change. The increase in atmospheric CO2 concentrations driven by those
emissions is considered the main radiative forcing driving climate change (see e.g. Gulev et al., 2021, Fig. 2.10). But to
infer the resulting changes in atmospheric COx it is not sufficient to consider anthropogenic emissions alone: also the reaction
response of the global carbon cycle to these emissions must be taken into account. In reaction to rising emissions, land and
ocean store increasing amounts of carbon, on average 56% of emissions, a number that stayed surprisingly constant over the
last six decades (Canadell et al., 2021, Fig. 5.7). This storage fraction strongly depends on environmental conditions: in years
with a positive phase of the El Nifio-Southern Oscillation (ENSO) it can be as low as 20% while in negative phases it may
raise up to 75% (Canadell et al., 2021, Fig. 5.7). One must thus suspect that with rising atmospheric CO the resulting climate
change will affect this fraction of emissions stored away with potentially large consequences for the amount of anthropogenic
COs remaining in the atmosphere. In this way, the carbon cycle may either slow or accelerate climatic changes resulting from
anthropogenic emissions. Understanding the dynamics of this cycle, and in particular how it responds to perturbations from
emissions and interferes with climate, thus constitutes an essential step in advancing climate research (Marotzke et al., 2017).

To gain insight into this combined dynamics of carbon cycle and climate, one must in particular study climate-carbon cycle
feedbacks. Such feedbacks arise from the already mentioned reaction of the global carbon cycle to a change in atmospheric CO2
that may amplify or counteract the initial change. For example, a rise in CO5 concentrations caused by fessi-fuel-fossil-fuel
emissions drives CO- into the ocean by increasing the difference between the CO5 partial pressure in the atmosphere and that
in surface waters (Takahashi et al., 2009). This flux of CO into the ocean reduces the initial increase in atmospheric CO5. On
the other hand, increasing atmospheric CO- leads by the greenhouse effect to a rise in air temperatures. The warmer climate,
in turn, leads to an acceleration of soil microbial activity, and thereby to an increase in soil respiration rates (Raich and Potter,
1995). The resulting enhanced land CO» flux into the atmosphere leads to even more CO; in the atmosphere so that the initial
increase in atmospheric COs is amplified. In principle, the global response of the whole carbon cycle to emissions may be
quantified by summing the contributions from all such feedback mechanisms.

Depending on the speed at which the various feedbacks unfold, climate change may develop differently. Generally, the
dynamics of the coupled climate-carbon cycle system arising in response to perturbations depends on the spectrum of internal
time scales of the various processes involved in the response. For instance, the speed at which global climate is warming in
reaction to anthropogenic emissions depends largely on the rate at which the oceans can take up heat, and this rate — actually an
inverse time scale — is determined by the temporal characteristics of the internal ocean dynamics, like the rate of mixing between
upper and deep ocean and the speed at which heat is re-distributed by ocean currents. Similar remarks apply to the uptake and
re-distribution of CO2 by the oceans. An indication of the involved time scales is obtained by noting that most of the carbon
taken up by the ocean since pre-industrial times still resides in its upper layers (74% in the top 700m; Frolicher et al., 2015).
For land, the temporal characteristics of the response of the carbon cycle to rising CO; is determined by the turnover times of

the various biogeochemical processes by which CO; is sequestered and once more decomposed in the various ecosystems. It is
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well known that in particular our incomplete knowledge of the internal time scales of the land carbon cycle is severely limiting
our ability to predict the development of the land carbon sink (Todd-Brown et al., 2013; Friend et al., 2014; Exbrayat et al.,
2014; Koven et al., 2015; He et al., 2016; Yan et al., 2017; Zhou et al., 2018). To improve the understanding of the dynamics of
coupled climate-carbon cycle system one thus needs to investigate together with the feedbacks also the issue of internal time
scales.

Concerning the analysis of feedbacks, a large step forward was the seminal work by Friedlingstein et al. (2003), who
proposed a mathematical framework to quantify their contributions to the response. The basic idea underlying their a-3-7
framework is that at global scale one can identify two types of climate-carbon cycle feedback: a “biogeochemical feedback”,
which arises by the direct effect of changes in atmospheric CO, concentrations on global carbon stocks, and a “radiative
feedback”, which affects the carbon cycle indirectly from the change in climate that arises from the radiative forcing of CO9
perturbations. Key elements of this framework to quantify the two types of feedback — also known as carbon-concentration
and carbon-climate feedback (Arora et al., 2013) — are the /3- and ~y-sensitivities that, respectively, characterize the response of
stored land/ocean carbon to changes in CO; and in climate. Climate-As in studies of the physical system by means of “pattern
scaling” (e.g., Mitchell, 2003), climate is in this framework collectively represented by the single quantity temperature s—
whose sensitivity to COq perturbations is quantified by «. Friedlingstein et al.’s framework led to important insights into the
role of climate-carbon cycle feedbacks for climate change and stimulated a vast amount of research in the field (Friedlingstein
et al., 2006; Gregory et al., 2009; Arneth et al., 2010; Zickfeld et al., 2011; Boer and Arora, 2013; Arora et al., 2013; Schwinger
et al., 2014; Friedlingstein et al., 2014; Friedlingstein, 2015; Adloff et al., 2018; Williams et al., 2019; Goodwin et al., 2019;
Jones and Friedlingstein, 2020).

Quantitative results on the size of global climate-carbon cycle feedbacks were particularly obtained as part of the Coupled
Climate Carbon Cycle Model Intercomparison (C4MIP) project (Friedlingstein et al., 2013-2016; Arora et al., 2020) from
Earth system simulations tailored for the application of the a-3-y framework:-, In terms of radiative forcing, when raising
atmospheric CO; at a fixed rate of 1% per year from its pre-industrial value to four times this value, the negative biogeochemical
feedback is in-terms-ofradiative-foreing-more than four times stronger than the positive radiative feedback (Canadell et al.,
2021);resulting-, This results in a net land and ocean carbon sequestration over the whole simulation period between 33% and
50% across the participating models (Arora et al., 2020). Most of the spread in these numbers arises from differences in the
representation of land carbon cycling in the various models, in particular from the internal time scales assumed for the turnover
of vegetation and soils (Arora et al., 2020).

The size of these feedbacks depends on the considered time scale (e.g., Enting, 2022). In the original a-3-7 framework, this
time-scale dependence shows up only implicitly (see discussion in section 2), so that results from this framework are specific
to the considered perturbation scenario (Gregory et al., 2009; Torres Mendonga et al., 2021b). This limitation is overcome by
the recently proposed generalization of the a-5-v framework (Heimann, 2014; Rubino et al., 2016; Enting and Clisby, 2019;
Enting, 2022) that instead explicitly quantifies the time-scale dependence of the climate-carbon cycle feedbacks independently
of the scenario. Here generalized sensitivities «, 3 and ~ are introduced as time-dependent linear response functions, where

the term “linear” indicates that they specify the response only to linear order in a Volterra expansion of the response into
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the perturbation (see Torres Mendonga et al. (2021b)); practically this means that this approach applies only as long as the
perturbations are sufficiently weak. As will be discussed below, in principle this generalization gives — at a globally aggregated
level — a complete description of the linear dynamics of the coupled climate carbon cycle in terms of the responses and
feedbacks at different time scales.

In the present study we employ this generalized framework to study the role of feedbacks and their time-scale dependence
for airborne fraction. Airborne fraction is classically defined as the fraction of emitted CO- that stays in the atmosphere after
accounting for the induced land and ocean uptake. Accordingly, airborne fraction quantifies the amount of emissions that
effectively contribute to climatic change and is therefore a key quantity of climate research (Oeschger and Heimann, 1983).
It is closely related to the climate-carbon cycle feedbacks because, as discussed above, the reduction in atmospheric COq
caused by ocean and land uptake depends itself on the changes in atmospheric CO5 induced by the emissions. Because of
its importance, much effort has been put into quantifying and investigating the airborne fraction (e.g., Canadell et al., 2007,
Raupach et al., 2008; Archer et al., 2009; Gregory et al., 2009; Gloor et al., 2010; Jones et al., 2013; Le Quéré et al., 2009;
Raupach et al., 2014; Bennedsen et al., 2019). The remarkable constancy of the airborne fraction over the last decades — a
consequence of the above mentioned constancy of the land and ocean carbon storage fraction — indicates that land and ocean
uptake has not saturated yet so that their response is still linear. But as with the original «, 3, and ~ sensitivities, also this
classical definition of airborne fraction neglects that its value must depend on the internal time scales at which the land and
ocean carbon cycle react to emissions (see e.g. Enting, 2007). Addressing this time-scale dependence, Raupach (2013) argues
that the observed constancy of the airborne fraction is actually only a reflection of the linearity of the response of land and ocean
carbon reservoirs together with the exponential nature of the historical rise of anthropogenic emissions. Thus, as anthropogenic
emissions cease to behave exponentially — for instance as a consequence of a cut in emissions —, the airborne fraction is expected
to deviate from its historical value. Hence, as in the case of the feedbacks quantified by the a-3-v framework, the airborne
fraction in its standard definition cannot be seen as an invariant property of the carbon cycle alone, but only as a metric that
depends on the considered perturbation scenario. This is different when tackling airborne fraction by means of the generalized
a-f-v framework. As demonstrated by Rubino et al. (2016) and Enting and Clisby (2019) when studying the pre-historical
and historical development of airborne fraction, by such an approach not only «, (3, and -y, but also airborne fraction can be
generalized to a dynamic quantity that describes the response of the coupled climate-carbon system to emissions at its various
internal time scales for any sufficiently weak perturbation scenario and is thus a true property of the coupled climate-carbon
system itself.

To gain further insight into the time-scale dependence of the airborne fraction and in particular how this time-scale depen-
dence emerges from the underlying feedbacks, in the present study we analyze by means of the generalized «-3-v framework
published simulations of different Earth System Models. More precisely, we analyze C*MIP-type simulation results from
models participating in the fifth phase of the Coupled Model Intercomparison Project (CMIPS5; see Taylor et al., 2012). These
C*MIP-type simulations were designed to separately quantify the biogeochemical and radiative feedbacks from the original

«, B, and ~ values. We use these simulations to obtain for the respective models the linear response functions of the general-
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ized framework necessary to study the time-scale dependence of airborne fraction. For their robust recovery, we employ the
Response Function Identification method that we developed for this purpose in Torres Mendonga et al. (2021a).

Most of our present study relies on a single theoretical result of the generalized a-(3-v framework, namely the relation
expressing the time-scale resolved airborne fraction exclusively by the underlying feedbacks (see Eq. (15) below). In this
formula the feedbacks are represented by time-scale dependent functions that in turn are fully determined by the generalized
«, B, and ~y sensitivities. By this relation the generalized framework makes a strong claim, namely that airborne fraction (a
quantity fully determined by feedbacks) can be predicted from the generalized sensitivities (quantities that are independent
of feedbacks). The validity of this relation fully relies on the assumption that at climate time scales the overall feedback
is dominated by the pair of biogeochemical and radiative feedbacks, which in respect to the latter includes the assumption
that near surface temperature is a good measure to represent also all other climate aspects, in particular those related to the
eminently important hydrological cycle. As a consequence, in order to employ this relation in our study to derive the time-
scale dependence of airborne fraction via the underlying feedbacks from the generalized sensitivities, we first demonstrate
the predictive power of this relation when applied to Earth system simulations. We will do this exemplarily for the MPI Earth
System Model (MPI-ESM) by performing additional simulations not available for the other CMIPS models. This demonstration
is also interesting on its own because so far theoretical inferences from the generalized a-3-vy framework have not been tested
although this is a prerequisite for its faithful application.

Overall, our analysis of the simulation results from the considered set of CMIP5 models will show that one can understand
the dynamics of the airborne fraction from the behaviour of the climate-carbon cycle feedbacks, and that it is possible to
pinpoint the particular feedback that dominates the observed model spread in the airborne fraction at different time scales.
Moreover, it will get clear that by applying the generalized a-3-v such results are scenario-independent although they are
obtained from simulations performed for particular scenarios.

The outline of the paper is as follows. In the next section we introduce the generalized a-(3-v framework that underlies our
whole analysis. Then we demonstrate in section 3 its predictive power exemplarily for MPI-ESM. This part of the study serves
also a second methodological purpose: here we develop and test by example of MPI-ESM all the necessary numerical details to
derive from simulation data via the generalized sensitivities «, 5 and ~y the time-scale resolved airborne fraction also for other
models in the subsequent section 4. This section then contains the main part of our study where we investigate the time-scale
dependence of airborne fraction and the underlying feedbacks for an ensemble of CMIP5 models. In the final sections 5, 6, and
7 we summarize and discuss our results. To keep the paper better readable, the extensive technical parts of our investigations

are presented in the appendices.

2  Generalized o-3-~ framework

To prepare for our investigation of the time-scale dependence of the airborne fraction and the underlying feedbacks we intro-
duce here the generalized a-(-vy framework (Heimann, 2014; Rubino et al., 2016; Enting and Clisby, 2019; Enting, 2022).
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To introduce this framework, we start from the carbon balance equation that couples the different subsystems of the global

carbon cycle
t
ACéé(t) :/E(S)d87AC£L(t)7ACQQ(t), (1)
0

where AC - ACT-and-ACo-ACy, AC and ACy are the differences in global carbon content in the atmosphere, land and
ocean with respect to pre-industrial time (formally denoted here and below as ¢ = 0 in all equations), and E(t) is the time-
dependent flux of (anthropogenic) carbon emissions. Following the framework of Friedlingstein et al. (2003), the land and
ocean carbon changes in Eq. (1) are assumed to depend only on the atmospheric CO5 concentration (driving the biogeochemical
response) and on temperature (driving the radiative response). Considering these changes as separate responses to CO, and
temperature perturbations, they can for the weak perturbations assumed here be approximated as the linear term of a Volterra
expansion around the pre-industrial state (see Torres Mendonga et al., 2021b) and thus must also combine linearly for this order

of approximation to give

¢ ¢
ACLL() =/Xg%35 (t—s)Ac(s)ds+ /XQSLN)W (t—s)ATL(s)ds, 2)
0
¢ t
AC’QQ(t) =/X995(t —8)Ac(s)ds + /XQ(\ON)W(t — S)ATQQ(S)dS. 3)
0

Here Ac and A7—~AT are the changes in CO; concentration and in land (L) and ocean (QO) global mean near-surface air
temperature with respect to the pre-industrial state, while H—%&ﬁd%i (L) X(O> and X©) are the linear
L), BO) and () of

the original o-3-v framework. Additionally, the temperature can in the same way be understood as a response to weak CO4

response functions that generalize the land and ocean sensitivities f

perturbations:

ATLL /X(L) L) t S)AC(S)dS, (4)

AToo(t) = / X QO (= s)Ac(s)ds, 5)
0

where WM&&: the linear response functions that generalize the land and ocean sensitivities e

and-2La) and a(9). Following Torres Mendonga et al. (2021b), the response functions that generalize the o, 3, and v
sensitivities are referred to as generalized sensitivities.

As discussed above, atmospheric COy depends not only on the emissions perturbing the system but also on the responses
of land and ocean CO- exchanges induced by them. How land and ocean carbon and thus also the exchange fluxes react to

such perturbations is characterized by the generalized sensitivities just introduced. With their help, a compact equation relating
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the change in atmospheric carbon content to the perturbing emissions including all feedbacks is obtained by employing the

last two equations to eliminate temperature in Eqs. (2) and (3), inserting these into the carbon balance Eq. (1) and using

Ca(t) = kc(t), k =2.12 PgC/ppm(CO>) (Ciais et al., 2013,

p- 417) between atmospheric CO2 concentration and carbon content. After applying a Laplace transform to the resulting

the known relation

integro-differential equation one obtains

~ E ~ - ~ ~ - ~ ACA(p) AC
ACaa(p) = % — IXP D 5(p) + XD (p)X B (p) + XD 5(p) + X@@w(p)X@@a(p)} % - ®),
(6)

where the tilde denotes Laplace-transformed quantities. Applying the Laplace transform has the technical advantage that linear
integral-equations-integral equations turn into linear algebraic equations for the transformed quantities that are much easier
to handle — e.g. one can directly solve the last equation for A%%M(see Eq. (7) below). The other, somewhat
challenging, consequence is that the dynamies-cannot-be-anymorefollowed-in-the-timedomain,-but-mustnow be-interpreted-in
p, whose inverses 1/p ean-should be understood as time scales. Similar Laplace-transformed equations were derived in Enting
(2007), Rubino et al. (2016), and Enting and Clisby (2019).

In the absence of feedbacks the atmospheric change in carbon content %Mwould be fully determined by
the cumulated emissions E(p)/p (this is the Laplace transform of [E(s)ds, E(t=1850)=0) in Eq. (6). Thus the feedbacks
enter by the second right-hand side term. This additional contribution to A%}mthat depends on the response itself

characterizes the total climate-carbon cycle feedback (Roe, 2009). This gets even clearer by rewriting Eq. (6) analogously to

the feedback equations of the original a-3-v framework (Roe, 2009; Gregory et al., 2009; Adloff et al., 2018): setting

~ 1 E(p)
AC — - =P 7
4a(p) 7o) » ()
with
F) = FPO50) + FED_ () + F OO 5(p) + F OO (p), ®)

one obtains from Eq. (6) by term-wise identification

~(L), | ~(L) ~(L), ~(L), | ~L),  ~(L)

~ Xp (p) Xg (p ~ X, (pX, () X, (P)X, (P

Fow,p = -2 DX 0 g ) X X X DX @) ©
~(0), | ~(0) ~(0), \~(0), | ~(0),  ~(0)

= Xz (p) X5 (p) ~ X, (p)Xo () X5 (0)Xs (p

For0, )= -2 DX 0 o) ) X DX DX WXe ) (10)

In this way the full information on how atmospheric carbon %mv(and thus atmospheric CO2) responds to a

trajectory of emissions E(p) is contained in the function f(p), which we call, following the terminology of Roe (2009) and
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Adloff et al. (2018), the rotal feedback function. As also explained there, from the point of view of feedback analysis 1/(1 —
f(p)) is the gain of the system: depending on whether 1/(1 — f(p)) is larger or smaller than 1, the inclusion of the feedbacks
amplifies or dampens the response of atmospheric CO» in comparison to a reference system that would simply store the
cumulated emissions without reaction in land and ocean fluxes'. In other words, depending on whether 1/(1 — f(p)) is larger
or smaller than 1, the inclusion of the feedbacks results in CO4 fluxes into or out of the atmosphere in addition to the emissions.

The total feedback function f( ) is defined in Eq. (8) as the sum of the feedback functions 7@@%—%@)—%&)@}%&

7‘%@9} m@@m These functions quantify for land and ocean the biogeochemical -, AUJ) ~( 9)

Wand the radiative ( ) ~(O> W@feedbaek also known as carbon-concentration and carbon-

climate feedback (Arora et al., 2013). The feedback functions, in turn, are determined from the generalized sensitivities via
Egs. (9) and (10).

Concerning the time-scale dependence it is important to note that in Eq. (6) all terms depend on the same rate p, which
means that at each time scale 1/p the response in atmospheric carbon to the forcing by emissions is fully determined by the
properties of the system at that very time scale alone. This independent behaviour at different time scales is a consequence of
the assumption that the forcing is sufficiently weak so that the system behaviour is already well approximated by the linear term

in the Volterra expansions of the response in the perturbations (Egs. (2) to (5)) when Laplace transformed; taking the Volterra
expansion to higher order would introduce terms involving mixed time scales {see-e-g—Sehetzen; 2010)—This-independence

see e.g. Schetzen, 2010, Egs. (2.1), (2.2)).
Such independent behaviour is also the reason for the identical structure of the Eaplace-transfermed-Laplace-transformed
formulas of the generalized o-3-v framework and those of the original framework (Heimann;20+4)—in_the time domain

Heimann, 2014), which gets obvious by comparing the relation between atmospheric carbon and emissions (Egs. (7)—=(10))

with its analogue from the original framework (Gregory et al., 2009; Adloff et al., 2018; Jones and Friedlingstein, 2020

t

! (t)/E(s)ds with f(t):—%(BL(t)'i-ﬁO(t)+7L(t)04L(t)+70(t)040(t)) (1)

ACA(t) = =0
0

where the t-argument emphasizes the time dependence of « Adloff et al., 2018). But despi

these are fundamentally different formulations: while Eq. (11) is a diagnostic way of writing the response of atmospheric
carbon to emissions by means of sensitivities that generally differ for different scenarios, Eqs. (7)-(10) predict this response
for any (weak) emissions scenario by means of unique system properties — the generalized sensitivities, which are completely
independent of the scenario. It is this predictive power that we test in the next section (see more below).

Note also that this-the time-scale dependence of feedbacks cannot be obtained from the original a-3-7y framework, even

if one computes the «, 3, and v sensitivities underlying its feedback quantification as time-dependent quantities «(t), 5(t),

'Note that our reference system is different from that used in Friedlingstein et al. (2003) to quantify the feedbacks. While for our reference system
atmospheric COz is fully determined by CO2 emissions without any response in the land and ocean carbon fluxes, their reference system includes in addition
the biogeochemical response so that they quantify the radiative feedback alone. Therefore our Eq. (8) differs from their Eq. (9) not only because we investigate

a generalization of their framework, but also because of the different reference system. This difference is also discussed in Gregory et al. (2009).
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and 7(t) (as-e-ginAdloffetal;2048)as above. To understand this one must realize that, in contrast to the original a-/3-y
framework where feedbacks are quantified for a particular scenario, in the generalized framework feedback strengths are
internal properties of the climate-carbon system, consistent with the viewpoint that these strengths depend only on internal
system characteristics (such as the sensitivity of soil microbial activity to changes in temperature or the sensitivity of plant
photosynthesis to changes in CO5 concentrations). If one understands feedbacks in this way, it gets clear that by calculating
the time-dependent «/(t), 3(t), and ~y(¢) sensitivities and combining them to quantify feedbacks one is obtaining only implicit
information on the time-scale dependent feedback strengths, because the combined values of these sensitivities reflect not
internal system feedbacks alone but also the external forcing scenario (e.g., Gregory et al., 2009; Boer and Arora, 2013; Arora
et al., 2013; Torres Mendonca et al., 2021b). Accordingly, from the time dependence of those sensitivites one cannot infer
the time-scale dependence of the feedback strengths. In the generalized framework contributions from forcing and feedback
are disentangled so that the time-scale dependence of the climate-carbon cycle feedbacks is instead explicitly quantified. This
more general quantification of feedback strengths, which arises by considering the internal memory of the climate-carbon
system, may be even more clearly understood by noting that the o, 8, and -y sensitivities can be predicted by their generalized
counterparts for any weak perturbation scenario (see section 4.1).

Our main topic in this study is the time-scale dependence of the airborne fraction. As explained in the following, by the
generalized framework this time-scale dependence can be fully traced back to that of the feedback functions. In its standard
definition (e.g., Oeschger and Heimann, 1983; Raupach, 2013), the airborne fraction AF(t) is specified by

dCadCy _

where the left-hand side is the rate at which emitted carbon accumulates in the atmosphere. Airborne fraction obtained its
name because this accumulation rate can also be viewed as the fraction of the emitted carbon flux that remains airborne. As
already discussed in the introduction, despite its constancy over the last decades, AF'(t) cannot be seen as a property of the
climate-carbon system itself, but only as a metric dependent on the emissions scenario E(t). But following an analogous
strategy as for the «, 8, and  sensitivies, a scenario-independent generalized airborne fraction — denoted by A(t) — can be
obtained by expanding dCx/dt-dC, /dt in a Volterra series up to linear order in the emissions E(¢t) around the preindustrial
state (dE64/dt=0dCy /dt = 0). Following Enting (2007), the standard definition (12) of airborne fraction thereby generalizes
to

t
dC4 dCy

0
Compared to Eq. (12), this generalized response formula accounts not only for the effect of emissions at time instant ¢ but
also for their effect during their whole past history. Accordingly, Eq. (13) accounts for the memory of the carbon cycle and
having introduced the generalized airborne fraction A(t) as the kernel of the linear term of a Volterra expansion about the

preindustrial state, A(t) is for weak perturbations a property of the system itself independent of the emissions scenario E(t).



This generalized airborne fraction is not only a generalization of the standard airborne fraction AF'(¢) but also of the cumulative
airborne fraction>? CAF (t).
To relate the generalized airborne fraction to the feedbacks, Eq. (13) is first Laplace transformed. Using then d6x/dt=dAC/d+
275  dCx/dt = dACA/dt and noting that by-standard-rules—of Eaplace transforms—dfdi—pi—fortim— () —6a standard
(where “+ indicates the one-sided limit of ¢ approaching zero from positive t-values), one obtains

AC 4a(p) = A(p) = (14)
By comparing this with Eq. (7), one finds that the generalized airborne fraction is identical to what was above called gain:
~ 1

280 A(p) = e

This is the key relation underlying our study. It demonstrates that at each time scale the generalized airborne fraction is fully

15)

determined by the values of the total feedback function f(p) at that very time scale 1/p. An analogous relation was obtained
by Gregory et al. (2009) and Jones and Friedlingstein (2020) employing the original «-/3-y framework and by Rubino et al.
(2016) and Enting and Clisby (2019) in this generalized form.

285 To follow our subsequent investigation of airborne fraction it is important to note that the generalized «-3-v framework
is more than only a way to describe the coupled climate-carbon system at global scale: actually it is a theory about this
system with predictive power. Basic to this whole framework is the generalization of the original «, /3, and ~y sensitivities to
response functions. Already by this first step some predictive power is gained because once these generalized sensitivities are
known, the response to any sufficiently weak CO, perturbation scenario can be predicted (Torres Mendonca et al., 2021b).

290 But more important for the present study is another type of predictive power of the generalized framework that arises by
describing the climate-carbon system in terms of assumed key feedbacks: by Eq. (15) the airborne fraction is via Egs. (8) to (10)
fully determined by the generalized sensitivities Xa >~(g, and )~(7. These characterize the responses of subsystems to specific
perturbations and have at first sight nothing to do with feedbacks. The feedbacks come about only by their combined action
as described by the generalized framework. This is particularly obvious when considering the airborne fraction: as explained

295 in the introduction, this quantity embodies by its very nature the effect of all the ruling feedbacks. Hence, our key equation
(15) predicts a quantity shaped by feedbacks — the airborne fraction — from quantities that are independent of feedbacks —

the generalized sensitivities. Thereby naturally the question arises how good such a prediction will be. This question will be

answered in the next section exemplarily for simulations performed with the MPI-ESM. Finding a good predictability will

10
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justify to derive the airborne fraction by Eq. (15) merely from the knowledge of the generalized sensitivities also for other

CMIPS5 Earth system models in the main part of this study.

3 Predictive power of the generalized o-3-+ framework

The present section prepares for the main investigation of our study (next section). This involves two issues. The first was al-
ready shortly addressed at the end of the previous section, namely that we have to demonstrate the predictive power of equation
(15) before we can reliably use it to calculate the generalized airborne fraction Z(p). We demonstrate this by first determining
ﬁ(p) directly by its definition (13) from simulated atmospheric CO2, and then comparing it with its prediction obtained from
(15) via the generalized sensitivities Xa» X 8, and )Né,y. While the sensitivities necessary for the prediction can in principle be
calculated for all considered CMIP5 models be-caleulated-from published simulation results (see technical issues below), to
obtain g(p) directly from simulated atmospheric COy one needs additional simulations. Therefore we restrict our demon-
stration to MPI-ESM for which we perform these additional simulations. It should be noted that this demonstration is also
interesting on its own, because the validity of inferences from the generalized framework has so far never been demonstrated.
For conciseness, we call in the following the airborne fraction computed by application of its definition (13) from simulated
atmospheric CO» as true airborne fraction, while the airborne fraction calculated via Eq. (15) of the generalized framework

from simulated generalized sensitivities as predicted airborne fraction.

The second preparatory issue addressed-tackled in this section concerns the technical aspects of the calculation of the

generalized sensitivities from simulation data. Fer-this—As explained in Torres Mendonca et al. (2021a), this calculation is
enerally not trivial. There are two main complications:

(i) Noise: the problem of deriving response functions such as the generalized sensitivities from perturbation experiments
data is mathematically “ill-posed”. In practice this means that by trying to solve it by classical numerical methods one
obtains sensitivities corrupted by the noise in the data,

(i1) Nonlinearities: the generalized framework is a linear approach. Therefore, when recovering the generalized sensitivities
one has to make sure that the response data is not contaminated by strong nonlinear contributions that would otherwise
hinder the recovery.

To derive the generalized sensitivities we employ our recently developed Response Function Identification (RFI) method
(Torres Mendonga et al., 2021a, b).

rising-This method recovers the generalized sensitivity from a single realization of an arbitrary perturbation experiment. In
articular the RFI method addresses complication (i): it filters out the noise in the recovered generalized sensitivity by means

11
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of Tikhonov-Philli 1962; Tikhonov, 1963), with the regularization parameter determined via the

discrepancy principle (Morozov, 1966) from an estimate of the noise level in the data (obtained from the associated control

s regularization (Phillips

To address complication (i), we employ following Torres Mendonca et al. (2021b) two additional procedures: first, we
pre-transform the data by different techniques to try to account for known nonlinearities in the response for which we want
to_derive the generalized sensitivity (e.g. the response of land carbon to changes in CO; coneentration—in-the-considered
%WM%WMMWW&WM&M@)L
second, by means of additional perturbation experiments we estimate the maximum perturbation strength limiting the ex-

tent of the linear regime has-been-developed-together-with-the REl-method-inTorres Mendoncaet-al(2021a;-b)—Toperfo

'
for known nonlinearities in_the response, the first procedure allows one to take data at higher perturbation strengths and
thus higher signal-to-noise ratio, which leads to a better recovery of the generalized sensitivity. Therefore another technical
aspect of the present section is to determine for each generalized sensitivity the pre-processing technique that gives the best
recovery. The second procedure assures that the taken data contain no strong nonlinearities that could hinder the recovery. This
second procedure serves also a different purpose: to estimate the range of perturbation strengths for which the generalized
framework as a whole is applicable. Since this range is generally different for the different sensitivities(see-Table-A2)so-that

the-apptieability-involved responses (i.e. for each term in the right-hand side of Egs. (2)-(5)), the linear regime of the general-
ized framework as a whole is limited-determined by the smallest of these-the maximum perturbation strengths —Finally;-as-we

adin arrac Mendon a 0 o nre-nrace N

responses separately. Since for employing these procedures additional experiments are needed, we restrict our analysis to the

MPI-ESM feor-the-different-sensitivities-the-best— for which we perform those experiments —, and assume in the next section
that the pre-processing method-that-we-then—will-alse—tisefor-the-techniques and ranges of linearity identified for MPI-ESM

apply also to other CMIP5 models.

To demonstrate the predictive power of the generalized framework, all these technical issues must be tackled before we
can invoke Eq. (15) to reliably compute the predicted airborne fraction. We tackle them by following the recipes given in
Torres Mendonga et al. (2021b). Since these technical parts of our study reveal no further scientific insight we have relegated
their rather lengthy description to Appendix A. The obtained results concerning the size of the linear regime and the best

pre-processing methed-technique are summarized in Table A2.
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3.1 Determining the true airborne fraction from simulated atmospheric CO-

As explained above, to demonstrate that indeed the time-scale resolved airborne fraction A (p) is reliably predicted by Eq. (15)
of the generalized framework, we compare it with the true airborne fraction calculated by application of its definition-defining
equation (13). This section explains how to obtain this true airborne fraction from a simulation with prognostic atmospheric
COg, i.e. from an emission-driven simulation.

From given time series for atmospheric carbon content €{#)-Cy (t) and emissions E(t) one could in principle obtain A(p)
by solving the definitory-defining equation (13) by means of our RFI method for A(t) followed by a Laplace transform. But
to proceed in this way one had first to calculate d6x/dtfrom-Ca{t-dCy /dt from Ca(t) (compare (13)), which introduces
numerical noise that deteriorates the quality of recovery of A(t) (Torres Mendonga et al., 2021a). Therefore we proceed
differently. To linear order a Volterra expansion of &4-Cj into the perturbing emissions gives

t

AOéMﬂ:i/Xz@—sﬂﬂQd& (16)

0

which defines a-new-another response function X (¢).*> A Laplace transform then gives* (Enting, 1990)
ACA(p) = Xc (D) E(p). (17

By comparing this with the Laplace-transformed definition of the generalized airborne fraction (14) one thus obtains (as also
noted by Enting and Clisby (2019))

Alp) = pXc(p). (18)
By these considerations, the true airborne fraction Z(p) can be determined from emission-driven simulations in three steps:
first, solve (16) by our RFI method for X (¢) using simulation data for AC+{#)-ACA(t) and E(t) (no numerical derivative
needed). Second, Laplace-transform the recovered X (t) to obtain X (p). Finally, apply Eq. (18) to determine A(p) from
>~(< (p)-
For our demonstration of predictive power we performed impulse-type emission-driven experiments with MPI-ESM and
obtained A (p) from the resulting simulation data following these three steps (see Appendices B and C for details). The resulting

true Z(p) is plotted in Fig.1.
3.2 Determining the predicted airborne fraction from generalized a-3-+ sensitivities

The second step towards the demonstration of the predictive power of the generalized framework is to calculate the predicted

airborne fraction by application of Eq. (15) from the generalized sensitivities. For a proper comparison with the true airborne

3We thank the reviewer lan Enting for making us aware that t) has been widely studied in connection with the so-called “Global Warming Potential”

see e.g. Joos et al., 2013).
4&3%}%%(14), no p-factor shows up in Eq. (17). This is essentially because Eq. (13), from which (14) is obtained, has on the
left-hand side the time derivative of the left-hand side of Eq. (16) (from which (17) is obtained), and the Laplace transform of this time derivative is AC
(see text introducing Eg. (14)),
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fraction from above, this predicted airborne fraction is obtained from simulations with the same model (MPI-ESM) as the true
airborne fraction, although from different simulation experiments.

To predict airborne fraction via the total feedback function f(p) from Eq. (15) one needs to know the generalized sensitiv-
ities (see Egs. (8) to (10)). These we obtain from two standard C*MIP-type experiments performed with MPI-ESM that are
published in the international CMIP5-repository (see Appendix A for details). These C*MIP-type simulations were tailored
for separate determination of the «, 3, and +y sensitivities of the original framework (Taylor et al., 2012; Arora et al., 2013)
but are similarly suited for separate determination of their generalized counterparts (Torres Mendonga et al., 2021b). In both of
experiments atmospheric CO5 concentration is prescribed to rise from its pre-industrial level by 1% per year, but for separate
identification of the different sensitivities this rising CO5 is made to act differently in the two simulations: in the radiatively
coupled (“rad”) simulation the CO, rise affects only the atmospheric radiation code, while in the biogeochemically coupled
(“bgc”) simulation the rise in CO; affects only biogeochemical processes (ocean pCOq, leaf COs3); in both simulations for the
respective other aspect CO- stays at its pre-industrial level.

To determine the generalized sensitivities from the simulation data we once more invoke our RFI method (Torres Mendonga
etal., 2021a, b). In the bgc-simulation, climate change is largely suppressed so that the changes in ocean and land carbon are to
first order determined only by the rising COs. The rather small change in land temperature in this simulation arises by various
indirect effects, among them by a reduction in transpiration cooling because of the closing of plant stomata under higher CO4
(Arora et al., 2013). Ignoring this comparably small temperature rise, one can assume AT =0 in Egs. (2) and (3) so that
only the integrals over the rising CO5 remain in these equations. These are the equations that we solve by means of the RFI
method for the ocean and land X g(t) sensitivities using the data for the rising CO2 and the stored land and ocean carbon from
the bgc-simulation. The generalized o and + sensitivities are obtained from the rad-simulation’. In this simulation the effect
of rising CO5 on the carbon chemistry is missing, i.e. stored land and ocean carbon change only because of changing climate,
collectively represented by temperature in the a-(3-y framework. Hence in Eqgs. (2) and (3) one can now drop the integrals over
rising CO3 so that only the integrals over rising temperature remain; these reduced equations are then solved by the RFI method
for the ocean and land X, (¢) under the integral. Finally, because the « sensitivities measure the direct response of rising CO»
via its greenhouse effect on land and ocean temperatures, these sensitivities have-as-well-to-be-are as well determined from the
rad simulation. The respective equations to be solved for the X, (¢) sensitivities are (4) and (5).

Actually, as already explained in the introduction to this section, to obtain linear response functions reliably by the RFI
method, additional preparatory effort is needed concerning selection of a pre-processing methed-technique and checks assuring
that the underlying linearity assumption is valid for the simulation data used. For those purposes we performed additional rad-
and bgc-simulations with MPI-ESM for a variety of different COy forcing scenarios (see Table Al in Appendix A). Based on
this preparatory analysis we then obtain the generalized sensitivities of MPI-ESM in the time domain (see Appendix A).

The final steps to obtain the generalized airborne fraction as predicted by (15) from the generalized framework are to

Laplace-transform the obtained generalized sensitivities (done analytically; see (Torres Mendonga et al., 2021a)), calculate

5

We note that the sensitivities need not be derived from “bgc” and “rad” simulations: also either of these two together with a “fully-coupled” experiment —
where both the radiation and the biogeochemical code are affected by CO2 changes — suffices (see e.g. Arora et al., 2020).
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from Egs. (8)—(10) the total feedback function f(p), and then obtain finally by our key equation (15) the predicted time-scale
resolved airborne fraction; the result is seen in Fig. 1.

Please note that the way of deriving here the predicted generalized airborne fraction for MPI-ESM is exactly how we derive
it also for the other EMIPS-models-CMIPS5 models in the next section, except that the additional preparatory analysis and
checks cannot be performed because of the lack of the necessary additional simulations. Accordingly, we will assume that the

size of the linear regime obtained for MPI-ESM applies also to these other models and will pre-process also their data by the

method-technique identified to be best for MPI-ESM (see summary of linear regime and best pre-processing technique for each
sensitivity in Table A2).

3.3 Demonstration of predictive power by comparing predicted with true airborne fraction

So far in this section, the generalized airborne fraction ﬁ(p) has been derived for MPI-ESM in two ways: first directly from
simulated atmospheric CO5 (“true” airborne fraction) and then by employing Eq. (15) of the generalized framework from-the
simulated-generalized-eF-and=sensitivities-(“predicted” airborne fraction). The results are plotted in Fig. 1. The two curves
differ by up to around 5% for time scales below 5 years but match well for the longer time scales up to 100 years® (mean
difference less than 1%). To judge from the closeness of the two curves how well airborne fraction is predicted one should note
that their coincidence for 1/p — 0 is not a hint for good predictive power, but merely a hint to the reliability of the numerics
by which the curves were obtained: from carbon conservation it follows that X (0) = 1 (see Appendix B) so that

lim A(p) L lim pX¢(p) = lim X¢(t) =1, (19)

p—o0 p—o0 t—0t+

where the second equality follows from the initial value theorem of Laplace transforms (e.g. Beerends et al., 2003, p. 292).
Hence the two curves match at small time scales for theoretical reasons and not because of the quality of the prediction. More
insight into the behaviour of g(p) will be given in section 4 when discussing its dependence on the climate-carbon cycle
feedbacks calculated for the CMIPS models.

The discrepancy between the two estimates of the airborne fraction observed at time scales smaller than 5 years is expected
from two types of error that might have affected the results. The first type affects the predicted airborne fraction and arises from
the ill-posedness of the deconvolution problem that must be solved to derive the generalized sensitivities employed in Eq. (15).
This ill-posedness obscures information at small time scales and therefore deteriorates the recovery of the sensitivities at those

scales (see Torres Mendonga et al., 2021a). The second type of error affects the true airborne fraction and arises from the fact

Note that for our analysis we calculated A (p) only up to a time scale of 100 years because of the restricted size of the linear regime: A (p) can be predicted
only until those time scales where the recovery of the generalized sensitivities is reliable; a reliable recovery, in turn, can only be obtained when the underlying
data are unaffected by strong nonlinearities that appear at larger perturbation strengths (Torres Mendonga et al., 2021a). Most restrictive in this respect is
X () whose recovery had for this reason to be based on only the first few decades of available simulation data (70 years for land and 50 years for ocean;
see Table A2). Nevertheless, experience with MPI-ESM in (Torres Mendonga et al., 2021b, Figs. 8a and 8b) and in Appendix A2 (Fig. Ale) suggests that the
recovery of generalized sensitivities can be relied upon even for time scales longer than those involved in their recovery — even for the whole 140 years of
available data. But since we have not tested this for models other than MPI-ESM, we decided to consider our recovery of A (p) reliable only up to 100-years

time scale.
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that X¢(t), from which then A(p) was derived via (18), was not obtained from a perfect impulse experiment (see details in
Appendix B). Although we derived X (¢) in Appendix B enforcing its known value X (t = 0) =1 as numerical constraint

450 to partially account for this error, the recovery of X (¢) at small time scales might still not be fully correct. Despite these
discrepancies, as time scales lower towards 1/p = 0.01 yrs the agreement improves once more, in line with the theoretical
expectation discussed above.

Overall, the close agreement between the two estimates of the airborne fraction demonstrates the predictive power of the

generalized «a-f3-v framework: since A(p) encodes all information needed to predict atmospheric carbon response to an
455 (weak) emission scenario — accounting for all climate-carbon cycle feedbacks —, this close agreement shows that, at least for

MPI-ESM, the generalized framework correctly predicts at global scale the linear dynamics of the coupled climate-carbon
system. In addition, because the two curves were obtained from very different simulations, their agreement adds confidence

that the numerical methods employed can be trusted. These two results suggest that the generalized framework as well as
our numerical methods are appropriate to confidently predict the airborne fraction and the underlying climate-carbon cycle
460 feedbacks by Eq. (15) of the generalized framework from the concentration-driven CMIP5 experiments as we do in the next

section.
4 Time-scale dependence of climate-carbon cycle feedbacks and airborne fraction for weak perturbations in CMIP5
models

In the present section we extend our analysis of the time-scale dependence of airborne fraction to the set of CMIP5 models

465 listed in Table 1. In particular we study the importance of the different climate-carbon feedbacks for this time-scale dependence.

Table 1. CMIP5 data considered in this study. For a description of the experiments please see Table Al.

Model 1% rad (esmFdbk1) 1% bgc (esmFixClim1) pre-industrial (piControl) 1% fully-coupled (1pctCO2)
BCC-CSM1-1 ‘Wu and Xin (2015b) Wu and Xin (2015¢) Wu and Xin (2015d) Wu and Xin (2015a)
CESM1-BGC Lindsay (2013b) Lindsay (2013c) Lindsay (2013d) Lindsay (2013a)
GFDL-ESM2M Dunne et al. (2014a) Dunne et al. (2014b) Dunne et al. (2014c) Dunne et al. (2014d)
HadGEM2-ES Liddicoat et al. (2014a) Liddicoat et al. (2014b) Jones et al. (2014) Webb et al. (2014)
IPSL-CM5A-LR IPSL (2011) IPSL (2011) IPSL (2011) Caubel et al. (2016)
MIROC-ESM Kindly provided by Tomohiro Hajima  Kindly provided by Tomohiro Hajima JAMSTEC et al. (2015b) JAMSTEC et al. (2015a)
MPI-ESM-LR Torres Mendonca et al. (2023) Torres Mendonca et al. (2023) Torres Mendonca et al. (2023) Giorgetta et al. (2012)
NorESM1-ME Tjiputra et al. (2012a) Tjiputra et al. (2012b) Bentsen et al. (2011) Tjiputra et al. (2012c)

The whole investigation is based on the calculation of the generalized airborne fraction by means of Eq. (15), whose power
to predict airborne fraction from the generalized sensitivities has been demonstrated exemplarily for MPI-ESM in the previous
section. As part of this demonstration, methods to derive the necessary generalized sensitivities from MPI-ESM standard
C*MIP simulations had to be developed (see Appendix A). They are applied here to calculate also for those other CMIP5

470 models the generalized sensitivities from published 1%-bgc and 1%-rad simulation data.
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Figure 1. Quality of agreement between the trae-frue generalized airborne fraction (Eg. (18); see section 3.1) and the generalized airborne
fraction predieted-predicted by invoking Eq. (15) of the generalized a-/3-v framework (see section 3.2). Technically, both curves were

obtained by means of our RFI method from MPI simulation experiment data. But while the “predicted” curve is based on the generalized

sensitivities derived from the usual pair of rad and bgc 1%-simulations using prescribed atmospheric CO5 (concentration-driven), the "true"

curve is based on data from impulse experiments performed with interactive CO9 (emission-driven; see the detailed description in Appendix

B). Note that the airborne fraction A plotted here differs from the standard airborne fraction AF (compare defining equations (13) and (12)) in
that it is a scenario-independent generalization of it that predicts the response of atmospheric carbon accumulation rate to any weak emissions
scenario (as demonstrated by Eqgs. (13) in the time domain and (14) in the time-scale domain). The maximum discrepancy between the two

curves is around 5% (1-year time scale). At time scales larger than 5 years, the average discrepancy is smaller than 1%. The overall close
agreement shows that the generalized o-3-7 framework gives — at least for MPI-ESM — a reasonable and scenario-independent description
of the linear dynamics of the coupled climate-carbon system at global earbor-eyete-in-the MPHESMscale.
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4.1 Generalized sensitivities of CMIP5 models

In this subsection we present our results for the generalized sensitivities of the considered CMIP5 models. The robustness
of the recovered sensitivities depends on the quality of the data (Torres Mendonga et al., 2021a, b) and on how appropriate
it is to apply the numerical techniques selected in Appendix A for MPI-ESM also to the other CMIP5 models. In principle
this robustness should be examined for these other CMIP5 models by means of additional simulations as was done for the
MPI-ESM in Torres Mendonga et al. (2021b) and in Appendix A. But such simulations are not available. To get nevertheless
an idea of the quality of the recovered generalized sensitivities we use them to predict the time dependence of the standard «,
B, and -y sensitivities for published 1% simulations and compare them with their values obtained directly from the simulation
data.

We start by discussing the identified generalized sensitivities. In Fig. 2 we show the ocean sensitivities in the first row and
the land sensitivities in the second row. Figures 2a and d show the #W%Wsensiﬁviﬁes. The
plotted vertical lines indicate the end of that part of the time series that is used to derive the sensitivities according to the
techniques summarized in Table A2. As seen, these two sensitivities are for almost all models positive at all times analyzed.
This is because an increase in atmospheric CO5 concentrations results in an increase in land and ocean carbon stocks: for
land this positive response is a consequence of the CO, fertilization effect, which increases plant productivity and vegetation
growth, while in the oceans it is a consequence of the increase in the difference between atmospheric and oceanic CO5 partial
pressure, leading to a positive input flux of CO; into the ocean (Arora et al., 2013; Friedlingstein et al., 2006). The surprising
negative values of %&mmr the HadGEM2-ES after 70 years are most likely a consequence of nonlinearities in
the response of this model: by the very nature of the biogeochemical response it can be shown that %Xm should
decrease monotonically to zero (see Torres Mendonga et al., 2021b, Appendix C), so that the negative values must be an artefact
of the numerical recovery caused either by the nonlinearity of the response being stronger than expected from MPI-ESM, or by
deterioration from noise (Torres Mendonga et al., 2021a). Noting that the order of magnitude of the estimated signal-to-noise
ratio in the HadGEM2-ES response is equal to or larger than that in the response of the other models (not shown), the negative
values are most likely not caused by noise but related to nonlinearities. This result suggests that to reliably derive 9@6‘—)
Wor this model, to minimize the influence of nonlinearities one should take data until a perturbation strength smaller
than that assumed following our investigation with MPI-ESM (Appendix A).

There is a close agreement between the obtained generalized ocean sensitivities %Mn Fig. 2a: in most models
Q@QF}X&Q decays rapidly at a similar pace in the first years. Such overall agreement is in contrast with the results for the
land sensitivities %Xﬁ@ in Fig. 2d, which spread largely for the different models. In particular the %M
sensitivities behave differently for the NorESM1-ME and CESM 1-BGC models, which have very small values at all times. This
behaviour may be explained by noting that these models account for the coupling between nitrogen and carbon cycle, which

reduces the strength of CO4 fertilization because of nitrogen limitation (Zaehle et al., 2010; Arora et al., 2013). Excluding
NorESM1-ME and CESM1-BGC, %Mfor the other models agree better at small than at large times.
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Figure 2. Generalized sensitivities (see definition in Egs. (2)—~(5)) in CMIP5 models. All sensitivities were derived employing the RFI
(Response Function Identification) method (Torres Mendonga et al., 2021a) using the techniques selected in Appendix A (see summary

Table A2). The inset in subfigure (f) shows the ratio of temperature sensitivities XU (4) /X (+), with the shaded area indicating the likel

range of 1.4—1.7 for the ratio of land to ocean temperature (obtained for CMIP6 but consistent with CMIP5 estimates, Lee et al., 2021, section
4.5.1.1.1; see discussion in text for more details). Changes with respect to pre-industrial equilibrium state were taken as Az = 2 — x°, where
x¥ is the mean value from the control simulation. Exceptions to this were AT-ATy, and ATo-ATy for MIROC-ESM: in the 1% simulations

from this model temperatures do not start at the level of pre-industrial equilibrium, so in this case we defined AT = T —T° with T° := T(0).

The vertical lines in plots (a) and (d) indicate the time series length that was taken to derive the sensitivities; for the other plots the full time

series was used.
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Figures 2b and e present the results for the %%ﬂd%%iﬁ—})((o) t) and XM (1) sensitivites. Both generalized sensitiv-

ities are negative for all times. This is because globally land and ocean lose carbon to the atmosphere when only the climatic
effect of COy, is taken into account. As clarified by Arora et al. (2013), this loss is explained by noting that rising temperatures
over land result in an increase of heterotrophic soil respiration and almost everywhere to a decrease in Net Primary Production,
while over the oceans rising temperatures result primarily in a decrease in CO; solubility and thus degassing.

In contrast to #@M/Q%Mthe model spread is large over the whole time range (compare
Figs. 2a and b). Particularly different is the behaviour of the sensitivities for MIROC-ESM and GFDL-ESM2M: while for all
other models the magnitude of %Mecreaws rapidly in the first years, for these two models only a slow decrease
resulting from strong contributions of long time scales in the generalized sensitivities (not shown) is observed. In fact the
decrease is so slow that it looks as if they had constant values throughout the whole time range, but this is a misimpression
induced by the scale of the plot.

The magnitude of %E%Mis — at least at small times — much larger than that of %EI,(—)LQF}MM almost all
models except for NorESM1-ME and CESM1-BGC. As explained by Arora et al. (2013), in these two models the coupling
between nitrogen and carbon cycle weakens not only the biogeochemical but also the radiative response, because temperature-
driven nitrogen remineralization enhances plant productivity, which counteracts the parallel carbon loss from the enhanced
soil respiration in the warmer climate (see also Melillo et al., 2002; Thornton et al., 2009). Analogously to %win
MIROC-ESM and GFDL-ESM2M, because of strong contributions from long time scales the generalized sensitivity %%lﬁ‘—}
Wecays in the two other models NorESM1-ME and CESM1-BGC so slowly (see Fig. 2e) that it seems as if it had a
constant value throughout the time series, which is also only a misimpression due to the scale. Overall there is a better model
agreement for %%%Mat large rather than at small times.

Finally, Figures Figs. 2c and f present the results for the X O (#}-and X L1+ X ©)(¢) and X (t) sensitivites that character-
ize the response of ocean and land temperature to atmospheric CO4 perturbations. For both %YQLMM#QF}M

mhere is a relatively good agreement among models. A larger spread is nevertheless found for values at small times,
for which the recovery is less robust due to ill-posedness of the deconvolution problem that must be solved to recover the
generalized sensitivities (Torres Mendonga et al., 2021a). We note also that the values of both sensitivities are closely related:
this is expected from the well-known fact that by various mechanisms the ratio AT /AT

is around 1.4-1.7 (Lee et al., 2021, section 4.5.1.1.1; Eyring et al., 2021, Fig. 3.2b.). By their definition in the Laplace domain
~ ~ < (@) ~ ~(0)

—: ¢ of land to ocean temperature

it follows that so that these

two generalized sensitivities should differ by about that factor. Interestingly, this is indeed seen for most models (see inset in
Fig. 2f), but only for the first decades — over the last years a large spread arises.

We now turn to the analysis of the plausibility of the recovered generalized sensitivities by means of the prediction of
the original «, 3, and ~ sensitivities for standard C*MIP 1%-simulations. For this analysis we first employ the recovered
generalized sensitivities to predict the original «, 5, and -y sensitivities and then compare the results to the actual «, 3, and

~ sensitivities obtained directly from data. That the original «, (8, and ~y sensitivities can in principle be predicted from the
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generalized sensitivities may be seen by noting that

t
ACY(t) ACRE(t) 1
(X)X) (4) .= X X — (X)X) (¢ —
8000 1) = S0 2 = s [ X001 s) e, (20)
- oo 0
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ra lL ra t
(X )(X) . X X _ (X)(X) t— ATradrad d 21
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— = — LRt = T BaAL )
7‘(1(/ rad
a XN (1) = Aix( )( )AZ = /X<X>(X) t—s)Ac(s)ds, (22)
c(t C

where X-X stands for land (£L) or ocean (©0), the superscripts “bgc” and “rad” indicate data taken from bgc- and rad-
simulations (see Table Al); quantities pre-fixed by A stand for a difference with respect to pre-industrial time. The first
equalities are the definitions of the standard «, 3, and +y sensitivities (Friedlingstein et al., 2003). The second equalities are
obtained by inserting Egs. (2)—(5) while accounting for the specific setup of the bgc- and rad-simulations: to a good approx-
imation (Friedlingstein et al., 2003) temperature remains unchanged in the bgc-simulations, while the CO, rise acts only via
climate on land and ocean carbon storage in the rad-simulations. In the following analysis we compare the prediction from
the generalized sensitivities (second equalities) to the actual «, 3, and ~y values computed by their definition directly from the
simulation data (first equalities). The whole comparison is performed for the 1% rad and the 1% bgc simulations (Table A1).

The results of these calculations are shown in Fig. 3. We plot the «, (3, and ~y sensitivities as function of time for the first 30
years of the 1% simulations so that CO4 forcing strengths are within the estimated linear regime of the generalized framework
(around 94 ppm; see Appendix A). Because of natural climate variability there is some uncertainty in the choice of the values of
pre-industrial temperature and carbon stocks needed to calculate the differences A7 x{#-and-ACx{#-ATx (1) and ACx(t) in
the definitions of the sensitivities (see Eqs. (20)—(22)). In Fig. 3 we used the variability from the associated control simulations
to estimate the resulting uncertainty range for the data-derived sensitivities (shaded area in the figures) — details are found
in Appendix E. As seen in the figure, for (¢) the uncertainty range gets sometimes extremely large; this happens when the
AT(#+-ATx(t) found in the denominator comes close to zero (see Eq. (ES)). In principle, such an uncertainty from initial
values enters also the denominator of the predicted -y sensitivities, but we do not display this to keep the figures simple and the
interpretation of this comparison would not change.

The results for MPI-ESM-LR can be considered as a reference for the achievable agreement between data-derived and
predicted sensitivities, because for MPI-ESM-LR the generalized sensitivities were obtained in a quality-controlled way by
means of additional simulations (see Appendix A) not available for the other models. In view of this achievable agreement, the
predicted - and y-sensitivities excellently match for all models the respective data-derived sensitivities, judged by noting that
the predicted sensitivities stay within the amplitude range of inter-annual variability that is by principle not predictable by the

linear response methods employed here because they predict the ensemble mean instead of the individual system development
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(see the discussion in Torres Mendonga et al., 2021a). In contrast, for all models the predicted 59 H#}-is-3(©) (1) is — for times

larger than 15 years — systematically too high;-and-the predicted3L1{(#)-. Additionally, the predicted 3 (¢) has a slope and/or
offset that systematically differs from those of the respective data-derived 3+ 3W1) ().

Such systematic deviations in ﬂ%—aﬁd—ﬁiﬁ&}&w@g&@l@re largely a result of the effect of nonlinearities
in the respective carbon responses Aé’%ét—)m in fact, if the predicted sensitivities are calculated by using under the
integral in (20) not the untransformed forcing Ac(t) but rather the transformed forcings epriafeftferr-cpln(c(t)/cpr) and
ANPP(t) — these are used in the derivation of the generalized sensitivities 9(,;(%)2(7(;3 to account for nonlinearities (see
Appendices A2 and AS) —, the quality of agreement for 32 {+}-and-3L1#)-3©) (¢) and 30 (¢) considerably improves (not
shown). We nevertheless chose to perform the predictions with the untransformed forcing Ac(t) to conform with the standard
formulation of the generalized framework (compare Eqs. (2)—(5)). Despite the encountered deviations in #&éﬁm in all
cases the magnitude and tendency of the predicted sensitivities matches those of the data-derived sensitivities.

Overall, we consider the results of this comparison as sufficiently convincing to add confidence in the validity of the re-

covered generalized sensitivities (Fig. 2) that underlie the predicted «, 3, and + sensitivities in Fig. 3. We note also that the

redicted sensitivities, in contrast to the often noisy data-derived sensitivities, are typically well defined because, as mentioned
above, the generalized sensitivities predict the response not in noisy individual realizations, but in a smooth ensemble mean.

Nevertheless, it should be kept in mind that this comparison is a mere plausibility check because essentially the same data used

to predict the «, 3, and +y sensitivities were also used to derive the generalized sensitivities.
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4.2 Additivity of responses

Before in-the-next-seetion-finalty-the-the main question of this study on the role of feedbacks for airborne fraction can be
addressedfinally be addressed in next section, another preparatory step is necessary. Key to investigate this question will be
Eq. (15) from the generalized framework to predict the generalized airborne fraction via the feedback functions from the
generalized sensitivities as already explained in section 3.2. In applying this relation to the data from the different CMIPS
models one must realize that the accuracy of such predictions depends on two aspects: 1) the quality of the numerical recovery
of the generalized sensitivities (see previous subsection); and 2) the validity of the assumption underlying the generalized
framework that for weak perturbations the carbon response to CO; is determined by the sum of the biogeochemical and
radiative responses; this assumption of additivity is implicit to Egs. (2)—(3), where the first term represents the biogeochemical
response, and the second (after insertion of Egs. (4)—(5)) the radiative response. Ideally, for each model one should fully check
these two aspects with the aid of additional simulations, as we did for the MPI-ESM in Torres Mendonga et al. (2021b) and
in Appendix A. Unfortunately, such additional simulations are at present not available for other models so that a full check is
not possible. Nevertheless, since all CMIP5 models provide in addition to the 1% rad and bgc simulations also a 1% “fully-
coupled” simulation (a 1% simulation where both the biogeochemical and the radiative effects of CO, are active), one can at
least check whether the biogeochemical and radiative responses are indeed additive for a certain range of perturbation strengths.
The rationale underlying this check is that the 1% rad and bgc simulations separately give the values for the two right hand
side terms in Eqgs. (2)—(3) while the 1% “fully-coupled” simulation gives the left-hand sides.

To check additivity, we plot in Fig. 4 for each of these models the response in carbon storage for land, ocean and global
(land plus ocean) carbon from the 1% fully-coupled experiment along with the sum of the responses from the 1% bgc and
1% rad experiments. If additivity holds for a certain range of perturbation strengths, then within this range these two curves
(1% fully-coupled and the sum of 1% bgc and 1% rad) must agree. As seen, for all models there is indeed agreement at least
within the estimated range of linearity (94 ppm COxs rise, see Appendix A) for land, ocean, as well as global carbon stock
changes, with larger discrepancies for land and global carbon in MIROC-ESM and NorESM1-ME. For those two models, the
generalized framework may not fully describe the linear dynamics of the system in the “fully-coupled” setup’. But overall,
within the linear regime one may say that the biogeochemical and radiative response are approximately additive in the CMIP5
models. This result, together with the evidence for the overall plausibility of the generalized sensitivities obtained in the last
subsection, gives some confidence that our numerical methods and the framework as a whole are describing in reasonable

approximation the linear dynamics of the carbon cycle in these models.
4.3 Climate-carbon cycle feedbacks and airborne fraction

In this section we tackle the main question of our study, namely how the climate-carbon cycle feedbacks shape the time-scale

dependence of the generalized airborne fraction. From here on we take for granted that by the methods presented in the previous

"It is nevertheless not completely clear from only those single realizations if this is true, because the generalized framework predicts the dynamics of the

system only in the ensemble mean (see Torres Mendonga et al., 2021a).
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Figure 4. Check of the additivity of the biogeochemical and radiative carbon responses in CMIP5 models that underlies the generalized a-
B-y-framework (compare Egs. (2)—(3)). Plotted are the sum of the responses from the 1% bgc and 1% rad experiments (dashed lines) and the
response from the 1% fully-coupled experiment (solid lines) for land (green), ocean (blue), and global carbon (land plus ocean; black). Note
that in contrast to all other simulations, for GFDL-ESM2M the prescribed atmospheric CO» increase by 1% per year does not last for the
full 140 years, but only for the first 70 years from whereon COx is kept at the level reached. This explains the peculiar vertical behaviour at
the end of the time series in subfigure (c): while CO> is held constant (note the reduced CO> scale), carbon stocks continue accumulating on
land and in the ocean. This figure confirms that additivity holds approximately within the estimated linear regime of 94 ppm (see Appendix

A) for all models. For more details see text.
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sections indeed Eq. (15) reliably predicts the generalized airborne fraction for the considered CMIP5 models. We thus proceed
to estimate the feedbacks and the airborne fraction for each model via Egs. (9), (10) and (15). The results are shown in Fig. 5.

In Fig. 5a, one sees that for almost all CMIPS models the time-scale dependent airborne fraction decreases as the time scale
1/p increases, all starting at 1 for small time scales and spreading from 0.56 to 0.75 at a time scale of 10 years, and from 0.26 to
0.5 at a time scale of 100 years. The only exception is HadGEM2-ES, whose time-scale dependent airborne fraction once more
increases at long time scales, which, as will be seen below, is related to a reduction in the magnitude of its land biogeochemical
feedback. That airborne fraction has value 1 at short time scales is not a property of the models but follows from its definition
(compare Eq. (19)). Not so the decrease of airborne fraction at large time scales: as will get clear below this behaviour is a
consequence of the biogeochemical feedback being stronger than the radiative feedback in the considered CMIP5 models so
that this decrease is presumably a genuine property of the Earth system.

How the airborne fraction changes in the time-scale domain is determined by the climate-carbon cycle feedbacks. As seen
in Fig. 5b, for 1/p — 0 all feedback functions approach zero which in view of Eq. (15) is consistent with ﬁ(p) — 1 for the
airborne fraction. Besides the mathematical reasons explained in connection with Eq. (19), this behaviour can intuitively be
understood by noting that at small time scales the ocean and land carbon cycle have not yet reacted to emissions, so that
at these scales /Nl(p) — 1 and thus atmospheric CO5 simply follows emissions (Eq. (14)). To understand how the airborne
fraction behaves as the time scale increases, one must look at the behaviour of the separate feedback functions. For larger time
scales, the feedback functions thhat quantify the radiative feedbacks get increasingly positive, while
the feedback functions %ﬁd—fg&Mthat quantify the biogeochemical feedbacks get in general increasingly
negative. The sign of these feedbacks is in agreement with current process understanding (Friedlingstein et al., 2006; Gregory
et al., 2009; Arora et al., 2013, 2020). But that these feedbacks are either positive or negative for all time scales is a non-trivial
result that could not be obtained by the original a-3- framework because there the time-scale dependent feedback strengths
show up only combined with the external forcing that enters the quantification by the underlying «, 8 and -y sensitivities (see
discussion in section 2). The observed uniformity of the sign of the feedbacks is explained by the fact that almost all generalized
sensitivities in Fig. 2 are either always negative or always positive: since the feedback functions are proportional either to the
Laplace transform of X3 or to the product of the Laplace transforms of X, and X, (Egs. (9) and (10)), one sees following the
lines of the argument for ﬁ(p) > 0 in Appendix D that by the positivity or negativity of these response functions in time also
their Laplace transforms and the associated feedback functions must have a unique sign at all time scales®. Interestingly, for
increasing time scales in almost all models — except for the HadGEM2-ES at long time scales — the sum (land plus ocean) of the
biogeochemical feedbacks gets increasingly larger than the sum of the radiative feedbacks. As a result, in all these models the

total feedback function f(p) gets increasingly negative (not shown) and by Eq. (15) the airborne fraction always decreases. In

8This however does not work the other way around: from the positivity or negativity of the feedback functions one cannot determine the sign of the
associated response functions. In fact, the only exception to the observation on the uniformity of the sign of the generalized sensitivities is seen in Fig. 2 for
the %m sensitivity of HadGEM2-ES: it changes sign after 70 years but still leads to a negative %{m But the negativity of Q@H—}
X\g\“@in HadGEM2-ES is still reflected in Fig. 5b: although for the domain analyzed %}*&E}\(BLIS always negative, its magnitude starts to reduce

over decadal time scales, which is in contrast to all other feedback functions.
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Figure 5. Airborne fraction and climate-carbon cycle feedbacks in CMIP5 models as derived by the generalized framework (Egs. (15) and
(9),(10)). The numbers in subfigure (b) indicate the model mean and standard deviation for each feedback function at 10-years and 100-years
time scales. Note that the generalized airborne fraction and all feedback functions are dimensionless.
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the HadGEM2-ES, at long time scales the magnitude of the land biogeochemical feedback starts to decrease, thereby reducing
the magnitude of the (negative) total feedback function and as a consequence increasing the airborne fraction.

In the mean over all models, the land biogeochemical feedback is at all time scales larger than the ocean biogeochemical
feedback: at a time scale of 10 years, it is 1.4 times larger, and at a time scale of 100 years, 1.8 times larger. The picture is
qualitatively similar for the radiative feedback: at a time scale of 10 years, the land feedback is, despite its small value of 0.03,
orders of magnitude larger than the almost absent ocean feedback, and at a time scale of 100 years the land feedback is 7.4
times larger than its ocean counterpart. Aggregating land and ocean, the mean of the biogeochemical feedback is 22 times larger
than the radiative feedback at a time scale of 10 years, and 5.6 times larger at a time scale of 100 years. These results are in
particular at short time scales in contrast with previous estimates (Gregory et al., 2009; Arora et al., 2013) using Friedlingstein’s

framework, which suggested that the biogeochemical feedback is about 4 times larger than the radiative feedback. Hewever;

ene-mustnote-that-One must note though that our and previous estimates are not entirely comparable: while previous estimates

were made for a particular scenario, our estimate is valid for any scenario. In addition, here only the linear regime is considered
so that the saturation of the land and ocean carbon sinks (that reduces the values of #-and-32131) and 3(0) when higher

perturbation strengths are considered) is not taken into account.

By Fig. 5b the model spread is for the land feedbacks much larger than that for the ocean feedbacks, as expected from
previous studies (Gregory et al., 2009; Arora et al., 2013; Friedlingstein et al., 2014). Because of the nonlinear relationship
between g(p) and the feedback functions (see Eq. (15)), it is not immediately clear how the model spread in the feedbacks
propagates to the airborne fraction. Assuming small, independent spreads, this propagation may be computed as (Roe, 2009;
Barlow, 1989, p. 55)°

ya Jya
~~

o4 (p) = A'(p) U?QQB(P)+0}2«Q@W(P)+U2/-§O>f/<10>(p)+02/-<o> ©(®) ], (23)

where o2 denotes the spread (variance) for each quantity. Figure 6a shows the terms on the right-hand side of Eq. (23), the
resulting approximation of 0'% (p) (sum of those terms), and the true spread in the airborne fraction. As seen, the true variance
in the airborne fraction follows closely the component arising from the land biogeochemical feedback, with a slightly larger
discrepancy at time scales above 30 years, indicating that on longer time scales other feedbacks’ spread becomes relatively
more important. This indicates that most of the model spread in the airborne fraction arises from the spread in the land
biogeochemical feedback. This result agrees with that obtained in a recent study (Jones and Friedlingstein, 2020) that also
evaluated how the model spread in the airborne fraction is affected by the spread in the climate-carbon cycle feedbacks, but
employing Friedlingstein’s original framework for the analysis.

An even clearer view about the impact of the different feedbacks on the airborne fraction may be gained by artificially
changing the values of these feedbacks to study hypothetical situations and then evaluating the resulting change in the airborne

fraction. For instance, one can illustrate how strongly the model spread in the airborne fraction depends on the spread in the

This follows by expanding A (p) around the mean into the feedback functions, assuming small spreads in the functions so that only linear terms are kept,

and then calculating the variance of the result assuming independent spreads so that covariance terms are ignored.
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Figure 6. Analysis of model spread of feedback functions and their influence on the airborne fraction. (a) Spread (variance) of airborne
fraction and decomposition in terms of the feedback contributions according to Eq. (23); (b) Airborne fraction (averaged over all models)
and its model spread (standard deviation) as shown in Fig. 5a (unchanged) and airborne fraction and the model spread that one would obtain if
the feedback function ig@f&%iwas for all models equal to the model mean. Percentages in (b) indicate the reduction in the airborne-fraction

model spread compared to the true spread at 10- and 100-years time scale. See text for more details.

land biogeochemical feedback by recalculating the statistics of the airborne fraction taking f@f@a for all models equal to
its model mean. As shown in Fig. 6b, it turns out that if the exact values of only this feedback function were known and equal
to the model mean (with all other feedback spreads remaining the same), the spread in the airborne fraction would reduce by
about 82% at a time scale of 10 years and 61% at a time scale of 100 years. This once more makes obvious that the main reason

for the model spread in the airborne fraction is the large spread in the land biogeochemical feedback.

5 Conclusions

The dynamics of the global carbon cycle can be understood in terms of feedbacks arising via the land and ocean carbon cycle
when atmospheric COs is perturbed. To disentangle and separately quantify those feedbacks, Friedlingstein et al. (2003) devel-
oped the a-3- framework. Although this framework gives insight into the main effects of atmospheric CO- perturbations onto
the global carbon cycle, by not accounting for the internal time scales of the system, the resulting quantification of feedbacks
is valid only for a particular perturbation scenario and time period. Such limitations are overcome by employing the recently
proposed generalization of this framework (Heimann, 2014; Rubino et al., 2016; Enting and Clisby, 2019; Enting, 2022). By
assuming weak perturbations and accounting for the memory of the carbon cycle, the generalized a-3-7 framework quantifies

feedbacks independently of the perturbation scenario at different time scales. As a result of the generalization, this framework
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gives in principle a complete description of the linear dynamics of the global carbon cycle in terms of the underlying feedbacks.
But so far its applicability to study the dynamics of the climate-carbon system had not been systematically investigated.

Here, we employed this generalized framework to study the time-scale dependence of the climate-carbon cycle feedbacks
and the associated airborne fraction for an ensemble of CMIP5 models. In section 3, we have shown for the example of MPI-
ESM that the generalized sensitivities identified from concentration-driven simulations correctly predict via Eqs. (7)—(8) and
(15) the generalized airborne fraction derived from emission-driven simulations. This demonstrates that the generalized a-3-y
framework has indeed predictive power.

Based on experience with MPI-ESM, we quantified in section 4 the time-scale dependent airborne fraction and feedbacks
for various other CMIP5 models. As can be seen from Eq. (14), the time-scale dependent airborne fraction quantifies the
fraction of emissions staying in the atmosphere at a particular time scale. At small time scales this fraction is known to be
-1, i.e. atmospheric carbon simply follows emissions because feedbacks that could change it need sufficient time to react. We
found that for almost all models, the airborne fraction strictly decreases towards long time scales. This decrease is slow: even
at a time scale of 100 years the airborne fraction has dropped down only to values ranging from 0.26 to 0.5, meaning that even
a century after CO- emissions happened a considerable amount is still airborne, which is consistent with results from impulse
experiments (Archer et al., 2009).

Considering global carbon, in the model mean the biogeochemical feedback was found to be 22 times larger than the
radiative feedback at a 10-years time scale and 5.6 times larger at a 100-years time scale. This result suggests that at least
over shorter time scales the difference between these feedbacks may be even greater than previously thought (Gregory et al.,
2009; Arora et al., 2013). Nevertheless, one must note that here only the linear perturbation regime is considered, so that a
possible saturation of the land and ocean carbon sinks at high CO- (that would reduce the values of 5@—&&6#5@)»%
,\BA((A))Ncompared to the case where no saturation is present) is not reached.

The influence of the model spread of the different feedbacks on the airborne fraction was also investigated. It was found
that the spread in the airborne fraction arises mostly from the spread in the land biogeochemical feedback, especially for time
scales below 30 years. By considering the hypothetical case where this particular feedback would be equal to the model mean
we found that the spread in the airborne fraction would decrease by 82% at a 10-years time scale and by 61% at a 100-years
time scale, which demonstrates even more clearly that it is indeed the land biogeochemical feedback that causes the spread in

airborne fraction between the different models.

6 Discussion

While the generalized framework was shown here to reasonably describe the linear dynamics of the global carbon cycle in
MPI-ESM, the results obtained for the other CMIP5 models depend on two basic assumptions. The first is that the generalized
sensitivities in the CMIPS models are recoverable with sufficient quality by the same numerical approaches that were appropri-
ate to recover the sensitivities in MPI-ESM. This involves the assumption that for all other considered CMIP5 models the linear

perturbation regime is of similar extent to that found for MPI-ESM for the different response variables invoked to recover the
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sensitivities. This might not be the case — and is probably not for 9@&2‘2&1 the HadGEM2-ES (see discussion of Fig. 2d).
The second basic assumption is that the generalized framework itself correctly describes the dynamics of the global carbon
cycle in those models. This involves the assumption that the biogeochemical and radiative responses are additive — which was
confirmed to a good degree of approximation within the linear regime (see Fig. 4) —, but also that the whole carbon cycle
dynamics can be described in terms of the responses to atmospheric CO, and temperature alone (see Egs. (2)—(5)). Ideally,
each of these assumptions should be carefully investigated for each model separately by aid of additional simulations, similarly
to what was done here for the case of MPI-ESM.

These cautionary remarks in mind, our conclusion that the spread in the airborne fraction arises mostly from the spread in
the land biogeochemical feedback corroborates the recent finding by Jones and Friedlingstein (2020), who performed a similar
analysis employing Friedlingstein’s original a- 8-y framework. This agreement adds confidence in the results obtained here, and
suggests that research on climate-carbon cycle feedbacks should focus especially on understanding the land biogeochemical
feedback, since it is the largest source of model uncertainty in the airborne fraction in our and in their analysis. But additionally,

the conclusion drawn here is valid not only for the particular perturbation scenario underlying the CMIP5 protocol, but for all

scenarios within the linear regime. Insofar this eonclusion-answersfor perturbations-within-the tinear regime-the-study at least
partially answers the question raised by Jones and Friedlingstein (2020) about the generalizability-of-theirfeedback-analysis
to-behaviour of climate-carbon cycle feedbacks in scenarios with different characteristics: as long as we stay within the linear
regime, there is no need for calculating for the different scenarios separate feedback metrics; the feedback functions of the
generalized framework describe this behaviour for all scenarios at once.

Estimates of the time-scale resolved airborne fraction, by means of Eq. (18), and of time-scale dependent generalized sensi-
tivities had already been attempted (Enting, 2007; Rubino et al., 2016; Enting and Clisby, 2019; Enting, 2022). These attempts,
focused on the observed carbon cycle, were based on ad hoc assumptions on the internal memory in terms of analytical struc-
ture of the underlying response functions and values of internal time scales. Such assumptions could be circumvented in the
present study by employing our RFI method (Torres Mendonga et al., 2021a, b) that instead derives the internal time-scale
spectra of the system by fully accounting for the ill-posedness of the underlying inverse problem. But it should be noted that

our approach is tailored to simulation data and whether it may be applicable to observation data needs to be seen. One of the

involved challenges for such application is that our setting here is limited to an idealized case where COs is the only forcin

while in observations one would have to account for further perturbations such as non-CQO5 greenhouse gases, land use change
aerosols, etc.

As explained in section 2, the time-scale resolved airborne fraction can be understood as a generalization of the airborne
fraction in its standard definition (defined as a ratio of atmospheric CO, fluxes to emission fluxes; see Eq. (12)). It is well
known that the near-constancy of the value of the standard airborne fraction is a result of linearity of response in combination
with the exponential character of the increase of historic emissions (Raupach, 2013). Accordingly, once emissions get non-
exponential — as it must be if future emissions are significantly reduced —, the standard airborne fraction must deviate from
its constant value (Raupach, 2013). Thus, standard airborne fraction cannot be seen as an invariant property of the climate-

carbon system. In contrast, the generalized airborne fraction investigated here describes the response of atmospheric CO5 to
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any emissions scenario and is therefore indeed an invariant property of the system. As such, the generalized airborne fraction
may be employed to predict the standard airborne fraction by Eq. (13) for any emissions scenario as long as emissions are
sufficiently weak (see Appendix F for an exemplary demonstration). This is the case e.g for emission scenarios with low or
even negative future emissions as investigated in Jones et al. (2016). For such scenarios the generalized airborne fraction —
once it has been determined for one or more models — could be used as an emulator to see without expensive Earth system
simulations how atmospheric CO5 develops; and a similar approach could be applied to changes in the land and ocean carbon

reservoirs by determining the appropriate response functions.

7 Outlook

Besides investigating the time-scale dependence of airborne fraction, our study also demonstrated for MPI-ESM the predic-
tive power of the generalized framework (see section 3). This demonstration indicates that this framework may be invoked
to tackle also other problems involving time-dependent components of the climate-carbon system. Directly related to the air-
borne fraction is the Transient Climate Response to Cumulative Emissions (TCRE), which quantifies the change in global
mean temperature in response to cumulative emissions (Ciais et al., 2013). As recognized by Gregory et al. (2009), and

Jones and Friedlingstein (2020), the TCRE can be investigated using the standard climate-carbon eyele-feedbackframeweork

—feedback framework by means of airborne fraction and the global temperature sensitivity to CO5. We believe this extends
to the generalized framework investigated here — note that although we take separate temperature sensitivities for land and
ocean, sensitivities defined for a single global temperature can be easily obtained from them (see Appendix G). Jones and

Friedlingstein (2020) in particular quantified the contribution of the spread in each sensitivity in Friedlingstein’s framework to
the spread in TCRE, finding in their multi-model ensemble that the spread in the #2131 _sensitivity has the second largest
contribution, smaller only than that from the spread in the a-sensitivity (see their Fig. 4). It would be interesting to check this
finding in the generalized framework employed here, where the additional complications arising from the scenario dependence
of Friedlingstein’s framework are absent. Further, the generalized framework could be used to study how the TCRE is deter-
mined by contributions from the different climate-carbon cycle feedbacks at different time scales. Such analysis could lead to
a better understanding of the dynamics behind this metric.

Furthermore, the generalized framework may be invoked to investigate the contribution of the different feedbacks to com-
mitted climate change, where one is interested in understanding the behaviour of the system once atmospheric CO5 stabilizes
or emissions cease (Wetherald et al., 2001; Meehl et al., 2005; Wigley, 2005; Plattner et al., 2008; Mauritsen and Pincus, 2017,
MacDougall et al., 2020). Also, since the generalized framework gives a consistent formalism for quantifying climate-carbon
cycle feedbacks, it may be possible to apply it to study in a consistent unified framework climate-carbon cycle feedbacks and
physical climate feedbacks (Gregory et al., 2009; Williams et al., 2019; Goodwin et al., 2019).

One aspect emphasized throughout this study is that the generalized framework is valid only for weak perturbations. In
fact, we have found in application to the MPI-ESM that the linear regime extends only up to about 100 ppm atmospheric CO2

increase beyond the pre-industrial level, i.e. up to a value of about 380 ppm. This perturbation level was reached already around
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2005 (Dlugokencky and Tans, 2023) so that this linear framework cannot be employed to study future climate change. But
gaining understanding of the large-scale dynamics and the underlying memory structure of the coupled climate-carbon cycle
system should be easier in the linear regime where complications from nonlinearities that are expected to get increasingly
important during future climate change are absent. Given the promising results obtained here and the potential applications
outlined above, we believe that the generalized framework is thus the right tool for such investigations. But in principle the
Volterra expansion underlying the generalized framework can be extended beyond the linear term (Ruelle, 1998; Lucarini,
2009), so that one could also think of a nonlinear generalized feedback formalism applicable to near future climate change
(Roe, 2009). For such a research program it would be useful to have simulations with a better signal-to-noise ratio to recover the
response functions. In the present study we used published 1% simulations from C*MIP, but as we showed in Torres Mendonga
et al. (2021a, b) simulations forced by a step-function CO, rise would be more suitable for their recovery. Therefore it could
be an idea for a future C*MIP protocol to switch to such simulations.

Finally it may be noted that our study is an example for the application of linear response theory — known from statistical
mechanics (Kubo et al., 2012) — to a dissipative system (Lucarini et al., 2014), namely to the global carbon cycle. Recently
it has been noted that the RFI method underlying our recovery of the generalized sensitivities is limited in scope because it
assumes the absence of an imaginary part of the eigenvalues of the evolution operator (Santos Gutiérrez and Lucarini, 2022).
In case that some eigenvalues have a non-zero imaginary part the system contains internal oscillatory modes. But this is hardly
believable to be true for the carbon cycle at the time scales from one year up to a century considered in the present study.
While the intra-annual oscillations seen e.g. in atmospheric CO4 are caused externally by the effect of the seasonal changes
in insolation on climate and photosynthesis, ecological communities in the ocean and on land may in principle be capable of
oscillatory behaviour in their population dynamics at multi-annual scales (see e.g. Murray, 1993). But there is no evidence
that such processes may be relevant at global scale. In contrast to the carbon cycle, the climate system is known to have
internal oscillatory modes (e.g. ENSO and NAO). Currently it is unclear how one could account for non-zero imaginary parts
of the eigenvalues in the recovery of linear response functions from data; the RFI method gains part of its simplicity from the
particular assumption of non-complex eigenvalues. Insofar, the carbon cycle seems to be that part of the Earth system to which

linear response theory may be applied most easily.

Code and data availability. The scripts and data used to produce the results in this paper can be found at https://hdl.handle.net/21.11116/
0000-000C-F6A2-7 (Torres Mendonca et al., 2023).

Appendix A: Generalized-Calculation of generalized sensitivities for ecean-earbon-and-temperature-in-the MPI-ESM

This appendix complements the results from Torres Mendonga et al. (2021b) to derive for the MPI-ESM all generalized
sensitivities. The results from this appendix are needed for (i) testing the predictive power of the generalized a-3- framework

in section 3; (ii) identifying the best data pre-processing techniques to optimally recover the generalized sensitivities for the
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investigation of the feedbacks and of airborne fraction in CMIP5 models in section 4; and (iii) obtaining an estimate of the
linear regime for which the generalized a-/3-v framework is valid.
Since the land carbon sensitivities meere already derived in Torres Mendonga et al. (2021b),

. .. . e L (O) A (0) -
here we derive the remaining generalized sensitivities for ocean carbon and land/ocean temperature g >, © L

#MM(SCC section 2). We recover these sensitivities by the RFI method (Torres Mendonga et al.,
2021a) using data taken from standard C*MIP 1% experiments (see Table Al). To obtain the generalized sensitivities with
the best possible quality and also estimate the linear regime for which the generalized «-/3-v framework is valid, following

Torres Mendonga et al. (2021b) we proceed in three steps:

1. Select a technique to pre-transform the data to account for known nonlinearities in the response. Accounting for these
nonlinearities allows for recovering the generalized sensitivity from experiments with higher perturbation strengths and

thus higher signal-to-noise ratio, which improves the quality of the results.

2. Determine the maximum forcing strength for which no strong nonlinearities are present in the response. This gives
the best trade-off between signal-to-noise ratio and nonlinearity for a particular pre-transformed response data, thereby

further improving the quality of the recovery.

3. Calculate the linear regime of the response, i.e. the range of forcing strenghts for which the generalized sensitivity can
be used to predict the response of the system. By analyzing this linear regime for all generalized sensitivities we will
be able to determine the overall linear regime for which the generalized a-(3-v framework as a whole can predict the

dynamics of the coupled global carbon cycle accounting for all climate-carbon cycle feedbacks.

The final result of this analysis is summarized in Table A2 in section A6. The results for the best pre-transformation technique
and maximum forcing strength for the recovery of the MPI-ESM sensitivities are used to derive the generalized sensitivities
for all CMIP5 models in section 4.

Al Procedure to analyze the recovery of the generalized sensitivities

To perform the analysis described in the three steps above we employ a simple procedure introduced in Torres Mendonga et al.
(2021b). The idea behind the procedure can be understood as follows. First, using the RFI method (Torres Mendonga et al.,
2021a), we recover the generalized sensitivity taking pre-transformed data from increasingly longer time periods of the 1%
experiment. For each time period, we employ the recovered generalized sensitivity to predict the response of additional 0.5%
and 0.75% experiments covering that same time period (for a description of the experiments see Table Al). Then, we measure
the quality of the recovery of the generalized sensitivity by the quality of the prediction of the responses for these additional
simulations. The quality of the prediction is quantified by the (dimensionless) prediction error

_IAYF XA
A VN 2 A

where X x A f* gives the predicted values, » stands in short for the convolution operation, AY* and A f* are the response

and the perturbation in experiment “k” and X is the response function recovered from the 1% experiment. Because in the 1%

34



Table A1l. C*MIP-type experiments considered in this appendix, following Torres Mendonga et al. (2021a, b). Acronyms “rad” and “bgc”
refer to standard CMIP model setups used to calculate the climate-carbon cycle sensitivities. In the “rad” (radiatively coupled) setup, only
the radiation code of the model is affected by changes in atmospheric CO2. This setup is used to calculate X, and X,. In the “bgc”
(biogeochemically coupled) setup, only the biogeochemistry of the model is affected by changes in atmospheric CO». This setup is used to
calculate X g. In the 1% fully-coupled experiment (used in Appendix F and also for Fig. 4) both the radiation and the biogeochemistry code

of the model are affected by changes in CO2. The standard CMIP experiments’ names are set in brackets.

Type Forcing Description

0.5% rad

0.5% bgc

0.75% rad

0.75% bgc

1% rad (esmFdbk1)
Percent 1% bgc (esmFixClim1)

1% fully-coupled (1pctCO2) specified percent rate per year.

1.5% rad

1.5% bgc

2% rad

2% bgc

1.1xCO2 rad

1.1xCO2 bgc CO., is abruptly increased from its pre-industrial value by

2xCO2 rad the specified factor.
2x CO2bgc

pre-industrial

COs is increased from its pre-industrial value at the

Step

Control CO2 is held fixed at its pre-industrial value.

(piControl)

855 experiment the perturbation strength increases with time, also the signal-to-noise ratio of the data increases. On the other hand,

860

higher perturbation strengths increase nonlinearities. This results in the following trade-off: while a higher signal-to-noise ratio
results in a recovery with better quality, larger nonlinearities deteriorate the quality of the recovery. From this trade-off, by
analyzing the prediction error (A1) for different perturbation strengths of the 1% experiment and also for different data pre-
transformation techniques, one can: 1) select the best pre-transformation technique for the recovery of the response function;
2) determine the maximum forcing strength for which the response function can be optimally recovered; and 3) estimate the

linear regime of the response. For a more detailed description of this procedure please refer to Torres Mendonca et al. (2021b).
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A2 Generalized sensitivity X ;=X 5"’
i . . (0)4(0)
Pre-transformation techniques to recover X5—"X 5~

Similarly to Torres Mendonga et al. (2021b), we recover %X(O) t) employing the RFI method in combination with two

techniques. The first technique consists in simply taking Ac(t) as perturbation and derive 9@6‘%—&% ©) (1) from
t
ACH %o 1) = X0t~ 5)Acls)ds (A2)
0

where Angc(t) is the ocean carbon response in the “bgc” setup (see Table Al). Because we directly take Ac(t) for the
recovery, we call this the no-transform technique.

Since (A2) is the equation employed in the generalized framework to describe the ocean biogeochemical response (compare
Eq. (3)), from this no-transform technique we will also obtain an estimate of the range of CO5 perturbation strengths for which
this response can be considered linear. This estimate is needed to address the question of what is the linear regime for which

the generalized a-3-7v framework is valid in the MPI-ESM.

In the second technique, we consider the logarithm of ¢ as perturbation and derive 9&6‘%—#@% ©) (1) from
t
c c(s)c(s
ACH G (1) = / X5 1u(t = s)eprpn o)y, (A3)
B crr cer

where cpy is the pre-industrial value for atmospheric CO,. Because we take instead of c its logarithm, we call this the log-
transform technnique.

This log-transform technique is inspired by the fact that nonlinearities in the ocean carbon uptake come mainly from the
dissolution of CO4 in ocean surface water (see e.g. Joos and Bruno, 1996). Because with accumulation of COs in upper layers
of the ocean the ability for further uptake of COy decreases (HooB et al., 2001), we use a logarithmic representation for the
perturbation to try to explicitly describe the nonlinearity between CO, concentration and the carbon flux into the ocean. As

s — . . 19) in subsection 4.1
, employing Eq. (A3) has the advantage that é%éﬁ%@&)mmx%, i.e. by deriving %Mﬁom
Eq. (A3) one obtains also the desired #ﬂ%

For both techniques %&&Ms derived enforcing monotonicity by the RFI algorithm (see Fig. 1 in Torres Mendonga

et al., 2021a).

explained in S

Recovery of #Xg)wand linear regime of the biogeochemical response of ocean carbon

Using the pre-transformation techniques described above, in the following we recover the generalized sensitivity 9&5&
and evaluate the quality of the results.

We start by deriving 9@6&}% from Eq. (A2) (no-transform technique) taking data from the 1% bgc experiment.
Following the procedure described in section Al, we employ Eq. (A2) to predict the response from the 0.5% and 0.75% bgc
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experiments (see Table Al). Figure Ala shows the resulting prediction error (see Eq. (A1)) for increasing time period of the
data used to obtain Q@Q—}M— note that on the x-axis the CO; forcing strength in the 1% bgc experiment at the end
of the period is used. Similarly as for the biogeochemical response of land carbon in Torres Mendonca et al. (2021b), minima
are found for final forcing strengths below 100 ppm (about 94 ppm for the 0.75% and 58 ppm for the 0.5% bgc experiment),
indicating the presence of strong nonlinearities for forcing strengths above this value. Because both minima are “flat”, i.e. the
error does not change substantially for values around the minima, we take as an estimate of the linear regime forcing strengths
below the highest minimum — about 94 ppm in the 0.75% curve.

To try to improve the quality of the recovery, %Wxﬁ(@?l@)vwas derived as well using the log-transform technique
(Eq. (A3)). To see whether the quality of the recovery indeed improves, one must check if Eq. (A3) indeed accounts for
some of the nonlinearities in the response. If this is the case, then Eq. (A3) should predict the 0.5% and 0.75% bgc responses
better than Eq. (A2). To check this, we recovered %@&}X&Q by this log-transform technique and then employed the
recovered %&(ﬁl{/@jn Eq. (A3) to predict these responses. The resulting prediction error is shown in Fig. Alb. Overall
the error is substantially smaller than in Fig. Ala. Minima are still found, but now at values between 100 and 200 ppm and with
smaller optimal errors. In contrast to Fig. Ala, after the minima the error increases only slightly for increasing final forcing
strength. Therefore, Eq. (A3) seems to indeed account for some of the nonlinearities in the response. Hence, with this approach
one can derive %M taking data from the 1% bgc experiment until larger perturbation strengths and therefore higher
signal-to-noise ratios than with the no-transform technique, making it in principle possible to recover %mmm
better quality.

But despite the overall reduction in the prediction error, Fig. Alb still shows a slightly increasing trend in the prediction
error after the minima, indicating the presence of possibly non-negligible nonlinearities in the response. Therefore we check
whether the log-transform technique indeed gives a better recovery for #%Mby comparing the recovery from this
technique with that from the no-transform technique. Figure Alc shows the response function recovered with each technique
taking data from the 1% bgc experiment until the optimal final forcing strength (we take 94 ppm or 30 years of the 1% bgc
experiment for the no-transform technique and 138 ppm or 50 years of the 1% bgc experiment for the log-transform technique;
the values correspond to the minima found in the 0.75% curve respectively in Figs. Ala and b) and the response function
recovered with the log-transform technique but taking data until the maximal final forcing strength in the 1% bgc experiment,
i.e. the whole time series (since for those forcing strengths the error in Fig. A1b is still small). As seen, all recovered response
functions are very similar. This similarity is most likely due to the combination of an overall high signal-to-noise ratio of the
ocean biogeochemical response (as indicated by the small errors even at small perturbation strengths in subfigures (a) and
(b)) and only small contributions from nonlinearities when employing the log-transform technique. This suggests that for the
MPI-ESM 9@6&% can be equally well recovered by either of the two techniques. Despite this result, we selected the
log-transform technique for deriving MMn sections 3 and 4 because this technique accounts for nonlinearities that
may cause a more significant error in the recovery for other models. But because subfigure (b) indicates that non-negligible
nonlinearities may still remain in the response even when employing this log-transform (because of the slightly increasing

trend), we choose conservatively to take data only until the optimal forcing strength (138 ppm or 50 years of the 1% bgc
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Figure Al. Generalized sensitivity %m and prediction of responses from additional experiments. (a) Prediction error (A1) for
%wderived with the no-transform technique employing Eq. (A2) for prediction. (b) Prediction error (A1) for %m
derived with the log-transform employing Eq. (A3) for prediction. (c) Response function % ©) (4 recovered with the no-transform
technique at optimal forcing strength (Ac), log-transform at optimal forcing strength (In(c), opt. forcing strength), and log-transform at
maximal forcing strength (In(c), max. forcing strength). (d) Prediction of additional experiments taking the “best” recovery of 9@&—)
w(using the log-transform at optimal forcing strength) employed in Eq. (A2). (e) Prediction of additional experiments taking the “best”
recovery of %M(using the log-transform at optimal forcing strength) employed in Eq. (A3). Continuous lines are predictions and
dashed lines are simulated responses from the MPI-ESM. Dots indicate the maximum value for which responses are predictable by Eq. (A2)
according to the estimate of the linear regime (see text). For better visibility of the regions within the linear regime in (c), the responses are

shown only for the first 30 years. 38
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experiment) and not the full time series. As suggested by the small differences between the recoveries for the optimal and
maximal forcing strengths in subfigure (c), taking data only until this optimal forcing strength does not significantly hinder the
recovery of time scales at the order of the length of the full time series.

To obtain evidence that the recovered %M indeed characterizes the biogeochemical response of the ocean carbon
of the MPI-ESM to any temporal development of sufficiently weak atmospheric CO; perturbations, we show how well it
predicts the model response for additional CO5 perturbation experiments (see Table Al). The prediction is performed by
convoluting the recovery of %mzNSelected above with the different CO, perturbation scenarios first via Eq. (A2),
which is the equation employed in the generalized framework (compare Eq. (3) in section 2), and then via Eq. (A3), to see
if by this equation the prediction is indeed further improved for all experiments. The result for the first case is shown in
Fig. Ald. To better visualize the linear regime region where the approximation works, we show only the first 30 years. The
responses for the 1.5% and 2% bgc experiments are marked with dots where the forcing strength exceeds 94 ppm, the maximal
forcing strength corresponding to the linear regime estimated from Fig. Ala. As seen, the recovered é@é&m predicts
almost perfectly the response from experiments whose forcing strengths are within the linear regime estimate, i.e. the 0.5%,
0.75% and 1.1 xCO5 bgc experiments. It also predicts with reasonable quality of agreement the response from the 1.5% and
2% bgc experiments for forcing strengths within the estimated linear regime. As forcing strengths exceed the linear regime,
the prediction starts to deviate from the model response. Likewise, the prediction fails for the whole 2xCOs bgc response
because its forcing strength is larger than the linear regime estimate throughout the whole experiment. These results therefore
suggest that indeed %Mcharacterizes the biogeochemical response of ocean carbon for any temporal development
of atmospheric COq, as long as its strength is within the linear regime.

Figure Ale shows the prediction employing Eq. (A3). As seen, now the predictive power of Q&H—}Mimproves con-
siderably, extending to the whole time series for all experiments. Some discrepancies are nevertheless encountered, especially
for the last years of the 2xCQO- bgc response. Such discrepancies are probably related to the relatively limited amount of
information that data from 1% experiments provide to recover response functions, as observed for the land carbon in Tor-
res Mendonga et al. (2021b).

Despite these discrepancies, overall Figs. Ald and e show that the recovered %mWedicts the response from
different experiments with reasonable quality up to certain perturbation strengths. Equation (A3) — employed for the prediction
in Fig. Ale — demonstrates successful prediction of the response of the model up to higher perturbation strengths than Eq. (A2).
Therefore, Eq. (A3) is probably more appropriate when the aim is to predict the separate biogeochemical response of the model
to prescribed atmospheric CO5 perturbations. On the other hand, Eq. (A2) is the equation employed in the generalized a-5-y
framework (first term on the right-hand side of Eq. (3)). Therefore, when estimating the linear regime for the application of the
generalized «-f-7 framework one has to consider for the ocean biogeochemical response the estimate obtained from Eq. (A2),
i.e. the linear regime estimate indicated by subfigure (a).

The conclusions from this subsection therefore suggest that the best pre-transformation technique to derive %w
is the log-transform technique (Eq. (A3)), taking data until 138 ppm or 50 years of the 1% bgc experiment, which corresponds
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to the first minimum for the prediction error in Fig. A1b. In addition, the linear regime for the ocean biogeochemical response

in the generalized a-3-v framework (first term in the right-hand side of Eq. (3)) is about 94 ppm, as estimated from Fig. Ala.
. eps s 0)~(0)
A3 Generalized sensitivity 9&7—1&”
; 0)y(0)
Technique to recover %y—lxqw

In this subsection we recover %@éf—)m Since, as will be seen, no strong nonlinearities are present in the response,
QA%X(O) t) is well recovered without any pre-transformations from

t
AC{’i"’{f(t) = / X DO (t—5)ATo0(s)ds, (A4)
0

where ACHA+H-ACEI(t) is the ocean carbon response in the “rad” setup. Because the quality of the recovery depends
on the quality of the estimate of the noise in the data, and this estimate may be improved by enforcing monotonicity (see
Torres Mendonga et al., 2021a), we assume that %QQLXAEE)JS monotonic and recover it enforcing monotonicity by the RFI
method. Indication of the quality of the recovery will be obtained below by checking how well the recovered éé,(—)L)M(gB)N

predicts the model response in different perturbation experiments.
Recovery of %YQL)N(O(/?Land linear regime of the radiative response of ocean carbon

We start by recovering %Q%Mfrom the 1% rad experiment. To evaluate the quality of the recovery, following the pro-
cedure from section Al we employed the recovered %win Eq. (A4) to predict the 0.5% and 0.75% rad responses.
The prediction error is plotted in Fig. A2a as a function of the final forcing strength in the 1% rad experiment. As seen, the
error decreases with increasing final forcing strength, indicating that no strong nonlinearities are present in the response. As a
result, the response can be considered linear for the whole range of forcing strengths in the 1% rad experiment (temperatures
up to around 4 K). Hence we choose to recover %Q%Mfor the investigation in the main text by taking data from the
full 1% rad experiment.

The resulting %%Mrecovered in this way is shown in Fig. A2b. The negativity of %%Mreﬂects the
fact that as temperatures rise, globally the ocean loses carbon to the atmosphere. This is consistent with the results shown
in Fig. A2c, which shows the model responses from the different rad experiments and the prediction from the recovered
%Qlét—)m. Because in these experiments only the radiative effect of CO; is active (while the biogeochemical effect is
switched off), temperatures rise, leading to the mentioned global loss of ocean carbon to the atmosphere reflected by the
negative responses. The quality of agreement between the model responses and the predictions from %Q%Mmggests
that indeed the recovered %%XMharacterizes the radiative response of ocean carbon not only for the few perturbation
experiments considered here, but to any temporal development of weak CO5 perturbations and is therefore a true property of
the MPI-ESM itself.
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Figure A2. Generalized sensitivity éé,g%m and prediction of responses from additional experiments. (a) Prediction error (Al)
employing the recovered MMn Eq. (A4). (b) Recovered response function Qérglét—)m. (c) Prediction of additional ex-

periments employing the recovered Qér,glét—}m in Eq. (A4). Continuous lines are predictions and dashed lines are simulated responses
from the MPI-ESM. For more details see text.
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In summary, since the response can be considered linear over the whole 1% rad experiment we choose to derive %ﬁf—)l@‘—}

990 (©)(¢) in sections 3 and 4 from Eq. (A4) taking data from the full experiment.
A4  Generalized sensitivities %Lmand %&Q{w

Pre-transformation techniques to recover 9&%}\(/&1 and %XQIX&),)V

Following subsection A2 we recover X 2 (#}-and X Oty X (1) (¢) and X ©) (1) by employing two different techniques. In the

first technique we recover the sensitivities from Egs. (4) and (5), i.e. without any pre-transformation. From this first technique
995 we will also obtain an estimate of the linear regime for the temperature responses as described in the generalized a-(5-y
framework.

But because CO,, radiative forcing is known to increase logarithmically with atmospheric CO, concentration (Myhre et al.,

1998), we also derive X L1 -and X O X (1) (#) and X (©) () also using a logarithmic pre-transformation:
t
ATrL(t) = /X@(}ﬁa,ln(t —s)cprprin cls) @dé’, (AS)
- T fer o
0
1000
¢
AToo(t) = / X (k= s)eprmin " g (A6)
7” ) T fer e

As explained in (Torres Mendonga et al., 2021b, section 4), the resulting - EYLI)H =Ly fﬁil =0 A (1) = x Wt
and X(?) ) =X9t).

Recovery of 9@}12(\;1‘2, 9&1912@;(2, and linear regime of temperature responses

1005 We start by recovering X )-and X O+ X 1) (1) and X (©)(¢) without any pre-transformation (Egs. (4) and (5)) taking data

from the 1% rad experiment. As in the previous subsections, to evaluate the quality of the recoveries we employed them once
more in Egs. (4) and (5) to predict the responses from the 0.5% and 0.75% rad experiments. The prediction error is plotted in
Figs. A3a and A4a. As seen, in both figures the error decreases until about 279 ppm, presenting after that in Fig. A3a a clear
increase and in Fig. A4da a slight decrease followed by an increase for the 0.5% rad response and an approximately constant

1010 behaviour for the 0.75% rad response. Therefore we conservatively estimate for both land and ocean temperature responses the
linear regime as perturbation strengths below 279 ppm.

To assess whether the log-transform technique (Eqs. AS and A6) indeed improves the recovery of ééélfﬁ—&ﬁd%éf—)%m
and X©) (1), analogously to subsection A2 we check whether Eqs. (A5) and (A6) indeed account for nonlinearities in the re-
sponse. If this is the case, then Egs. (AS) and (A6) should predict the 0.5% and 0.75% rad responses better than Eqgs. (4) and

1015 (5). To evaluate this, we recovered %M%M@fmm Egs. (A5) and (A6) taking data once more
from the 1% rad experiment, and then employed the recovered response functions in Egs. (AS5) and (A6) to predict the 0.5%

and 0.75% rad responses. The resulting prediction error is shown in Figs. A3b and A4b. As seen in both figures, now the
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Figure A3. Generalized sensitivity %Qlét—}m and prediction of responses from additional experiments. (a) Prediction error (A1) for
%mderived with the no-transform technique employing Eq. (5) for prediction. (b) Prediction error (A1) for Qéaglﬁh}m
derived with the log-transform employing Eq. (A6) for prediction. (c) Response function %X&Qrecovered with the log-transform
both enforcing and not enforcing monotonicity. (d) Prediction of additional experiments taking the “best” recovery of %m
(using the log-transform enforcing monotonicity) employed in Eq. (5). (e) Prediction of additional experiments taking the “best” recovery
of %w(using the log-transform enforcing monotonicity) employed in Eq. (A6). Thick lines are predictions and thin lines are
responses from the MPI-ESM. Dots indicate the maximum value for which responses are predictable by Eq. (5) according to the estimate of

the linear regime. For more details see text.
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Figure A4. Generalized sensitivity %Lzét—}m and prediction of responses from additional experiments. (a) Prediction error (A1) for
%Werived with the no-transform technique employing Eq. (4) for prediction. (b) Prediction error (A1) for X{'—lét—}m
derived with the log-transform employing Eq. (AS) for prediction. (c¢) Response function %%Mrecovered with the log-transform
both enforcing and not enforcing monotonicity. (d) Prediction of additional experiments taking the “best” recovery of ééﬁlét—}w
(using the log-transform enforcing monotonicity) employed in Eq. (4). (e) Prediction of additional experiments taking the “best” recovery
of %jﬁgi@uusing the log-transform enforcing monotonicity) employed in Eq. (AS). Thick lines are predictions and thin lines are
responses from the MPI-ESM. Dots indicate the maximum value for which responses are predictable by Eq. (4) according to the estimate of

the linear regime. For more details see text.
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prediction error clearly decreases for increasing final forcing strength, indicating that no strong nonlinearities are present in the
response. This clear decreasing trend in the prediction error indicates that the log-transform technique (Egs. (AS) and (A6)) is
indeed more appropriate to recover XL (#-and- X O D (1) and X (O (1).

Therefore in Figs. A3c and A4c we show the response functions recovered with the log-transform technique. Plotted are
recoveries by the RFI method both enforcing and not enforcing monotonicity. As seen, the recoveries obtained without enforc-
ing monotonicity are approximately monotonic so that differences between the two types of recovery are small. Hence in the
next sections we choose to derive X1 (#-and- X OH#)-X 1 (2) and X(©) (t) employing the log-transform and enforcing mono-
tonicity by the RFI method. As already mentioned above (see also Torres Mendonga et al., 2021a), the advantage of enforcing
monotonicity is that one may improve the noise level estimate used in the RFI method and thereby improve the quality of the
recovery.

To obtain evidence that the recovered XL #)yand-X Ot X1 (¢) and X(©)(t) indeed characterize the land and ocean

temperature responses to any temporal development of weak CO5 perturbations, we show how well they predict additional
experiments. Following subsection A2 we first show the predictive power of X 2 (#}-and X CL#}-X L) (1) and X ) () when
employed in Egs. (4) and (5), i.e. without pre-transformations. In Figs. A3d and A4d we plot the predictions by Eqgs. (4)
and (5) taking the recoveries selected above (log-transform technique enforcing monotonicity). The responses for the 0.75%,
1.5% and 2% rad experiments are marked with dots where the forcing strength exceeds 279 ppm — the maximal forcing
strength corresponding to the linear regime estimated from Figs. A3a and A4a. As seen, the recovered response functions
predict the model responses with some overestimation but still with reasonable quality of agreement' for forcing strengths
within the estimated linear regime, i.e. for the whole 1.1 xCO; and 0.5% rad experiments, and for the 0.75%, 1.5% and 2%
rad experiments for values preceding the dots. For these three latter experiments predictions start to strongly deviate from the
responses as forcing strengths exceed the estimated linear regime. Likewise, the predictions fail basically for the whole 2xCOq
rad response because its forcing strength is larger than the linear regime estimate throughout the whole experiment.

As expected from the known logarithmic relationship between radiative forcing and CO, concentration, the predictive power
of %ﬁdﬁ@%)ﬁmmpmves when employing Eqgs. (A5) and (A6) instead of Eqgs. (4) and (5) (see
Figs. A3e and Ade). Almost all responses are well predicted for the whole time series. The exceptions are the last years of the
1.5% and 2% rad responses, which indicates a deviation from linearity for those levels of perturbation strength.

As in section A2, overall the prediction results suggest that indeed the recovered response functions characterize the land
and ocean temperature responses to any temporal development of atmospheric CO5 up to certain perturbation strengths. While
Egs. (A5) and (A6) are more appropriate when the aim is simply to predict model responses because of their extended predictive
power, Egs. (4) and (5) are the equations actually employed in the generalized a-(- framework so that for the application of
the framework one must consider the linear regime of the temperature responses estimated from Figs. A3a and A4a.

In summary, the conclusions from this subsection suggest that the best approach to derive X {#}-and X 21+ X M) (1) and
MS the log-transform technique (Egs. (A5) and (A6)), taking data from the full 1% rad experiment. The linear regime

10Note that linear response functions characterize only the ensemble average of the response (see Torres Mendonga et al., 2021a, section 2) so that they

cannot predict high-frequency temperature variations arising from the internal variability of the system.
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for the land and ocean temperature responses in the generalized «-/3-v framework (Egs. (5) and (4)) is about 279 ppm, as

estimated from Figs. A3a and A4a.

A5 Selection of metheds-techniques to recover %Mand %Xg‘m

To recover %%%H—&ﬁd%){m #) and X'")(¢) we use the conclusions from Torres Mendonga et al. (2021b). Because

the radiative response of land carbon can be considered linear for the whole range of perturbation strengths in the 1% rad
experiment (Torres Mendonga et al., 2021b, section 3), %LLH—}MB derived taking data without any pre-transformation
from the full 1% rad experiment by employing
t
ACR(t) = / XU (t—s)AT L1 (s)ds, (A7)
0

where ACT24+-ACT(¢) is the land carbon response in the “rad” setup. And because the obtained %&B@ws mono-
tonic (without enforcing monotonicity), we assume monotonicity when deriving %%%X(L) t) for all other CMIP5 models

so that all generalized sensitivites are derived enforcing monotonicity by the RFI method (as mentioned above and explained
in section 3.5 of Torres Mendonga et al. (2021a), this assumption may further improve the quality of the recovery).
To derive %X(L) t), conclusions from section 4 of Torres Mendonga et al. (2021b) suggest that the best approach is

the NPP-transform technique analyzed there: first derive the response function X v pp () from

t
ACY (0 = [Xurrlt= ) ANPP(s)ds, (AS)
0

then transform the obtained X y pp(t) into the desired #@Wm
ONPP

c=cC

de |

XBWL 5 (t) = Xnpp(t) (A9)

c= (ﬁPl 5
A~

where epr—cpy is the pre-industrial value for atmospheric CO2. Because the prediction error plot for X y pp(t) presents minima
(see Fig. 6¢ in Torres Mendonga et al., 2021b), following the reasoning from subsection A2 we choose conservatively to take

data only until the first minimum, which corresponds to 279 ppm or 70 years of the 1% bgc experiment.
A6 Summary of best metheds-techniques for recovery of the generalized sensitivities

With the results presented in the preceding subsections we can now summarize the best methods-techniques identified to re-
cover the generalized sensitivities for our study. A general summary of the identified methods-techniques is given in Table A2.
The table indicates which is 1) the best pre-transformation technique to derive each generalized sensitivity; 2) the respective
equation used for the derivation; 3) the optimal time series length taken for recovery using the best pre-transformation tech-
nique; and 4) the linear regime of the respective response in the generalized a-/3-v framework (i.e. the linear regime for each
term at the right-hand side of Egs. (2)—(5)).
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Because the linear regime for the biogeochemical response of land and ocean carbon is restricted to forcing strengths even
smaller than that for the temperature responses (4) and (5) — and obviously also smaller than that for the radiative responses of
land and ocean carbon, which are linear for the whole 1% rad experiment as seen in Torres Mendonga et al. (2021b) and section
A3 —, the applicability of the generalized a-3-v framework as a whole is limited by the linear regime of the biogeochemical
responses, which is estimated as forcing strengths up to about 94 ppm.

With this subsection we complete the recovery of all generalized sensitivities for the MPI-ESM. The approaches selected

here are employed to recover the generalized sensitivities for all CMIPS5 models in the main text.
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Appendix B: Calculation of the time-scale dependent airborne fraction from emission-driven simulations

In this appendix we explain in detail how we derived the airborne fraction g(p) from emission-driven simulations for the
demonstration of section 3. For the derivation we followed the three steps described in subsection 3.1.

In the first step, we recovered X () taking data from an impulse-emission experiment. In this experiment, starting from a
standard pre-industrial control run (see “esmControl” in Taylor et al., 2012), we perturbed the system by a small impulse in
emissions of 100 PgC/yr (as in Joos et al. (2013)) during the first year. Therefore we name this experiment Impulse!®. The
advantage of using data from this type of experiment is that the impulse response is from a practical point of view directly
the desired linear response function X (¢), so that errors from the ill-posedness of Eq. (16) (Torres Mendonga et al., 2021a)
can be avoided. Nevertheless, the disadvantage is that the small impulse-perturbation strength leads to a response with poor
signal-to-noise ratio, which deteriorates the recovery of X(t). Therefore, instead of taking data from only one realization
of the experiment, we performed an ensemble of 5 realizations with initial conditions taken 100 years separated from one
another (as in Lembo et al. (2020)), and then took the data from the ensemble average of the response. This procedure is in
agreement with linear response theory because strictly the linear response function characterizes only the ensemble average of
the response (e.g., Torres Mendonga et al., 2021a). Taking the data from the ensemble average we employed the RFI method to
recover X¢(t). Although in principle a special method is not needed to recover X ¢(t) because the impulse response is directly
the linear response function, by employing the RFI method we obtain not only X¢(t) but also the spectrum of internal time
scales of the response (Torres Mendonca et al., 2021a), from which the Laplace transform )~(< (p) in Eq. (18) can be analytically
calculated.

The resulting impulse response after taking the ensemble average and the fit by the recovered X¢(t) are shown in Fig. Bla.
One sees that the experiment is not a perfect impulse experiment because the impulse extends even beyond the first year. This
may be related to internal interpolations in the model when computing the emissions within the time interval of one year. Such
problem leads to an error in the estimation of X (0), which must be 1 by conservation of mass: for an impulse in emissions
efty=-ead{t)-E(t) = ad(t) it must be that at ¢t = 0 the impulse response Ac;(0) = aX¢(0) = a because land and ocean carbon
have no time to react, hence X (0) = 1. To avoid this error, we recalculated X (¢) using the same regularization parameter
obtained from the RFI method but employing a Lagrange multiplier to account for this constraint (see Appendix C). The result
for both recoveries is shown in Fig. B1b. The response functions are almost identical except for X (0), which is corrected by
enforcing the constraint X¢(0) = 1.

To make sure that the impulse response is within the linear regime and therefore that the recovery of X (¢) is not spoiled by
nonlinearities, in line with the procedure in section A we check the quality of the recovered X¢(t) by employing it to predict
additional emission-driven experiments via Eq. (16). For the additional experiments we chose step-emission experiments where
starting from the control run the system is perturbed by abrupt, constant emissions of 1.43, 2.86 and 5.71 PgC/yr, which by
the end of the simulation result in cumulative emissions of 200, 400 and 800 PgC. For this reason we name these experiments
Step???, Step?®® and Step®?° respectively. The quality of the prediction is shown in Fig. Blc. As seen, the obtained X () can

predict almost all responses with reasonable accuracy for the whole time series. The only exception is over the last years of the
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Figure B1. Response function X (t) recovered from impulse-emission experiment Impulse'®. (a) Impulse response and fit by X (t); (b)
X¢(t) recovered with and without enforcing the constraint X (0) = 1; (c) prediction of different experiments employing the recovered X ¢ (t)

in Eq. (16). For more details see text.

Step®20 experiment. The discrepancy encountered there is nevertheless in agreement with results from Torres Mendonga et al.
(2021b) and from Appendix A that show that strong nonlinear contributions to the biogeochemical response of land and ocean
carbon start to arise at about 94 ppm. As a consequence, the identified discrepancy is not a result of nonlinearities spoiling the
recovery of X¢(t) but rather a result of nonlinearities that arise in the response of the Step®°° experiment, which can therefore
not be completely predicted by X (¢).

Hence, overall these results suggest that the recovery of X¢(t) is not spoiled by nonlinearities and is thus a good candidate
to be used to compute the airborne fraction. Therefore X (¢) was Laplace-transformed and the airborne fraction was finally
derived by applying Eq. (18).

Further evidence of the reliability of our numerics is obtained by examining the agreement of the resulting airborne fraction
(Fig. 1) with theoretical expectations: g(p) indeed converges to 1 for 1/p — 0 as expected by Eq. (19) and 0 < A (p) <1 for

all time scales 1/p as expected by the considerations of Appendix D.

Appendix C: Calculation of X () enforcing the constraint X ¢(0) = 1

This appendix complements Appendix B to show how X (t) is calculated by the RFI method enforcing in addition the theoreti-
cally exact relation X ¢ (0) = 1. The RFI method recovers a response function X (¢) employing Tikhonov-Phillips regularization,
with the regularization parameter A determined from an estimate of the noise in the data (Torres Mendonga et al., 2021a). But
the RFI method does not account for the desired constraint X(0) = 1. Therefore to derive X () enforcing this constraint we
proceed in two steps. First, we derive X (¢) by the RFI method without the constraint, obtaining thereby the value of A. Then,
we use the obtained A to derive X (¢) employing the same regularization procedure from the RFI method but accounting in

addition for the constraint X (0) = 1 by the method of Lagrange multipliers (Sundaram et al., 1996; Selesnick, 2013).
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After obtaining A by the RFI method in the first step, the derivation of X¢(t) in the second step proceeds as follows. As in
the RFI method, we assume X ¢(t) to be given by

oo

Xc(t) = /q(T)e_t/leong, (CD)

—0o0
where ¢(7) is the spectrum of internal time scales. By plugging Eq. (C1) into Eq. (16) and prescribing a distribution of time
scales 7, the problem of finding X (¢) boils down to finding the spectrum ¢(7). Once ¢(7) is derived, X¢(t) follows from
Eq. (C1). For more details please refer to Torres Mendonga et al. (2021a).

To understand how the constraint can be enforced, one has to consider

oo

X (0) = / a(r)dlogyo ™. ©2)

— 00
Equation (C2) can be discretized using the prescribed distribution of time scales equally spaced at a logarithmic scale between
maximum and minimum values 7,4, and 7,,,;, (Torres Mendonca et al., 2021a). This discretization gives

M-1

Xc(0) = Alog,,T Y g5 (C3)

§=0
where M is the number of ¢; terms and Alog;, 7 := (108¢ Tmaz — 10g1o Tmin)/M is the spacing between the time scales.
Following (Torres Mendonga et al., 2021a, section 4.2), we take M = 30, Ty, = 0.1, and Typq, = 10°. Using Eq. (C3) one

can write the desired constraint X (0) = 1 in a discrete formulation as
Cqg=1, (&)

where C is the row matrix C := [1,1,...,1]Alog;, 7.
Knowing how to discretely account for the desired constraint the spectrum g can now be derived. The procedure consists of
minimizing the standard cost function employed in Tikhonov-Phillips regularization (see e.g. Hansen, 2010, p. 60), which is

also done in the RFI method, but now subject to the constraint (C4), i.e.
min (|AY = Aqx|[* +Allg[[*)  with Cax=1, (C5)
A

where || - || denotes the Euclidean norm, g is the spectrum vector recovered by regularization, AY is the response data
vector, A is the matrix obtained after discretization (Torres Mendonga et al., 2021a, section 3.2), and A is the regularization
parameter. The solution to Eq. (C5) can be obtained by the method of Lagrange multipliers (Selesnick, 2013). We first define

the Lagrangian
L(gx,p) = |AY — Aqy|* + Allgal]” + 1 (Cgx 1), (C6)
where i is the Lagrange multiplier. Taking 0L£/9qy = 0, 9L /0u = 0, and solving the resulting system for g, leads to

g = (ATA+ M) H(ATAY — CT[C(ATA +AI) 'CT] HC(ATA + AI) TATAY 1)), (C7)
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where I is the identity matrix. Since A was already obtained in the first step, Eq. (C7) gives a discrete approximation to the
spectrum ¢(7). Plugging this spectrum in a discrete form of Eq. (C1) (for discretization details see Torres Mendonga et al.,

2021a, Appendix B) we obtain X (t).

Appendix D: X (t) non-negative and monotonically decreasing implies 0 < A (p) L1

The response function X (¢) defined by Eq. (16) is in terms of Laplace transforms closely related to the generalized airborne
fraction A (p) by Eq. (18). In this appendix it is shown that if X (¢) is non-negative and monotonically decreasing for all times ¢
(as suggested by the results in Appendix B), then 0 < g(p) < 1 for all time scales 1/p, as claimed in Appendix B. This follows

from the separate proofs of the two inequalities involved in this claim:

Show X¢(t) > 0= A(p) > 0:

By Eq. (18) one immediately finds

Alp) = P/Xg(t)e_ptdt >0, (DD
0
where for the inequality X¢(t) > 0 was used. O

Show dX ¢ (t)/dt < 0= A(p) < 1:

As a prerequisite for this proof one needs to know that
A(p) =X¢(p) +1, (D2)

where the apostrophy notation is used for time derivatives. This relation follows by (i) noting that by the general rules of
Laplace transforms X¢(p) = p)zg (p) — X¢(0), using (ii) X¢(0) =1 (see Appendix B) and (iii) inserting A(p) = p)févg (p) (see
(18)). The rest of the proof is obtained from noting that

oo

X (p) = / XL (et < 0 (D3)
0

because X’C (t) <0 is assumed. Using this in (D2) completes the proof. O

Appendix E: Calculation of uncertainty range in «-3-+ sensitivities
When calculating the «-/3- sensitivities in Fig. 3, we take into account the uncertainty in the choice of the initial values in
Egs. (20)—(22):

(X)) (4) = ACTE(t) ACE(t) _ C¥°(t) — C% CF(t) — CR
T A Ay T =0 dn=d

(EL)
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- - 7 E2

— 7 Arp) AT T T 1y TR0 T *
rad rad rad _ 70 rad _ 70

a0 (g 1= AT () ATR(Y) _ Tx () —Tx TR(t) Tx7 (E3)

Ac(t)  Ac(t) e(t) — 0 WE\(,Q;VC\?W

A AAANAA

where the initial values €%-7%-CY, T, and c° are taken as the mean from the control simulation with uncertainty (standard
deviation) cosoT0000, 070, and .0 = 0 (because in the considered simulations atmospheric CO is prescribed). Assuming

small, independent uncertainties, they propagate to the sensitivities as follows (Barlow, 1989):

1
500500 (t) = ook (E4)
1 AC};"J(t)o'TO ’ 1 Ac)r(ad(t)O'To 2
043400 () = £ 7mas i | toke d i | ot (E5)
00700 AT () \| \ T ATE) % ATE \ \ AT 2
0o a0 (t) = imUT}%TQ- (E6)

Appendix F: Predicting standard airborne fraction AF'(t) from the generalized airborne fraction A(t)

In the present appendix we demonstrate exemplarily for MPI-ESM that from the generalized airborne fraction A(t) one can
indeed predict for sufficiently weak emissions the airborne fraction in its standard definition AF'(¢), as claimed in section 6.
For this demonstration we take data from two perturbation experiments performed with the MPI-ESM: the Step“°? experiment
— an emission-driven experiment where starting from the control run a constant amount of 2.86 PgC/yr is emitted every year
until cumulative emissions reach 400 PgC (see Appendix B) — and the 1% fully-coupled experiment — a concentration-driven
experiment where starting from the control run atmospheric CO2 concentration is increased by 1% every year (see Table Al).
The demonstration is carried out by first computing the true standard airborne fraction AF'(¢) via its definition (12) and then
comparing it with its prediction obtained from the generalized airborne fraction A(t) via Egs. (13) and (12).

To compute the true standard airborne fraction AF'(t) we directly evaluate the definitory-defining equation (12) by using
dCafdt-dCx /dt and E(t) as obtained from the two experiments. The accumulation rate ¢6/dtdC, /dt is for both experi-
ments numerically calculated from the atmospheric carbon content &{#C's (¢). Concerning the emissions E(t), since in the
Step?%? experiment they are prescribed, for this experiment we take them as constant and equal to 2.86 PgC/yr. For the 1%
fully-coupled experiment the situation is different: here atmospheric CO, concentrations — not emissions — are prescribed;

therefore for this experiment we infer the emissions that would be needed to produce the respective changes in atmospheric
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CO, from the evolution of carbon content in the atmosphere, land and ocean via the carbon balance equation (1). Results for

the true AF(t) are shown in Fig. F1.

To predict now the standard airborne fraction AF'(t) from the generalized airborne fraction A(t) we proceed as follows.

First we compute A(t) by Laplace inverting relation (D2) so that

A =d(6)+ 5L,

(F1)

where X (¢) was already obtained in Appendix B and we take for the numerics the Kronecker delta d; instead of 6(¢). We then
plug the resulting A(¢) and the emissions E(t) — obtained as described above — into Eq. (13) to calculate dEx/dtdC /dt. The
standard airborne fraction AF'(¢) is then finally predicted by plugging the resulting ¢&x/dt-dCy /dt once more together with

the emissions E(¢) now into Eq. (12).

The results are compared in Fig. F1. As seen in Fig. Fla, because in the Step

400

experiment atmospheric CO2 changes

are below our estimated linear regime of 94 ppm (see Table A2), there the predicted standard airborne fraction fits the true

standard airborne fraction over the whole simulation period. The large variability in the true airborne fraction arises from the
ill-posedness (e.g., Torres Mendonga et al., 2021a) of the numerical differentiation needed to compute ¢&+dtdC /dt, which

substantially amplifies the noise from the already noisy response of G{#)-Cy (t) that results from the small emissions forcing

strength of this experiment.

Such large variability in AF(t) is not present in the 1% fully-coupled experiment, as shown by Fig. F1b. Here, the larger

signal-to-noise ratio of ¢6x/d+dC's /dt allows for a better quality of fit of the prediction from the generalized airborne fraction.

But since in this experiment changes in atmospheric CO5 get larger than our linear regime estimate, the prediction works only

for that first part of the time series where atmospheric CO5 concentrations are sufficiently small.

Appendix G: Transforming sensitivities defined for separate land and ocean temperatures to sensitivities defined for a

single global temperature

In this appendix we show how from « and - sensitivities defined using separate land and ocean temperatures one can compute
their analogues defined by means of a single global temperature, as claimed in the outlook section 7. Global temperature in a

model is obtained b

Zi AiAT; _ ZieL AiAT; + ZieoAiATi _ ZieL AiAT; ZieL A

AT = = =

+ Zieo AiAT; Zieo Ai

> A et Ai 2 icoAi

ZieL A;

Zz‘Ai

Zieo Ai

Zi A;

= ATLFL+ AT()F(),

(GD)

where A; and AT; are the area and temperature of grid box 7, 2 € L and 7 € O indicate sum over grid boxes on land/ocean
AT; and ATq are land/ocean temperatures, and Iy, and Fg are the fractions of global area occupied by land and ocean.

Using a single global temperature, « is defined b

AT = alc
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Figure F1. Prediction of standard airborne fraction AF(t) from generalized airborne fraction A(t) for (a) Step®°°
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fully-coupled experiment. Vertical dashed line in (b) indicates the estimated linear regime of 94 ppm (Table A2). For more details see text.

Using separate land and ocean temperatures one defines

aliz ana
ATo= a0l
Plugging (G1), (G3), (G4) into (G2) gives

a= kit aoky.

Taking a single global temperature, v is defined b

AC;‘(ad = ’YXAT,

where X denotes the carbon response over land (L) or ocean (O).

Using separate land/ocean temperatures, v can be defined b

Inserting (G3)/(G4) and (G1) into (G7) gives

y = —XOX
7 Rovt Foao

(G3)

(G4)

(G5)

(G6)

(G7)

(G8)



Since the Laplace-transformed formulation of the generalized framework is completely analogous to that of the original
a-f-y framework, (G5) and (G8) extend straightforwardly to the respective generalized sensitivities:

~ ~L ~(0
No=Xo At X P, (G9)
~(X) = (%)
1260 ¥P=_ X Xa (G10)

Yo ~(L ~(0)"
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