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Abstract. Achieving climate targets requires mitigation against climate change, but also understanding of the response of
land and ocean carbon systems. In this context, global soil carbon stocks and its response to environmental changes is key.
This paper quantifies the global soil carbon feedback-feedbacks due to changes in atmospheric CO,, and associated climate
changes, for Earth system models (ESMs) in CMIP6. A standard approach is used to calculate carbon cycle feedbacks, defined
here as soil speeifie-carbon-concentration (f35) and carbon-climate (v,) feedback parameters, which are also broken down into
processes which drive soil carbon change. The sensitivity to CO3 is shown to dominate soil carbon changes at least up to a
doubling of atmospheric CO5. However, the sensitivity of soil carbon to climate change is found to become an increasingly

important source of uncertainty under higher atmospheric CO» concentrations.

1 Introduction

Global soil carbon stocks contain at least twice as much carbon than is stored in the world’s vegetation, making soils the
largest active store of carbon on the land surface of Earth (Canadell et al., 2021). In the absence of human disturbance and
land-use change (Jones et al., 2018), future changes in soil carbon depend on the sensitivity to increases in atmospheric COq
concentrations and the sensitivity to the associated impactsef-elimate-change, such as increases to atmospheric temperatures
and changes in precipitation patterns (Varney et al., 2023; Todd-Brown et al., 2014). The quantification of such carbon cycle
feedbacks is required to determine the overall response of the climate system to given anthropogenic CO2 emissions and to
help achieve Paris Agreement targets (Friedlingstein et al., 2022; Gregory et al., 2009).

Previous studies have defined land carbon cycle feedbacks within Earth system models (ESMs) from both CMIP6 and
CMIP5 ensembles (Arora et al., 2020, 2013). In general, the overall response of carbon stores is separated into those due to
changes in atmospheric CO5 (ACO3) r-and those due to changes in global temperature (AT'), with the latter assumed to repre-
sent the overall impacts of climate change on large spatial scales. These components of land carbon cycle feedbacks are called
carbon-concentration feedbacks (/1) ;-and carbon-climate feedbacks (yr,), respectively (Friedlingstein et al., 2003, 2006). An
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advantage of using this formulation is that it allows for the quantification of the feedbacks for a given atmospheric CO, concen-
tration, which can then be used as a simplified measure to compare amongst ESMs despite the increasing model complexities
(Arora et al., 2020, 2013; Gregory et al., 2009).

stmutations-and-is-For example, it provides a consistent metric to measure land carbon feedbacks despite the differing climate
sensitivities amongst ESMs (Boer and Arora, 2013).

In this study, soil carbon driven feedbacks in ESMs are quantified using this 3+ formulation (Friedlingstein et al., 2006).
Additionally, the formulation is combined with the Varney et al. (2023) framework, which breakdowns future changes in
soil carbon (AC) into individual processes which drive this response. This paper makes use of the latest generation of the
Coupled Model Intercomparison Project (CMIP6) used within the Intergovernmental Panel on Climate Change 6" Assessment
Report (IPCC ARG6; IPCC (2021); Eyring et al. (2016)). To do this, soil earben—carbon-concentration and carbon-climate
feedback parameters are presented for CMIP6 ESMs, named 35 and y, respectively, together with components which make up
[ and 5 due to associated processes. The aim of this paper is to: (1) quantify the sensitivity of soil carbon to elimate-change

increased atmospheric CO, concentrations and associated climate impacts by calculating 85 and 5 for CMIP6 ESMs; (2)
investigate the linearity of future soil carbon change at higher levels of atmospheric CO, increase; and (3) identify the fraction

of the land surface-carbon response to climate change that is due to global soils.

2 Methods
2.1 C4MIP simulations

The Coupled Climate-Carbon Cycle Model Intercomparison Project (C4MIP) was set up to provide a common framework to
allow for comparison and consistent evaluation of carbon cycle feedbacks within ESMs (Friedlingstein et al., 2006) ;-and-have
and has been used across CMIP generations (Arora et al., 2013, 2020). This framework includes a set of idealised experiments
to simplify and quantify the impact of increasing atmospheric CO> on the climate system. In these experiments, additional
effects such as land-use change, aerosols and non-CO4 greenhouse gases are not included and nitrogen deposition is fixed at
pre-industrial values (Jones et al., 2016).

The control simulation is known as the 1% CO5 run (CMIP simulation /pctCO2), where a consistent 1% increase in atmo-
spheric COs per year is prescribed (referred to in this study as the full 1% CO, simulation), starting from pre-industrial concen-
trations and running for 150 years. Additional experiments were designed to enable the CO5 and climate effects to be isolated,
these are known as: biogeochemically coupled (referred to here as the ‘BGC’ simulation) and radiatively coupled (referred to
here as the ‘RAD’ simulation) runs. In the BGC runs (CMIP6 simulation /pctCO2-bgc and CMIP5 simulation esmFixClim1),
the 1% CO, increase per year only affects the carbon cycle component of the ESM while the radiation code continues to see
pre-industrial CO3 values. Conversely, in the RAD runs (CMIP6 simulation /pctCO2-rad and CMIPS simulation esmFdbkl),
the 1% CO- increase per year affects only the radiation code, and the carbon cycle component of the ESM continues to see

just the pre-industrial CO2 value (285 ppm).
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This study uses the full 1% CO,, BGC, and RAD C4MIP experiments with ter-10 CMIP6 ESMs (Eyring et al., 2016):
ACCESS-ESM1-5, BCC-CSM2-MR, CanESM5, CESM2, GFDL-ESM4, IPSL-CM6A-LR, MIROC-ES2L, MPI-ESM1-2-LR,
NorESM2-LM ;-and UKESM1-0-LL (see Table 1). For comparison, the soil carbon feedback parameters were calculated
using 6 CMIP5 ESMs (Taylor et al., 2012): CanESM2, GFDL-ESM2M, IPSL-CM5A-LR, MPI-ESM-LR, NorESM1-ME and
HadGEM2-ES (see Table A2). The ESMs included were chosen due to the availability of the data required at the time of analy-

sis (CMIP6: https://esgf-node.lInl.gov/search/cmip6/, last access: 8-Apri-20224 February 2024, and CMIPS: https://esgf-node.lInl.gov/searc

last access: 6 February 2024).

2.2 Defining soil carbon feedbacks
2.2.1 Friedlingstein et al. (2006) 3~ formulation

The standard formulation uses a linear approximation to estimate carbon cycle feedbacks under a changing climate (Friedling-
stein et al., 2003, 2006). The change in land carbon storage (AC,, PgC) is approximated linearly using feedback parameters
which define separate sensitivities to changes in atmospheric CO2 (ACO2, ppm) and changes in global temperatures (AT,

°C), defined as the land carbon-concentration (37, PgC ppm~!) and carbon-climate (7, PgC °C~') (Equation 1).

ACL = BLACOz + AT )

The Friedlingstein et al. (2006) methodology uses time-integrated fluxes (#-N EP, PgC yr—1), which represent the total
change in size of the land carbon pool (AC). This is presented for the full 1% CO- simulation (Equation 2), BGC simulation
(Equation 3), and RAD simulation (Equation 4) below, where ACL,, ACE%C, and ACEAP are the changes in global land
carbon pools (PgC), and £ FLEC and FEAD- N EP, NEPBYC and N EPEAD are the net carbon fluxes to the land (PgC

yr~1), for each simulation.

ACL = / FyNEP =8, ACO, + 7, AT @
ACEGC _ / NEPBGC 4t~ 8, ACO, + 7, ATBC ~ B, ACO, ®)
ACAP = [ FLNEPAP iz, ATTAP @

In these equations, ACO(t) (ppm) is the-same-consistent between all scenarios. Within the RAD simulation however

Equation 4), the carbon cycle does not see an increased CO4 so the ACOy is neglected and only found in the full 1% CO4 and
BGC simulations (Equations 2 and 3, respectively);-as i as i ases
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se—. AT, ATBGC and ATRAD (°C)
are the changes in global temperatures, in the full 1% CO5, BGC, and RAD simulations, respectively. In Equation 3, ATBGC

is assumed to be negligible, following Friedlingstein et al. (2006). As the increased CO» within the BGC simulation does
not affect the radiation code, there is no direct increase in atmospheric temperatures within the model. Arora et al. (2020)
explain however, that local changes in the carbon cycle arising from increases in CO, affect latent and sensible heat fluxes at
the land surface, including: changes to evaporative fluxes from stomatal closure over land and changes in vegetation structure
and coverage if dynamic vegetation is included within the ESM (see Table 1). This study assumes that the global temperature

changes in the BGC simulation are negligible in the context of the S formulation (Fig. SA1).
2.2.2  Soil carbon-concentration and carbon-climate feedbacks

Global AC', can be written as the sum of the changes in vegetation carbon (AC),) and changes in soil carbon (AC}). Following
the (B~ formulation, a similar breakdown of the land carbon-concentration and carbon-climate feedback parameters can be

derived, where 81, = 3, + B and vy, = v, + s (Equation 5).

AC, ~ B,ACO3 +~v,AT 6)
AC, ~ B, ACOy + ;AT )

Therefore, an equation for AC can be obtained, with soil specific carbon-concentration (3s) and carbon-climate () feed-

back parameters, which represent the sensitivity of AC, to CO5 and T, respectively (Equation 7).

2.3 Processes driving soil carbon change and relation to the formulation
To isolate the processes which make up each soil carbon feedback, we follow the framework presented in Varney et al. (2023

. An equation for soil carbon (Equation 8) is derived using the definition of soil carbon turnover time (7, =
is_defined as_the ratio of soil carbon storage (C) to the carbon output flux from the soil (heterotrophic respiration, Rp;
Varney et al. (2020)). Future soil carbon can then be defined as initial soil carbon (C's,0) plus a change in soil carbon (AC). as
Equation 9 can be expanded to give Equation 10, which can be simplified to give Equation 11, as shown below.

Cs = ByTe ®)
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Coo £ 80 = (B + AR (750 + 275) 2

0570+ACS :Rh)oTS—I—TS,QARh—I—Rh’OATS—I—ARhATS (10)

AC, :7’570AR}L+R}L,0ATS + ARy AT (11D

To consider the above and below ground effects on soil carbon separately, the effects due to changes vegetation productivity,
represented by Net Primary Productivity (NPP). and effects due to changes in soil carbon turnover time due to increased
heterotrophic respiration (7), are considered (Todd-Brown etal., 2014). However, due to the difference between the global
fluxes NPP and [, in a transient climate, an additional term is included which is defined as Net Ecosystem Productivity
NFEP = NPP — R},). Using the definition of NEP, this can be substituted into Equation 11 to give Equation 12, and expanded

to give an equation for AC, in terms of NPP, NEP and 7, (Equation 13).

AC, =7, 0A(NPP — NEP) + (NPPy — NEPy)At, + A(NPP — NEP)Ar, (12)

AC, =7,0ANPP + NPPyAt, + ANPPAT, — 7,(ANEP — NEPyAt, — ANEPAT, (13)

The individual terms in Equation 13 are: the change in soil carbon due to NPP changes (AC ~ 1, AN PP), the

change in soil carbon due to the NEP transient term (AC' —7. oAN EP), the change in soil carbon due to 7, changes

(Al = NPByATs): as well as the transient effect on 7¢ (ACs rypp = = NEPOAT). The two additional terms are the
non-linear term between NPP and 7, (ANPP A7) and the non-linear term between NEP and 7, (ANEPAT,).
Following on from this Varney et al. (2023) framework, the equation for AC (Equation 13) can also be defined for the
change in soil carbon in both the BGC simulations (ACT“", Equation 14) and RAD simulations (AC*!", Equation 15),
where the superscripts denotes the BGC and RAD simulations, respectively.

p =

ACBCC = 7B9CANPPPCEY + NPPPYCATBCC + ANPPBECATBCEC
— 15 ANEPPYC — NEPPOCATPYC — ANEPPYCATPCC (14)

ACEAD — rRAD AN pPRAD | NPPIAPATRAD  ANPPRAD ArRAD
— tEAPANEPRAP — NEPfAPATEAP — ANEPRAP A7FAD (15)
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These equations can be used to investigate the sensitivity of these isolated processes to changes in atmospheric CO- and
lobal temperature (T), as shown by Equations 16 and 17. This is done by the explicit differentiation of Equations 14 and 15
with respect to CO, and 7', respectively.

ACBGC = %02 [ACfGC} ACO, (16)
ACTAP = a% {ACSRAD} AT (17)

Equations 16 and 17 can be used to relate these CO- and T sensitivities to the 5~ formulation, where [ is used to represent

the sensitivity to CO5 and ~ is used to represent the sensitivity to T. Equation 7 which defines AC, in terms of the soil
carbon-concentration () and carbon-climate (v,) feedback parameters can be rewritten in terms of partial derivatives, as
shown by Equation 18.

oC, 0C, B B
=300, ACO, + 5T AT, where, Bs = 0Cs/0C Oy and s = 9C/OT. (18)

ACq

Then, Equations 16 and 17 can be used together with Equation 18 to combine the - formulation with the (Varney et al., 2023)

can be defined as the contributions to AC, based on the individual sensitivities of

framework. In this case, therefore

the soil carbon controls to CO, and T (by substituting Equations 14 and 15 into Equations 16 and 17, respectively), as shown
by Equations 20 and 21.

ACs = 5 c(? o {ACEGC]ACOﬁaaT[AcfAD]AT (19)
2
Where,
N PPBGC 9rBGC 9GANPPBGCALBGC
BGC BGC s s
= g L NPP
Bs=70" 30, ~ * o 0o, T ac0,
ONEPBCC orpec
_ .BGC _ NEPBGC s
70 TTH00, 0 500,
 OANEPPCCALPGC 0
aCO,
ON PPRAD OrRAD  GANPPRAD A;RAD
_ _RAD RAD s S
s = Ts,0 ar  +NPh ar T T
ON EPRAD H7RAD
_ _RADYAY - RAD s
T o NEP! o
RAD RAD
_ OANEPFADA7] on

or
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Equations 20 and 21 can be rewritten by defining S, and =, contribution terms, where each component of the equations

make up the total 3, and , sensitivities. As shown below for 5, (Equation 22) and 7, (Equation 23).

Bs =Bnprp + B + Banrrar — Bvep — BNEP, — BANEPAS (22)
Vs =YNPP + Vr + YANPPAr — YNEP — YNEP, — YANEPAr (23)

Where, and are the 5~ contributions due to ANPP, 3. and v, are the 5+ contributions due to AT, and

are the contributions due to the transient NEP term, includin and p_ representing the contributions
due to the transient NEP term on Ar,, and then P s -+ and pa, are the non-linear effects
on 3.

2.4 Calculation of feedback parameters
2.4.1 Defining climate variables

For each of the CMIP6 ESMs, the CMIP output variables: cSoil, cLitter, and cVeg are considered in the land carbon storage
analysis. Soil carbon (C5) is defined as the sum of carbon stored in soils and the carbon stored in the litter (CMIP variable
cSoil + CMIP variable cLitter), allowing for a more consistent comparison between the models despite differences in how soil
carbon and litter carbon are simulated (Varney et al., 2022; Todd-Brown et al., 2013). For models that do not report a separate
litter carbon pool (CMIP variable cLitter), soil carbon is taken to be simply the CMIP variable cSoil (UKESM1-0-LL). Land
carbon (C) is defined as the sum of carbon stored in soil + litter (Cy), plus the carbon stored in vegetation (C,,, CMIP variable
cVeg). Global total values for Cs and Cr, (PgC) are calculated using an area weighted sum (using the model land surface
fraction, CMIP variable sftlf).

In the breakdown analysis of the feedbacks, Net Primary Productivity (NPP, CMIP variable npp) is defined as the net

carbon assimilated by plants via photosynthesis minus loss due to plant respiration and is used to represent the net carbon input
and is used to define an effective global soil carbon turnover time (7). 7 (years) is defined as the ratio of mean soil carbon
to annual mean heterotrophic respiration, given as 7, = C/R;, (where the mean represents an area weighted global average).
Carbon fluxes (NPP and 12) in the calculation of feedback contributions are considered as area weighted global totals in units

Increases in global temperatures (A7) are considered using CMIP variable tas, which is defined as the change in near-
surface air temperature (°C). To calculate changes in atmospheric COy (ACO-) in the C4MIP 1% CO. simulations, initial
pre-industrial CO2 concentrations are assumed to be 285 ppm, and then cumulatively increased by 1% each year, for 70 years

(approximately 2xCOs) or 140 years (approximately 4xCO5).
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2.4.2 Carbon-concentration feedback parameter (3)

To calculate the soil carbon-concentration feedback parameter (55), the BGC run was used. For each ESM, the change in
soil carbon in the BGC run (ACB&Y, PgC) was divided by the change in CO, concentration (ppm) up to that point in time
(expressed in units of carbon uptake or release per unit change in CO,, PgC ppm™1). For this study, 3, was calculated at the
time of 2xCO4 and 4xCOs. To calculate the land carbon-concentration feedback parameter (5), the same method was used

but replacing C2EC with CBEC.
2.4.3 Carbon-climate feedback parameter ()

To calculate the soil carbon-climate feedback parameter (vs), the RAD run was used. For each ESM, the change in soil carbon
in the RAD run (ACSRAD , PgC) was divided by the change in temperature T (°C) up to that point in time (expressed in units of
carbon uptake or release per unit change in temperature, PgC °C~1). For this study, y, was calculated at 2xCO5 and 4xCO5.

To calculate the land carbon-climate feedback parameter (71,), the same method was used but replacing CFAP with CFAD.

2.4.4 Feedback parameter contributions

To calculate the isolated contributions which make u and ~, as shown in Equations 22 and 23, again the BGC and RAD

simulations are used for each CMIP6 ESM. To calculate gradients with respect to CO5 and T, the methodology presented above
is used, but with the relevant component against CO» or T, such as NPP or 7. The s contributions are expressed in units of
carbon uptake or release per unit change in CO (PgC ppm” ") and the 5 contributions are expressed in units of carbon uptake
or release per unit change in temperature (PgC °C”1), using the definitions presented in Equations 22 and 23.

3 Results

3.1 Projections of soil carbon change

Projections of A5-soil carbon change in CMIP6 ESMs for the full 1% CO, ;-biogeochemically-eoupled(BGE(AC), BGC

ACPGEY) and RAD (ACEAP) andradiatively-coupled(RAD-)»-simulations are presented in Fig. 1. Soil carbon is projected
to increase in the full 1% CO; simulation amongst CMIP6 ESMs (ensemble mean 88.2 + 40.4 PgC at 2xCO; and 177 + 141

PgC at 4xCO-). However, the magnitude of the increase varies amongst the ESMs, with a range of 38 PgC (NorESM2-LM)
to 145 PgC (BCC-CSM2-MR) at 2xCOs, and a range of 15 PgC (ACCESS-ESM1-5) to 502 PgC (CanESMS5) at 4xCO». Six
of the ESMs (CanESMS5, CESM2, IPSE-EM6A-ERGFDL-ESM4, MIROC-ES2L, MPI-ESM1-2-LR, NorESM2-LM) see an
increased AC; value with increasing climate forcing, however the remaining four ESMs (ACCESS-ESM1-5, BCC-CSM2-
MR, GEPE-ESM4IPSL-CM6A-LR, UKESM1-0-LL) see a saturation to the rate of increase, or even a turning point where
carbon starts to decrease again, from 70 years (= 2xCOs) in the simulation (Fig. 1(a)).

The projected increase in ACyis-the-net-effeet-of-the-soil carbon can be approximated by the increases projected in the
BGC run (ACE%Y; ensemble mean 132 & 66.5 PgC at 2xCO, and 348 4 203 PgC at 4xCO,, Fig. 1(b)) and the decreases
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projected in the RAD run (ACF4P; ensemble mean -45.5 + 22.9 PgC at 2xCOs and -170 + 94.7 PgC at 4xCO,, Fig. 1(c)).
The response due to increases in atmospheric CO, (BGC simulation) are found to dominate the overall response (full 1%
COs simulation) in the majority of models, where greater magnitudes of change are seen compared to the RAD simulation
(exception ACCESS-ESM1-5). The BGC simulation also sees a greater spread in projected ACS, with a range of 218 PgC
at 2xCO, and 603 PgC at 4xCO, (ACPYY), compared to ranges of 68 PgC at 2xCO, and 312 PgC at 4xCO, in the RAD
simulation (ACEAD),

Fig. 2 shows patterns of A€5-s0il carbon changes at 4xCO5 for the full 1% CO, ;- BGEC-and-RAD-simulations(ACs), BGC
(ACBYY) and RAD (ACEAD). In the BGC simulation, increases in AC--ACPSC are seen across the majority of regions
within CMIP6 ESMs, though exceptions are found in the northern latitudes for two ESMs (CanESMS5 and NorESM2-LM).
Across the ensemble, the projected increases in A%égﬁgahave spatially varying magnitudes, where generally the greatest

increases are seen in the tropical regions. Conversely, the RAD simulation generally sees reductions in A%mlobally,

with the greatest reductions seen in the tropical regions. However, disagreement is seen in the northern latitudes, where four
models (ACCESS-ESM1-5, CanESM5, MIROC-ES2L, UKESM1-0-LL) see an increased AC—ACHAD and three models
(BCC-CSM2-MR, CESM2, NorESM2-LM) see a decreased ACACEAL  The overall AC, values seen in the full 1% COs

simulation are again found to be mostly dominated by the BGC simulation (Fig. 2), though exceptions are seen where the RAD
simulation is shown to dominate the response for certain regions. Specifically, the reduced AC; within the RAD simulation
dominates the net response in the northern latitudes of three ESMs (BCC-CSM2-MR, CESM2, and NorESM2-LM; the only
models where decreases where seen), as well as in the tropical regions of a different three ESMs (ACCESS-ESM1-5, GFDL-
ESM4, and UKESM1-0-LL).

3.2 Soil carbon-concentration and carbon-climate feedback parameters

The sensitivi

be-quantified-using-soil-carbon-specific-carbon-coneentration{calculated (3 yand-carbon-climate-(and v, }feedbackparameters;
respeetively—These-were-caleulated-for-each-values for CMIP6 ESM-and-the-values ESMs are presented in Table 2. Values for
Bs are found to be positive amongst the CMIP6 ESMs which is consistent with increased C with increasing CO2, and values

for v, are found to be negative which is consistent with decreased Cs with increasing temperature (Fig. 3).

The magnitude of the feedback parameters (55 and ;) are found to vary amongst the CMIP6 ensemble, suggesting uncer-
tainty in the magnitude of the soil carbon response to climate change. Generally, models with higher sensitivities to COs (f5),
also have higher sensitivities to temperature (vy,), where a 1> values of 0.64 (2xCO,) and 0.60 (4xCO,) are found between
the 55 and -4 values (Table 2). The range in projected B, parameters are found to be relatively consistent between 2xCO4
and 4xCO, (where a small decrease is seen), with a range of 0.704 PgC ppm~! and range of 0.636 PgC ppm~" respectively.
Conversely, the range of calculated v, parameters are found to be less consistent between 2xCO5 and 4xCO- (increasing range
with increased €6-global warming), with ranges of 42.7 PgC °C~! and 68.0 PgC °C~! respectively (Table 2).

The linearity of future soil carbon changes can be investigated by comparing the 2xCO5 and 4xCO- lines for 35 and ~y in

Fig. 3. A future linear response is shown to be a good approximation, however the figure suggests a slight non-linearity in the



235 soil carbon response to both CO, (ACEFY) and temperature (ACFAP) in the majority of ESMs. The BGC simulation gen-
erally sees greater consistency between 2xCO- and 4xCOs, [, values, for example in the CESM2 and NorESM2-LM models.
However, the majority of ESMs (ACCESS-ESM1-5, BCC-CSM2-MR, GFDL-ESM4, IPSL-CM6A-LR, MIROC-ES2L., MPI-
ESMI1-2-LR, and UKESM1-0-LL) see a reduction in 35 and a saturation to the sensitivity with greater CO5 levels (Fig. 3(a)).
In the RAD simulation, generally inconsistencies are seen between 2xCO, and 4xCO4 (exception MPI-ESM1-2-LR) and an

240 increased sensitivity of CFAP to temperature (T) with increased climate forcing is suggested by the majority of CMIP6 ESMs
(Fig. 3(b)). As an example, in CESM2 where one of the lowest sensitivities to T at 2xCOs, is seen, the ESM see an approximate
50% increase in v by 4xCO5 (Table 2).

33 1 o } £ the AC, o
The projected-changeinseil-ecarbon-; and v, values were also calculated for CMIPS ESMs (Table A3), which can be compared

with a subset of generationally related CMIP6 ESMs considered in this study (Fig. A3). The CMIP6 ensemble means for

both 3, and 7, parameters are found to be lower compared with the CMIP5 ensemble means (Table 2 and Table A3). The

245

relationship of 5, and ~, values between CMIP5 and CMIP6 however, is not found to be consistent amongst the ensembles. For

Bs, reductions are seen in 4 ESMs (GFDL-ESM2M Vs GFDL-ESM4, IPSL-CM5A-LR Vs IPSL-CMOA-LR, MPLESM-LR
Vs MPLESM1-2-LR, and HadGEM2-ES Vs UKESM1-0-LL), compared to increases in the remaining 2 (A€s)inESMs-in

250 CanESM2 Vs CanESMS and NorESMI-ME Vs NorESM2-LM). For 7, a greater value (closer to 0) is seen in 4 ESMs
(CanESM2 Vs CanESMS, GFDL-ESM2M Vs GFDL-ESM4, IPSL-CMSA-LR Vs IPSL-CMOA-LR, and MPLESM-LR Vs
MPI-ESMI-2-LR), compared to a lower value (greater negative) is seen in the remaining 2 ESMs (NorESMI-ME Vs NorESM2-LM
and HadGEM2-ES Vs UKESMI-0-LL).

3.3 Breakdown of the feedback parameters into soil carbon drivers

255 In this section, . and . are broken down into the individual sensitivities of drivers of soil carbon change which make u

the net response. As shown in Fig. 4, the total soil carbon sensitivities (3, and =, blue bars) can be considered as a sum of

the sensitivity due to ANPP and reen bars), the sensitivity due to At, (8, and red bars), and additional

terms due to the transient land carbon sink, such as NEP ( and light ereen bars) and the NEP effect on 7,
and ink bars). Additionally, there are non-negligible contributions due to non-linear sensitivities between NPP and 7
260 (3 -and y , black bars) and a small contribution from non-linear sensitivities between NEP and 7,
and P rey bars).
Investigating the sensitivity of soil carbon to ANPP, is found to be positive amongst CMIP6 ESMs (Fig. 4). At

2xCO, By pp ranges from 0.567 PgC ppm ! (ACCESS-ESMI:5) to 5.62 PgC ppm ! (BCC-CSM2-MR), with an ensemble
mean of 2.37 & 1.37 PeC ppm ", There is some evidence of a saturation of global NPP at higher CO,. with the sensitivity
265 of NPP to CO; (Sypp) decreasing at 4xCO, to an ensemble mean of 144 + 0.933 PgC ppm ", The sensitivity of NPP to
global temperature changes (32 p) is found to be more variable amongst the ensemble. The majority of models find Yy pp.
to be negative, however it is found to be positive in two ESMs (CanESMS and MPI-ESM1-2-LR). The sensitivity of NPP to

10
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temperature ( p) is found to be more consistent with climate change than the sensitivity to CO5 (3 ), where the P
ensemble mean changes from -29.4 4 40.1 PeC °C~! at 2xCO» to -35.3 & 33.1 PgC °C~! at 4xCO,, (Fig. 4). At 4xCOs, the

°C~1), and the greatest sensitivity in BCC-CSM2-MR

lowest sensitivity of NPP to temperature is seen in CanESMS5 (3.95 PgC

-90.8 PgC °C~ 1),

Investigating the sensitivity of soil carbon to A7, negative and v, values are mostly found amongst the CMIP6 models

Fig. 4). An anomaly is found where 7, is found to increase with temperature in the ACCESS-ESM1-5 model, where the reason

. A2). The sensitivity of 7, to T

for this is unclear (Fi ) is also found to be more consistent with increasing climate change

than the sensitivity to COy, where an ensemble mean of -25.2 £ 27.9 PgC °C”" at 2xCO; and -20.5 £ 29.5 PgC °C™ ! at 4xCO;
is seen. At 4xCO;, the greatest sensitivity of 7 to temperature is seen in the MIROC-ES2L model (-54.6 PgC °C”") and the
lowest sensitivity is seen in the NorESM2-LM model (-2.80 PgC °C—!
€O (B2). At 2xC0O;, B ranges from -0.329 PgC ppm”" (ACCESS-ESMI-5) to -1.90 PgC ppm " (BCC-CSM2-MR), with
an ensemble mean of -0.900 - 0.574 PgC ppm . Due to the non-linearity, a reduced ensemble mean of -0.450 & 0.359 PeC
ppm " is found at 4xCO, compared with 2xCO; (Fig. 4).

It is apparent from Fig. 4 that the sensitivities of NPP and 7, to both CO and T must be accounted for to understand and

uantify the sensitivities of soil carbon. The magnitude of 53, is found to be approximately a third of the magnitude of Sy pp at

both 2xCO; and 4xCO,, but with counteracting signs of change. Models with the lowest S pp sensitivities also see the lowest

sensitivities (e.2. ACCESS-ESM1-5), and via versa. The magnitude of p 1s generally found to be greater across the
ensemble compared with 7, however with a greater range of sensitivities. Additionally, the apparent sensitivity of soil carbon
lower apparent 3. The magnitudes of and (3, are lower at 4xCOs than 2xCOs5, which means a reduced sensitivity of
NPP and 7, to CO, at greater levels of climate change, However, due to this cancellation effect the same reduced sensitivity.
is not seen in ;. Conversely, a reduced sensitivity of NPP and 7, to temperature is not suggested under increasing climate
forcing. No clear relationship between yypp and 7. is seen amongst the CMIP6 ESMs (Fig, 4).

The contribution of the non-linearity between NPP and 7 to the net soil carbon sensitivity is also investigated (Sanreas

and . Fig. 4 suggests that the non-linearity between NPP and 7, is more robustly projected to result from increasin

. 7, 1s found to decrease non-linearly with increasin

. are also seen in the models which the greatest temperature sensitivities. The ensemble

however non-linearities in

3.4 Investigating robustness of the AC, approximation

Projections of AC in ESMs in the full 1% CO4 simulation was compared with the estimated AC derived using Equation
7, which uses the derived (35 and v, feedback parameters together with model specific AT and estimates for ACO, (Fig. 5).

This investigates the approximation that changes in the full 1% CO4 simulation is equal to the sum of changes in the BGC and
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RAD simulations. At 2xCO, the approximation is found to predict AC; within 20% of the actual projected values in the 1%
CO,, simulation for 7 out of the 10 CMIP6 ESMs (BCC-CSM2-MR, CESM2, GFDL-ESM4, IPSL-CM6A-LR, MIROC-ES2L,
MPI-ESM1-2-LR and UKESM1-0-LL). At 4xCQ2, the robustness of the assumption between the BGC and RAD simulations
reduces for future changes in soil carbon. However, 8, AC O3 + s AT is within 20% of the projected AC; for 5 out of the
10 ESMs (GFDL-ESM4, IPSL-CM6A-LR, MIROC-ES2L, MPI-ESM1-2-LR and UKESM1-0-LL). The models where the
approximation is the least consistent with projected AC, are ACCESS-ESM1-5 and BCC-CSM2-MR, where at 4xCOs the
greatest non-linearities are present between BGC and RAD simulations —(Fig. 5).

3.5 Comparisons between soil and land feedback parameters

The contribution of the sensitivity of soil carbon stocks (Cy) to the total sensitivity of land carbon stocks (C) was investigated
by comparing the 3 and vy feedback parameters for land (Table A1) and soil (Table 2), for both 2xCO5 and 4xCO, in CMIP6
ESMs (Fig. 6). Here, the assumption from Equation 5 is followed that the land sensitivity is made up of the sum of the soil
and vegetation responses. For the carbon-concentration feedback (/3), the portion of the land sensitivity to COs (81) that is
due to global soils (35) ranges from 19% (NorESM2-LM) to 53% (BCC-CSM2-MR), with a mean of 38 + 11 % seen across
the CMIP6 ESMs at 2xCOs (Fig. 6(a)). Similar proportions are found at 4xCOs, ranging from 22% (NorESM2-LM) to 58%
(MIROC-ES2-L), with a mean of 42 + 12 % seen across the CMIP6 ESMs (Fig. 6(b)). The portion of 3, due to [ is estimated
to be close to half the total land response. For the carbon-climate feedback (), the portion of the land sensitivity to climate
(7yr) that is due to global soils () ranges from approximately 42% (CESM2) to 147% (MPI-ESM1-2-LM), with a mean of 75
4 30 % seen across the CMIP6 ESMs at 2xCOs, (Fig. 6(a)), and at 4xCOs the ranges is from 48% (ACCESS-ESM1-5) to 157%
(MPI-ESM1-2-LM), with a mean of 75 £ 31 % seen across the CMIP6 ESMs (Fig. 6(b)). Therefore, the portion of vz, due to
v, 1s estimated to be the majority of the sensitivity, suggesting that soil dominates the response of land carbon to climate. Note
that the MPI-ESM1-2-LR model sees a greater v, value compared with ~yr, resulting in the percentage of the land response
attributed to soil being greater than 100%. This suggests a positive v, response in this model, meaning a predicted increased

vegetation carbon globally with global warming.

4 Discussion

Quantifying the future sensitivity of global soil carbon stocks to anthropogenic COy emissions and their role within future
land carbon storage is vital in order to understand future changes in the Earth’s climate system (Canadell et al., 2021).
Global changes in soil carbon (AC5), in the absence of human disturbance and land-use change, will result from responses
due to changes in atmospheric CO, and associated changes in global temperatures (T), which is used to represent climate
effects on a global scale. By separating the sensitivities due to increasing CO5 and T, the idealised C4AMIP ESM simula-
tions allows for these effects on soil carbon to be examined individually and the use of the - formulation allows these

sensitivities to be quantified and compared for CMIP6 ESMs
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¥—(Jones et al., 2016; Friedlingstein et al., 2006). Further, combining the 8~ formulation with the Varney et al. (2023) AC

2

framework, allows us to isolate the sensitivities of soil carbon processes which influence 3, and v, within models.
Across CMIP6 ESMs, soil carbon is projected to increase in the BGC simulation (‘CO5 only’) and decrease in the RAD

simulation (‘climate only’), consistent with projections of the overall land carbon response (Arora et al., 2020). The BGC

simulation has been used to quantify the sensitivity of soil carbon to ACOs (5;), where positive S, values were defined
due to the projected increase in soil carbon with increased atmospheric CO2 (Fig. 1(b)). Fhis-is-known-to-be-due-to-an-The
ositive has been shown here to mostly be a result of a positive 5 term (Fig. 4), which represents the increased CO5

ion-describing an increased
vegetation productivity under higher atmospheric CO» concentrations—Fhis-isknewn-to-tead-to-, which leads to an increased

input of litter carbon into soil carbon pools (Schimel et al., 2015; Koven et al., 2015);-theugh-how—wel-models—represent

fertilisation effect on

negative contribution of 3, on 3, is also shown (Fig. 4). Previously, Varney et al. (2023) presented a transient reduction in 7,

in CMIP6 ESMs due to an increased rate of carbon input into the soil
i.e. negative 3, due to positive 3y pp); a phenomenon known as false priming (Koven et al., 2015);-hewever-, However,
it can be seen that the magnitude of this effect has-been-shown-to-be-is small compared to the resuttant-CO, fertilisation effect

within- CMIP6-(Varney-et-al;2023)-across the ESMs Vs 3 , Fig. 4). Despite agreement on a net increase in soil carbon
stocks globally (positive (5 )elebatty, this study highlights uncertainty on the projected magnitude of this sensitivity amongst

the CMIP6 models(¥able2, which is seen to be driven by uncertainties in Fig. 4).

The RAD simulation has been used to quantify the sensitivity of soil carbon to changes in climate (AT; 7,), where negative

v, values were defined due to the projected decrease in soil carbon with global warming (Fig. 1(c)). On-a—global-scale;the
feéueﬁeﬁﬂ'ﬁ%e%l»eafbm—uﬁde%eﬁmaf&ehaﬁge&The negative v, term has been shown here to be a result of negative ., and in

negative -, ) is known to be due to an

a result of increased microbial activity (Varney et al., 2020; Crowther et al., 2016). The global sensitivity of NPP to climate
changes (yypp) is less certain where both negative and positive values are seen across the CMIP6 ESMs (Fig. 2y—4).
This is likely due to more spatially varying responses, where the resultant AC, can be seen in Fig. 2. For example, in-

creased temperatures in northern latitudes could result in the northward expansion of boreal forests (Pugh et al., 2018), which
would increase forest productivity and subsequently carbon storage in these regions. ConverselyHowever, future changes
in precipitation patterns could lead to regions with reduced soil moisture, which would conversely lead to reduced vege-

tation productivity and carbon uptake (Green et al., 2019). The uncertainties in-associated with projected spatial changes

—as—weluneertainties—n— together with the uncertainties in the magnitude of carbon turnover times within the

he- (V23
Varney et al. (2020); Koven et al. (2017)), results in uncertainties in the sensitivity of soil carbon to climate changes (v sensitivity
) amongst the CMIP6 models(Table-2).

soil
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This paper highlights the importance of soils within the rele-efthetand-surfaceland carbon response to global warming (Fig.
6). Despite the AC sensitivity to COq sensitivity-of-ACz-dominating net soil carbon changes (3;), it could be argued that
the significance of the seil-climate-sensitivity-AC; climate sensitivity (75) will increase under more extreme levels of climate

change(ss). This is suggested by both a projected saturation of 55 and an increase in 5 7between 2xCO5 and 4xCO2 shown
in the CMIP6 ensemble means (Table 2). The saturation, or reduced rate of increase, in B seen in CMIP6 is likely due to a
limit of the CO», fertilisation effect—, based on the reduced 5 pp values between 2xCO, and 4xCO, (Fig. 4). The rate of CO,
fertilisation in the future is expected to be limited by nutrient availability (Wieder et al., 2015), which in CMIP6 is now more
explicitly represented by the inclusion of an interactive nitrogen cycle in multiple models (see Table 1). This implementation
is expected to limit the increased productivity from CO- fertilisation within ESMs (Davies-Barnard et al., 2020), and has

previously been found to lower the magnitude of the land feedback parameters (Arora et al., 2020). However, it is noted that

warming within the soil could accelerate nutrient mineralisation, which could result in a liberation of nitrogen due to increased

microbial breakdown of plant litter, alleviating the nutrient limitation in plants (Todd-Brown et al., 2014).

CenverselyUnlike the 3, parameter, the sensitivity of soil carbon to climate changes (v;) has been shown to increase with
global warming ;-where-the-amongst CMIP6. The greater -y, values at 4xCOo compared to 2xCO, implies-a-greaterfound
here implies an increased rate of soil carbon loss under increased gtobat-temperature-Furthermore-amounts of global warming
(Table 2). Additionally, it could be hypothesised that limitations within CMIP6 ESMs in the representation of soil carbon and
related processes could suggestlead to a potential underestimation of y,. In Fig. 2, reductions in soil carbon stocks are-shewn

in-the-full-1%-stmulation-within the high northern latitudes for-only-are only seen in 3 models considered-in-thisstady-for
the full 1% CO4 simulation (BCC-CSM2-MR, CESM2, and NorESM2-LM). These-models-have-previousty-been-shown-to-be
the-enlty-Varney et al. (2022) find that these CMIP6 models to-represent quantities of northern latitude carbon stocks the most
consistently with observational estimatestVarney-et-al-2022);-which-suggests-, which could imply an increased likelihood of

soil carbon loss from the northern latitudes when-histerical-stocks-are-represented-more-consistently-based on consistency with
observations. It is noted however, that CESM2 and NorESM2-LM contain the same land surface eomponent-model so are

AANAARAARA

expected to show similar results (Lawrence et al., 2019). MereoverFurthermore, the majority of ESMs do not include implieit
explicit representation of permafrost carbon (Burke et al., 2020);-which-means-targe-, Including permafrost within ESMs would
result in increased quantities of carbon whieh-are-within the soil known to be especially sensitive to global warming --(increased
7s), Which currently are not included in the calculation of these feedbacks (Schuur et al., 2015).

The - formulation has many benefits in allowing the quantification and comparison of land and soil carbon feedbacks
amongst ESMs. However, one limitation is due to AC; not being consistently linear with increasing CO, and temperature
Fig. 3), so the parameter values depend on the point in time which they are calculated (for example, 2xCO5 or 4xCQO,). This
has been shown to be due to non-linearities between-the-in the processes driving soil carbon feedbacks (Fig. 4), such as the

heterotrophic (soil) respiration to temperature (7,; Zhou et al. (2009)).
Non-linearities between CO9 and T responses are also known and have previously been shown within ESMs in the future
land carbon responses (Schwinger et al., 2014; Zickfeld et al., 2011; Gregory et al., 2009). Zickfeld et al. (2011) suggest that
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the non-linearity in the land response are due to significantly differing vegetation responses which depend on whether or not
climate effects are combined with the CO, fertilisation effect; for example, forest dieback (Cox et al., 2004). However, this is
model dependent as not all models within CMIP6 simulate dynamic vegetation (Table 1). The spatial variations in the response
of soil carbon to CO; and climate that are seen in Fig. 2 could also contribute to the non-linearity. For example, a different
spatial pattern of soil carbon under elevated CO5 could lead to a different overall temperature response, e.g. if more carbon is
in the high latitudes where greater temperature changes are seen. Arora et al. (2020) find that climate responses in the BGC
simulation account for a difference of 1% - 5% in the calculation of the feedbacks, suggesting a small but non-negligible effect
of climate in the BGC runs. This response was shown to be dependent on the representation of vegetation within the model, as
with the non-linearities found in Zickfeld et al. (2011). Despite this, isolating and quantifying the key sensitivities with the 5y
method provides a useful benchmark for feedbacks within CMIP.

5 Conclusions

The Friedlingstein et al. (2006) methodology adapted in this study suggests that 3, and vy, linearity is a valid assumption for
projected soil carbon changes in ESMs up until a doubling of CO5. However, under more extreme levels of climate change,
the results here suggest the need for the non-linearity in feedbacks to be further investigated. Soil carbon is found to have a
greater impact on carbon-climate feedbacks than vegetation carbon responses, which means that the sensitivity of soil carbon
to changes in global temperature is the dominant response of the land surfacecarbon cycle when considering climate effects.
Therefore, further understanding and quantifying the sensitivity of global soils under global warming is necessary to quantify
future changes in the climate system. Moreover, the sensitivity of soil carbon to temperature increases with increasing climate

forcing, suggesting that soil carbon is particularly important in the long-term response-of-land-earbon—sterage-land carbon

response under extreme levels of global warming.
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Figure 1. Timeseries of projected changes in soil carbon (AC,) in CMIP6 ESMs, for the: (a) idealised 1% CO2 (left column), (b) biogeo-
chemically coupled 1% CO> (BGC, middle column), and (c) radiatively coupled 1% CO> (RAD, right column) simulations. This figure has

been adapted from Fig. A2 in Varney et al. (2023).
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Figure 2. Maps of-showing the changes in soil carbon (ACY) at 4xCO2 in CMIP6 ESMs, for the: (a) idealised simulations 1% CO2 (left
column), (b) biogeochemically coupled 1% CO> (BGC, middle column), and (c) radiatively coupled 1% CO2 (RAD, right column).
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Figure 3. Timeseries plots used to calculate the soil feedback parameters. (a) Soil carbon in the BGC simulation (CZ%C, PgC) Vs CO,
(ppm) for the carbon-concentration feedback parameters (3, PgC ppm ™), and (b) Soil carbon in the RAD simulation (CEAD PgC) Vs
temperature (T, °C) for the soil carbon-climate feedback parameters (vy;, PgC °C™1), for each CMIP6 ESM. The lines show the gradients at

2xCOs (lighter line) and 4xCOs (darker line), respectively.
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Figure 4. Barcharts-comparing AC—(PgC)inInvestigating the fat-+%-CO--simulations-with-contribution of individual soil carbon drivers
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Table 1. The CMIP6 Earth system models included in this study and the relevant features of associated land carbon cycle components:
simulation of interactive nitrogen, the inclusion of dynamic vegetation, representation of fire, and the soil decomposition functions used
(Varney et al., 2022; Arora et al., 2020). Explanations of the temperature and moisture functions used within ESMs are given in Varney et al.

(2022) and Todd-Brown et al. (2013).

Earth System Nitrogen = Dynamic  Fire Temperature & Moisture
Model Cycle Vegetation Functions
ACCESS-ESM1.5 Yes No No Arrhenius
& Hill
BCC-CSM2-MR No No No Hill
& Hill
CanESMS5 No No No Q10
& Hill
CESM2 Yes No Yes Arrhenius

& Increasing

GFDL-ESM4 No Yes Yes Hill

& Increasing

IPSL-CM6A-LR No No No Q1o

& Increasing

MIROC-ES2L Yes No No Arrhenius

& Increasing

MPI-ESM1.2-LR Yes Yes Yes Q10

& Increasing

NorESM2-LM Yes No Yes Arrhenius

& Increasing
UKESM1-0-LL Yes Yes No Q10
& Hill
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Table 2. Table-presenting-the-The soil carbon-concentration (85, PgC ppm 1) and carbon-climate (75, PgC °C~') feedback parameters for
2xCO2 and 4xCO for the CMIP6 ESMs.

Earth System 2xCO2 4xCO2
Model Bs s Bs Ys
ACCESS-ESM1.5 0.242 -29.2 0.127 -37.3
BCC-CSM2-MR 0.861 -50.5 0.763 -83.1
CanESMS5 0.544 214 0.620 -31.8
CESM2 0.175 -1.67 0.183 -15.1
GFDL-ESM4 0.397 -25.0 0.371 -314
IPSL-CM6A-LR 0.357 -11.9 0.222 -15.3
MIROC-ES2L 0.684 -49.4 0.630 -63.1
MPI-ESM1-2-LR 0.494 -14.4 0.375 -15.6
NorESM2-LM 0.157 -12.0 0.161 -19.5
UKESM1-0-LL 0.351 -24.7 0.307 -32.7
Ensemble mean 0.426 -24.6 0.376 -34.5
Ensemble std +0213 +142 | £0212 +21.3
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Figure Al. Timeseries of projected global mean temperature changes (A7) in CMIP6 ESMs for the idealised simulations 1% CO» (left
column), biogeochemically coupled 1% CO2 (BGC, middle column) and radiatively coupled 1% CO> (RAD, right column).
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Figure A2. Timeseries of projected changes in Net Primary Productivity (ANPP, top row) and soil carbon turnover time (ATg, bottom
row) in CMIP6 ESMs for the idealised simulations 1% CO4 (left column), biogeochemically coupled 1% CO2 (BGC, middle column) and
radiatively coupled 1% CO2 (RAD, right column). This figure has been adapted from Fig. A2 in Varney et al. (2023).
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Figure A3. Comparison of the soil carbon-concentration (3s) feedback parameters (top row) and the soil carbon-climate (vs) feedback

arameters (bottom row) from generationally related ESMs from CMIP5 and CMIP6, for (a) 2xCO» and (b) 4xCO».
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Table A1. Table presenting the land carbon-concentration (31, PgC ppm~') and carbon-climate (-, PgC °C~1) feedback parameters for
2xCO2 and 4xCO for the CMIP6 ESMs.

Earth System 2xCO2 4xCO2

Model BL YL BrL YL

ACCESS-ESM1.5 0.624 -64.5 0.312 -11.7

BCC-CSM2-MR 1.63 -62.1 1.39 -98.0
CanESMS5 1.34 -21.6 1.27 -36.9
CESM2 0.839 -18.3 0.787 -30.1
GFDL-ESM4 1.00 -42.3 0.891 -57.3
IPSL-CM6A-LR 1.05 -18.4 0.614 -24.5
MIROC-ES2L 1.34 -56.7 1.08 -74.0
MPI-ESM1-2-LR 1.03 -9.81 0.699 -9.98

NorESM2-LM 0.811 -22.2 0.740 -35.3

UKESM1-0-LL 1.00 -35.6 0.746 -52.4

Ensemble mean 1.07 -35.2 0.854 -49.6

Ensemble std +0.281 £19.1 | £0304 £260
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Table A2. The CMIPS Earth system models included in this study and the relevant features of associated land carbon
used (Varney et al., 2022; Arora etal., 2013; Anay et al., 2013; Friedlingstein et al., 2014). Explanations of the temperature and moisture
functions used within ESMs are given in Varney et al. (2022) and Todd-Brown et al. (2013).

Earth System ~ Nitrogen ~ Dynamic  Temperature & Moisture
CanBSM2 ~ No No_ Qo
& Hill
GFDL-ESM2M =~ No Yes. Hill
& Increasing
IPSL-CMSALR ~ No. No_ Qo
& Increasing
MPLESM-IR Mo Yes, Qo
& Increasing
NorESMI-ME ~ Yes No_ Arrhenius
% Increasing
HadGEMZ'ES ~  No Yes. Qo
& Hill
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Table A3. The soil carbon-concentration (8,, PeC ppm ') and carbon-climate (v, PgC °C™Y) feedback parameters for 2xCO- and 4xCO

for the CMIPS ESMs.

Earth System 2xCOz 4xCO2
Model Bs. ey Bs. ey
CanBESM2 0413 394 | 0463 342

GFDLESM2M | 0421 367 | 0326 735

IPSLCMSALR | 0511 283 | 0410 395

MPLESM-LR | 102 -357 | 0937 636

Ensemblemean | 0522 :26J | 0482 428

Ensemblestd | £0306. +133 | £0290  £237
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