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Abstract.

The response of soil carbon represents one of the key uncertainties in future climate change. The ability of Earth System

Models (ESMs) to simulate present day soil carbon is therefore vital for reliable-projectionsreliably estimating global carbon

budgets required for Paris agreement targets. In this study the-mestup-te-date-CMIP6 ESMs are evaluated against empirical
datasets to assess the ability of each model to simulate soil carbon and related controls: Net Primary Productivity (NPP) and

soil carbon turnover time (7). Comparing CMIP6 with the previous generation of models (CMIP5;—uneertainties-), a lack
of consistency in modelled soil carbon remainremains, particularly the underestimation of northern high latitude soil carbon
stocks. There is a robust improvement in the simulation of NPP in CMIP6 compared with CMIPS5, however the-an unrealistically

high correlation to soil carbon stocks remains, suggesting the potential for an overestimation of the long-term terrestrial carbon
sink. Additionally, the same improvements are not seen in the simulation of 7,. These results suggest a-much of the uncertaint

associated with modelled soil carbon stocks can be attributed to the simulation of below ground processes, and greater emphasis
is required on improving the representation of below-greund-below ground soil processes in future developments of models.

These improvements would help reduce the uncertainty of-in projected carbon release from global soils under climate change

and to increase confidence in the carbon budgets associated with different levels of global warming.

1 Introduction

Soil carbon is the Earth’s largest terrestrial carbon store, with a magnitude of twe-to-at least three times the amount of carbon

contained within the atmosphere (Jackson et al., 2017). The response of soil carbon to COzinduced—induced global warming
has the potential to provide a significant feedback on climate change, but this feedback is currently poorly known (Friedlingstein
et al., 2006; Gregory et al., 2009; Arora et al., 2013; Friedlingstein et al., 2014; Arora et al., 2020; Song et al., 2021).

Carbon stored within the atmosphere and global soils is exchanged via carbon fluxes, as part of the global carbon cycle
{Ciais-et-al52043)(Canadell et al., 2021). The Earth’s terrestrial surface has acted as a carbon sink until now (Pan et al., 2011),
but there is a possibility of a switch to a source during the 21525* century, which would accelerate climate change (Cox et al.,
2000; Crowther et al., 2016). Due to the significant quantities of carbon stored in soils globally, understanding and quantifying

the potential release of carbon from soils is vital if the existing Paris Agreement Targets are to be met (UNFCCC, 2015).
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Earth System Models (ESMs) are complex numerical models which simulate both climate and carbon cycle processes, and
are used to make projections of climate change. The m i
the-tatest-phase-latest generation of the Coupled Model tnter-comparison-Intercomparison Project (CMIP) (Eyring-etat; 26146
and-is-CMIP6 (Eyring et al., 2016), includes an ensemble of ESMs, which are used in the most recent Intergovernmen-
tal Panel on Climate Change (IPCC) report (AR6) PCC;2021b)—Theresponse—of-the-carbon—eyeleto-—climatechange—is
fundamental-to-obtaining-accurate future-projections;-and-the-(IPCC, 2021a). The relationships between carbon and environ-
mental drivers used in models help to determine thisresponse-the response of the carbon cycle to climate change (Todd-Brown

et al., 2013). Therefore, representing present day carbon stores and spatial controls realistically within models is key for

estimating carbon emission cuts required for Paris agreement

targets (Friedlingstein et al., 2022).

Present day soil carbon can be approximately broken down into above ground and below ground controls, which influence

the spatial distribution of soil carbon stocks (Koven et al., 2015). The above ground control of soil carbon can be considered
as the input flux of carbon into the soil from vegetation. Both the amount of carbon from plant and root litter (known as
hitter-falllitterfall), and the fraction of this that is converted to longer-lived soil carbon pools, will influence the storage of soil
carbon. Net Primary Productivity (NPP) can be used as a proxy for the fitterfalt-litterfall flux, where the fluxes are equal when
vegetation is in a steady state. The below ground control of soil carbon can be quantified simply in terms of the soil carbon
turnover time (75), which is defined as the time carbon resides in the soil (Koven et al., 2017; Carvalhais et al., 2014). 75 can
be considered as a proxy for below ground controls on soil carbon storage (Koven et al., 2015).

In this study, the representation of late ZOQticentury soil carbon stores and these related controls -(NPP and 7,;-) are
evaluated in the-latest CMIP6 ESMs. Previously, similar studies have been conducted to evaluate soil carbon in the preceding
generations of ESMs, for example: Anav et al. (2013) and Todd-Brown et al. (2013) for CMIPS5. There are some existing CMIP6
soil carbon related studies, for example: Arora et al. (2020) evaluate carbon-concentration and carbon-climate feedbacks in 1%
COx, per year forcing simulations, Burke et al. (2020) evaluates the representation of permafrost in models, and Ito et al. (2020)
investigate future soil carbon stocks under specific land-use conditions. This study is the first to specifically focus on global

and spatial soil carbon and related controls in CMIP6, with a thorough evaluation against empirical datasets and comparison

against the preceding CMIP5 ensemble.
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2 Methods
2.1 Earth system models

Soil carbon stores and related controls are examined in eleven CMIP6 ESMs (Eyring et al., 2016; Meehl et al., 2014), as

{, https://esgf-node.lInl.gov/search/cmip5/).

Tables 1 (CMIP6) and 2 (CMIP5)present information about the included ESMs, speci cally more details about the asso-
ciated Land Surface Model (LSM). It should be noted that there are similarities between some-afitHeurfaceMeodels
{£SMs)-L SMs - either advances from earlier models, or even the same LSM within different ESMs. For example, CESM2

and NorESM2-LM both use the Community Land Model version 5 (CLM5) (Arora et al., 2020). For some modelling cen-
tres, both the CMIP5 and CMIP6 versions of the models are included, and in these cases direct comparisons can be mad
to determine changes from CMIP5 to CMIP6. These generationally related CMIP5 and CMIP6 models are: CanESM2 and
CanESM5, CCSM4 and CESM2, GFDL-ESM2G and GDFL-ESM4, IPSL-CM5A-LR and IPSL-CM6A-LR, MIROC-ESM
and MIROC-ES2L, MPI-ESM-LR and MPI-ESM1.2-LR, NorESM1-M and NorESM2-LM, and HadGEM2-ES and UKESM1-
0-LL, respectively. The models where only either the CMIP5 or CMIP6 version from the modelling centre was included are:
BNU-ESM and GISS-E2-R from CMIP5 and ACCESS-ESM1.5, BCC-CSM2-MR and CNRM-ESM2-1 from CMIP6. A key
general change to note is that CMIP6 has more models that include an interactive nitrogen cycle compared with CMIP5:
ACCESS-ESM1.5, CESM2, MIROC-ES2L, MPI-ESM1.2-LR, NorESM2-LM and UKESM1-0-LL in CMIP6 compared with
CCSM4 and NorESM1-M in CMIP5. (The CMIP5 model BNU-ESM includes carbon-nitrogen interactions, however this pro-
cess was turned off in CMIP5 simulations (Ji et al., 2014)). Additionally, an increased number of soil carbon pools is seen in
some CMIP6 models (e.g. CLM5 has 29 carbon pools compared with 20 in CLM4). Arora et al. (2020) include a comprehen-
sive overview of the updates seen in the individual CMIP6 models, which is presented in the "Model descriptions' section of
the associated Appendix.

Todd-Brown et al. (2013) include a summary of the temperature and moisture dependencies of soil respiration/decomposition
as assumed in the CMIP5 models (see Table 1 of the Todd-Brown et al. (2013) study). The most common representation of the
temperature sensitivity of decomposition is g equation, which is de ned b¥/(T) = Q(lg T0)=10 \whereT is temperature
andTy is a reference temperature. With g, equation, decomposition increases exponentially with temperature (Davidson
and Janssens, 2006). The majority of other models used the Arrhenius equation to represent the temperature sensitivity, wher
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the main difference from th@1 representation is that decomposition levels off at higher temperature levels (Lloyd and Taylor,
1994). Of the remaining models, the GFDL model simulates an increased decomposition with temperature until some optimal
temperature above which it decreases (Shevliakova et al., 2088)ch Todd-Brown et al. (2013) de ned as a "hill' functigh

and the GISS model implement a linear increase of respiration to temperature up to a maximum value (Del Grosso et al., 2005).
The representation of the decomposition sensitivity to soil moisture was found to be to be represented in two ways amongst
the CMIP5 models, where either decomposition was assumed to increase monotonically with increasing soil moisture, or less
commonly to increase to some optimum moisture level and then decrease (again described as a "hill' function by Todd-Brown
et al. (2013)). In this study we note that the representation of temperature and moisture functions remain similar from CMIP5
from CMIP6. TheQ1o equation remains the most common representation of soil temperature sensitivity in models, followed
by the Arrhenius equation and then "hill' functions. Similarly, the most common representation of the sensitivity of soil to

moisture in CMIP6 is a monotonically increasing function, followed by “hill' functions of various sorts.
2.2 De ning soil carbon variables

CMIP de nes common output variables (Meehl et al., 2000), which allows for consistent comparison between the models,

comparison between model generations, in this case between CMIP6 and CMIP5. This study focuses on evaluation of neat
present day soil carbon and related controls. Therefore the results presented in this study use the CMIP standard historica
simulation (CMIP scenaribistorical), for both the CMIP6 and CMIP5 analysis. The historical simulation runs ff8&9-2015
1850t0.2015in CMIP6 and fromt856-26651850t0.2005 in CMIP5, where the selected dates for each variable (stated below)
were chosen to allow for consistent comparison between CMIP5 and CMIP6, and to best match the modelled data to the
observational data.

To evaluate soil carbon, this study uses "Soil Carbon' (CMIP varieBl@) which represents the carbon stored in soils,
and where applicable "Litter Carbon' (CMIP varialgleitter) which represents carbon stored in the vegetation litter. Total soil
carbon;-(Csy) is de ned to be the sum of these soil carbon and litter carbon variab&silt+ cLitter), whereappticabidor
modelsthatdo notreporta separatgitter carbonpool, thetotal soil carbonis takento be simply thecSoilvariable. This allows

for a more consistent comparison between the models and between the models and empirical data, due to differences in hov
soil carbon and litter carbon are simulated (Todd-Brown et al., 2013; Arora et al., 20B88)eformodelsthatdonetreporta
i j j j Hvariable:ModelledCs is time averaged between

the years 1950 to 2000 of the historical simulation, and is considered spatially (units cf)kand as global totals (units

of PgC), where global totals are calculated as an area weightedusimg the model land surface fractiofCMIP variable
sftif)anddividedby-+—16'2). To calculate northern latitude totals, a sum between the latitudeN @dd 90 N is considered.
variablecSoil which represents the full vertical soil pro le, arfd) CMIP variablecSoilAbove lmwhich represents soil car-

bon in the top 1m of soil. This is due to the representation of vertically resolved soil carbon in these models, which means

there are separate carbon pools in the model that represent different soil depths (Lawrence et al., 2019). The CMIP variable
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cSoilAbovelnis used throughout this study to represent soil carbon for the models CESM2 and NorESM2-LM, unless oth-
erwise stated. The use of this variable is to enable a more consistent comparison with both the other CMIP6 models and the
CMIP5 models. Therefore, an assumption of a 1m depth of soil for modelled soil carbon allows for the fairest evaluation, and
evaluation is considered against empirical datasets down to a depth of 1m (see below). However, comparisoneSuith the
variable for both CESM2 and NorESM2-LM are included in Tables 4 and 6 of the Results.

soil carbon variations, a quasi-equilibrium approximation is made. We begin with the de nition of the effective soil carbon
turnover time (5) (Varney et al., 2020; Koven et al., 2017; Carvalhais et al., 2014), which represents the average time carbon
resides in the soil:

C
s = Cs=Ry, RT (1)

dueto plantrespiration. In the contemporary periegonsideredn this study,Rn_hasbeenfound to.be well

To evaluate these soil carbon controls ®8:Cs, NPP and s are evaluated separately. This study uses modelled "Net
Primary Productivity' (CMIP variablepp), which is de ned as the mass ux of carbon out of the atmosphere due to NPP on
land. NPP is also considered spatially (kg 1 1), and as an area weighted global total ux (PgC ). By de nition

to heterotrophic respiration on land, primarily due to the microbial respiration that occurs in the soil, and where the units of



160

165

170

175

180

185

190

for consistency between the CMIP generations and to match the empirical datasatsbe considered on a spatial level, or
as an effective globals, which is de ned as averagg=mean(Cs)/meanRy) (where the mean represents an area weighted
global average). The advantage of de ning an effective globas that it is not dominated by large spatial outlying values.
Using either method, the units fog are in yeargyr) by de nition.

The relationships o$eil-carben;Cs, NPP and g, with both temperature and soil moisture are also considered. For tem-
perature, the variable “near surface air temperature' (CMIP variaBlerepresenting atmospheric temperature at the surface

is considered, where the dat&895-26051995to0 2005where chosen to be consistent with the carbon uxes. The variable

for atmospheric temperature is considered opposed to soil temperature as equivalent global observational datasets are require
for the analysis. For soil moisture, the variable "Moisture in Upper Portion of Soil Column' (CMIP variabt®, which is

kg m?, however in this study a volumetric soil moisture, referred to,ds used to allow for consistent comparison with the
benchmark data. is calculated amrsosdivided by the depth of the soil layer in mm, which in this case #mrsos/100.

The variablemrsosfor soil moisture was considered opposed to the full soil column moisture (CMIP varnabig as this

surfacesoil moistureafter rainfall eventscould run off andthusnot alwaysreachthe deepersoil. However,dueto. the long

timescalegonsidered1978- 2000)for hoththe modelledandempiricaldata,the averagesurfacesoil moisturewill beclosely

2.3 Empirical datasets
2.3.1 Soil carbon

Observationatei-carbenCs +to a depth of 1mrwas obtained by combining the empirical Harmonized World Soils Database
(HWSD) (FAO and ISRIC, 2012) and Northern Circumpolar Soil Carbon Database (NCSCD) (Hugelius et al., 2013) soil carbon
datasets, where NCSCD was used where overlap of the datasets occurs. This is a commonly used method when considerin
empirical soil carbon and has been previously used in multiple studies, such as: Varney et al. (2020), Koven et al. (2017), and
Todd-Brown et al. (2013). This dataset is referred to here as the ‘Benchmark dataset'.

We use the 95% con dence intervals given by Todd-Brown et al. (2013), to derive standard deviations about the global
mean soil carbon. To do this, the constructed 95% con dence interdadsewere used to calculate upper and lower bounds
around the mean value. Then assuming the data is normally distributed, these derived 95% con dence intervals were halved to

obtain con dence intervals equivalent to a standard deviation error on the mean (1212 PgC). The uncertainty analysis
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completed in Todd-Brown et al. (2013) is used for the benchmark soil carbon dataset as no quantitative uncertainty has been
previously or since de ned for the HWSD and NCSCD datasets (Anav et al., 2013).

Additionally, the benchmark dataset was compared with empirical estimates found in the literature to improve the robustness
and reliability of the evaluation. Todd-Brown et al. (2013) nd that this derived uncertainty is consistent with other empirical
estimates of global soil carbon; for example, 1576 PgC in Eswaran et al. (1993), 1220 PgC in Sombroek et al. (1993), and
1502 PgC in Jobbagy and Jackson (2000). This study further compares with empirical estimates of 1395 PgC in Post et al.

additional datasets include: (1) the World Inventory of Soil property Estimates (WISE30sec) dataset down to a depth of 2m

(Batjes, 2016), which includes a given standard deviation on the global total soil carbon consistent with our derived benchmark
uncertainty, (2) the named "S2017' from Sanderman et al. (2017) soil carbon estimate (1m and 2m), which uses a data-driven
statistical model and the History Database of the Global Environment (HYDE) land use data, (3) the Global Soil Dataset for
use in Earth System Models (GSDE), which provides a estimates for observational soil carbon down to a depth of up to 2.3m
(Shangguan et al., 2014), and (4) the Global Gridded Surfaces of Selected Soil Characteristics (IGBP-DIS) estimate of soll
carbon to a depth of 1m, derived by the Oak Ridge National Laboratory Distributed Active Archive Centre (ORNL DAAC)
(IGBP, 2000). These datasets were combined to obtain a mean estimate for observational soil carbon down to a depth of 1m
where a global total soil carbon value of 156214 PgC was found. This estimate is consistent with our benchmark dataset
estimate, and further improves the con dence in our benchmark soil carbon estimate.

Furthermore, the spatial correlation coef cients between these additional datasets and our benchmark dataset are consid
ered, where the following values correspond to the above datasets: (1) 0.554, (2) 0.625, (3) 0.482, and (4) 0.622. Map plots
comparing the empirical soil carbon datasets are shown in Fig. A1l. The estimate for northern latitude total soil carbon has
greater uncertainties associated with it, where the standard deviation deduced by combining the empirical datasets is 83 PgC

soil carbon throughout this study, opposed to the 61 PgC derived using the Todd-Brown et al. (2013) uncertainty analysis.
2.3.2 Carbon uxes

To estimate a benchmaiketPrimaryProduction{hNPPNPP, the commonly used MODIS NPP (2000-2010) dataset (Zhao
etal., 2005) is used. The MODIS NPP dataset does not have associated uncertainty estimates, so this study estimates a standz
deviation error on benchmark NPP as derived by Ito (2011). The MODIS NPP dataset is found to be consistent with 251
empirical present day estimates of NPP found in the literature, which Ito (2011) used to estimate a global value di58.2

PgC yr * (compared with a derived MODIS mean value of 56.6%t Moreover, due to the limited choice of observational
derived NPP datasets (Harper et al., 2018), models can be further evaluated against using a benchmarkidatasetrtarhic
respiration(R}, ), whereRy, is estimated using the CARDAMOM (2001-2010) heterotrophic respiration dataset (Bloom et al.,

2015). The empirical CARDAMOMR}, has associated estimates of error, which were used to derive a standard deviation
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uncertainty on the empirical averaBg (51.7 21.8 PgC yr ). This study includes map plots comparing the two empirical
datasets, which is shown in Fig. A2. Global totals Ry are also considered for comparison against NPP, where the CMIP6
and CMIP5 values are also shown in Appendix Tables Al and A2, respectively.

2.3.3 Soil carbon turnover time

To estimate a benchmadeit-carbenturnevertime{ s), the estimates of observationsdit-carbenCs are divided by an
estimate ofheterotrophigespiration(Ry, }-(see above). To estimate an uncertainty on effective glahahis study derived

upper (&) and lower (, ) bounds based on the deriv€ed andRy, uncertainty estimates. The upper bound was calculated
using the following: 7 = CJ /R, , whereC{ is equal to the mean soil carbon plus one standard deviatioRarid equal to

the mean heterotrophic respiration minus one standard deviation. The lower bound was calculated using the fallowing:

Cs / R}, where similarlyC, is equal to the mean soil carbon minus one standard deviatiofRAnid equal to the mean
heterotrophic respiration plus one standard deviation. This method gives a large uncertainty bound around the derived mear
estimate (27.’(?17l yr), so the benchmark data is further compared to empirical estimates. Raich and Schlesinger (1992) derive
an estimate of mean soil carbon turnover of 32 yr, using estimates for mean soil carbon pools and mean soil respiration rates.
More recently, Carvalhais et al. (2014) derive an estimate for the mean global ecosystem carbon turnover ﬁ?;ue/\dfiQB

is a spatially explicit and observation based estimate. Ito et al. (2020) derived an observational uncertainty range on soil carbon
turnover time of 18.5 to 45.8 years, which was derived using similar empirical estimates found in the literature. These estimates
give more certainty on the values closer to the derived empirical mean valug for

2.3.4 Soil moisture and air temperature

To estimate soil moisture J, the Copernicus Climate Change Service (C3S) "Soil moisture gridded data from 1978 to present'
dataset (published 2018-10-25) is used, where the years 1978 to 2000 are considered. This dataset is based on the ESA Clima
Change Initiative soil moisture, and estimates global surface soil moisture from a large set of satellite sensors (Copernicus
Climate Change Service, 2021; Liu etal., 2011, 2012; Wagner et al., 2012; Gruber et al., 2017; Dorigo et al., 2017). The WFDEI

Meteorological Forcing dataset is used to represent observational air temperatures (1995-2005) (Weedon et al., 2014), where

2.4 Regridding

To allow direct comparisons between the empirical data and model output data, the model data was regridded to match the
observational grid. In this case, the observational grid is alfy®.5 resolution, 720 longitude and 360 latitude gfiéhis The

Of ce, 2010 - 2013). The regidding method assumed conservation of mass and used linear extrapolation, where extrapolation
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points will be calculated by extending the gradient of the closest two points. Moreover, model land masks are used to calculate

2.5 Statistical analysis

It is dif cult to evaluate the spatial distributions of modelled soil carbon and related spatial controls against empirical data
with a single metric, so the evaluation for both CMIP6 and CMIP5 involves multiple methods. These include: coef cients of
variation, spatial standard deviations, spatial Pearson correlation coef cients and Root Mean Square Errors (RMSESs). These
methods can be combined to give a more thorough evaluation of spatial soil carbon and associated controls in the CMIP6
models compared to the previous generation of CMIP5 models.

The coef cient of variation is de ned as the ratio of the ensemble standard deviation (std) to the ensemble mean in each
grid cell. This is used to show the amount of variability amongst the models in the ensemble scaled to the size of the ensemble
mean, so represents the variability spatially in the ensemble and shows how much variation is present across the ensemble i
of high variability within the ensemble. These regions show areas where there is disagreement in the ensemble as there is larg
spread compared with the mean, and/asde ned as wherestd=mean > 0:75. The regions where spati@k < 5 kg n? are

The spatial standard deviation is a measure of the spread in the data across the globe compared to the mean value. Pears
correlation coef cients (r-valuesjrewereused as a spatial measure of the linear correlation between the empirical and mod-
elled data, where a high r-value (near 1 or -1) represents a high correlation in the data and a low r-value (near 0) represents ¢

the modelled data and empirical data, where the lower the value the lower the difference error. The RMSE can be considered
as the standard deviation of the difference, and it is a measure to show the deviation of the modelled data in relation to the
empirical data. This statistical data: spatial standard deviations, Pearson correlation coef cients, and RMSEs, can be presente
using a Taylor diagram. A Taylor diagram is a mathematical graph used to indicate the performance of a model compared with

a benchmark, which in this case is the empirical datasets (Taylor, 2001).
3 Results
3.1 Soil carbon stocksnorthern latitude underestimations remain in CMIP6

3.1.1 Global total evaluation

Global total soil carbon (in the top 1m of soail) is shown to vary amongst the ESMs in CMIP6, with a range of 1294 PgC between
the models with the lowest and the highest values (Table 4). The global total soil carbon for two (CanESM5 and MIROC-ES2L)
out of the eleven CMIP6 models falls within the benchmark soil carbon uncertainty range, 1197 - 1627 PgC (staach

deviation). The models with the largest global total soil carbon are CNRM-ESM2-1 (1810 PgC), BCC-CSM2-MR (1770 PgC),
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and UKESM1-0-LL (1760 PgC), values greater than the benchmark dataset but not the additional empirical datasets (Table 3).
The models GFDL-ESM4 (516 PgC) and IPSL-CM6A-LR (639 PgC) have the lowest global total soil carbon values in the
ensemble, with global totals signi cantly lower (approximately 50% less) than the global totals seen in empirical data. It is
noted that if the full soil carbon pro le is considered for CESM2 and NorESM2-LM opposed to a depth of 1m, the global total
soil carbon values are increased to 1870 PgC from 991 PgC in CESM2, and to 2430 PgC from 969 PgC in NorESM2-LM.

Decnhite ad innin-ensemblaneanalob a al honin MIPG comparaduith MNP hoa CMIP6eancsambla o
B cHob PO

remainswithinthebenchmarluneertaintrange). However, a signi cant reduction is seen in the associated standard deviation

—Mereever,and a reduced range of global total valieseenin-ChiP6 comparednith-CHP5; where(a range of 1294 PgC
is seen in CMIP6 opposed to 2493 PgC in CMIP5). This suggests that although a signi cant range in global soil carbon still

exists amongst the CMIP6 ESMs, there is an improved consistency between the models seen in CMIP6 compared with the

It is found from comparing the previous generation models in CMIP5 with the updated CMIP6 equivalent, that multiple
models in CMIP6 have lower quantities of soil carbon than in CMIP5, such as: GFDL-ESM4 from GFDL-ESM2G, IPSL-
CM6A-LR from IPSL-CM5A-LR, MIROC-ES2L from MIRCO-ESM and MPI-ESM1.2-LR from MPI-ESM-LR. For example,
the CMIP5 model MPI-ESM-LR is reported to have the largest soil carbon magnitude amongst the CMIP5 models, with a
global total of 3000 PgC (Table 5), whereas the updated CMIP6 model MPI-ESM1.2-LR has a reduced global total soil carbon
value of 970 PgC, amongst the lowest values reported in CMIP6 and below observational derived range (Table 4). Conversely,
these reductions are negated in the ensemble mean by the remaining models which have greater quantities of soil carbon i
CMIP6 compared to their CMIP5 equivalent, such as CanESM5 from CanESM2, CESM2 from CCSM4, NorESM2-LM from
NorESM1-M and UKESM1-0-LL from HadGEM2-ES. For example, the CMIP5 model NorESM1-M is amongst the lowest
soil carbon values presented in this ensemble at 538 PgC (Table 5), whereas the updated CMIP6 model NorESM2-LM has ar
increased global total of 969 PgC (down to 1m) (Table 1).

10
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3.1.2 Northern latitude total evaluation

Northern latitude soil carbon (down to a depth of 1m, and where northern latitudes de ned Bis-8® N) is found to be
underestimated in CMIP6, with eight out of the eleven CMIP6 models having lower northern latitude soil carbon values than the
derived observational range (Table 4). Two out of eleven CMIP6 models (CNRM-ESM2-1 and MIROC-ES2L) have northern
latitude totals that fall within the uncertainty range derived from the benchmark data, 318 - 484 PgC (staad deviation).

The CMIP6 models with the greatest northern latitude total soil carbon are BCC-CSM2-MR (575 PgC), CNRM-ESM2-1 (440
PgC), and MIROC-ES2L (347 PgC). The CMIP6 models with the lowest northern latitude soil carbon are IPSL-CM6A-LR
(66 PgC), ACCESS-ESM1.5 (151), GFDL-ESM4 (163 PgC), MPI-ESM1.2-LR (175 PgC) and UKESM1-0-LL (194), values
signi cantly lower than the totals seen in empirical data.

The northern latitude soil carbon total was also underestimated in CMIP5, with six out of the ten CMIP5 models estimating
northern latitude totals lower then the empirical estimates (Table 5). The ensemble mean total northern latitude soil carbon
is lower in CMIP6 (266 139 PgC seen in Table 4) than in CMIP5 (318246 PgC seen in Table 5), which is consistent
with the global total results, however both the CMIP5 and CMIP6 mean values fall below the benchmark range. Similarly, as
with global soil carbon, a smaller standard deviation on the mean is found for CMIP6 compared with GRS ver,and
there is a reduced range in simulated northern latitude total values amongst the CMIP6 models, where despite a large rang
seen (66 to 575 PgC), an even greater range is seen in CMIP5 (28.1 to 742 PgC). Moreover, improvements are seen among:
models from CMIP5 to CMIP6. For example, the CMIP5 model NorESM1-M had a northern latitude total soil carbon value of
31.0 PgC, which is signi cantly lower than what is expected based on the benchmark dataset (Table 5). However, the updated
CMIP6 version of this model, NorESM2-LM, has a northern latitude total soil carbon value of 300 PgC, which is much more
in line with the expected observational values (Table 4). An improved representation of northern latitude soil carbon is also
seen CESM2 (compared with CCSM4), which has the same land surface model as NorESM2-LM (CLM5 (Lawrence et al.,
2019)).

The CMIP6 models with the lowest global total values for soil carbon do not always correspond with the lowest northern
latitude values for soil carbon. For example, UKESM1-0-LL global total soil carbon is amongst the highest global totals seen
in CMIP6, however low quantities of soil carbon are seen in the northern latitudes (approximately 10% of the global total).
Conversely, BCC-CSM2-MR, CESM2, GFDL-ESM4, and NorESM2-LM have approximately 30% of their global total stocks
in the northern latitude region, which is consistent with the ratio seen in the benchmark dataset. This result suggests that
representing global total soil carbon stocks consistent with the benchmark soil carbon, does not imply the consistency in the
representation of northern latitude soil carbon stocks, and these should be evaluated separately. However, the large uncertaintie
associated with the empirical datasets for the northern latitudes are noted (Table 3).

3.1.3 Spatial evaluation

A lack of consistency in the simulation of soil carbon was found amongst the CMIP5 models, which can be seen in Fig.

1(a), where differences between the empirical and modelled data is shown. Northern latitude soil carbon was found to be
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underestimated in CMIP5, where areas of blue can be seen in the northern latitudes of the CMIP5 soil carbon map in Fig.
1(a). This underestimation of CMIP5 northern latitude soil carbon is accompanied by signi cant overestimations seen in mid-
latitude soil carbon. Speci cally, large quantities of soil carbon which are inconsistent with our benchmark dataset can be seen
in the mid-latitude regions in the following CMIP5 models: CanESM2, GFDL-ESM2G, GISS-E2-R, MIROC-ESM, and MPI-
ESM-LR, and less signi cant overestimations are seen in HadGEM2-ES and IPSL-CM5A-LR (Fig. A3). Systematic errors
remain in the CMIP6 models, however there are some improvements seen in the spatial simulation of soil carbon from CMIP5.

Soil carbon is still underestimated in the northern latitudes, where the areas of blue still remain the northern latitudes of the

amongst the CMIP6 models in BCC-CSM2-MR, CESM2, CNRM-ESM2-1, and NorESM2-LM (Fig. 2), but it is noted that
this representation might be more consistent with observations if a dataset including deeper soil carbon stocks was considerec
CMIP6 shows improvements in the representation of mid-latitude soil carbon, where less of an overestimation is seen in CMIP6
compared with CMIP5 (Fig. 1(a)). This overestimation can still be seen in four of the eleven CMIP6 models: ACCESS-
ESM1.5, CanESM2, MIROC-ES2L and UKESM1-0-LL, however the overestimations in CMIP6 are less inconsistent than
when compared with CMIP5 and the number of models showing this limitation in CMIP6 has been reduced (Fig. 2).

Despite the differences seen in the spatial representation of soil carbon between the individual models in CMIP6, the ensem-
ble mean has more areas of agreement within the ensemble compared to the ensemble mean in CMIP5. This can be seen in Fi
3(a), where there is less hatching (where hatched shaded areas represent regions of low agreement amongst the models in t
ensemble, see methods) in the CMIP6 map compared with the CMIP5 map. Speci cally, ensemble mean soil carbon in CMIP6
has more areas of agreement in the mid-latitude region compared with the CMIP5 ensemble mean, where signi cant areas
of disagreement are seen. This disagreement is likely due to the overestimation which exists in some of the CMIP5 models
(Fig. A3). Also, a reduction in the area of disagreement is seen in the northern latitudes in CMIP6 compared with CMIP5,
however this remains the region where the most disagreement exists across the generations. It is noted that this is a measul

Taylor Diagram (Fig. 4(a)) presents all three statistical assessments. The spatial standard deviation for soil carbon is shown or
the radial axis between standard x and y axes in Fig. 4(a). The range of spatial standard deviations amongst the CMIP6 model:
sees a slight reduction from the range amongst the CMIP5 models, though signi cant differences remain. The CMIP6 models
CNRM-ESM2-1, MIROC-ES2L and UKESM1-0-LL best match the spatial standard deviation derived from the benchmark
dataset (Tables 4 and 5). It is found that the spatial representation of modelled soil carbon in CMIP6 is poorly correlated
to the empirical soil carbon, where the CMIP6 ensemble spatial correlation coef cient with the empirical data is found to
be 0.250. The spatial correlation coef cients between the individual CMIP6 and CMIP5 models with the empirical data can
also be seen in Fig. 4(a), where the low spatial correlation coef cients are shown by the curved correlation axis. The lowest
spatial correlation coef cients amongst the CMIP6 models were r-values of 0.104 in IPSL-CM6A-LR and 0.115 in UKESM1-
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0-LL. The CMIP6 model that was the most spatially consistent with the empirical data is CNRM-ESM2-1, with an r-value

of 0.630. The CMIP6 ensemble sees a slight reduction in the RMSE compared to the CMIP5 ensemble, suggesting a slight
improvement (Fig. 5(a)). Signi cant improvements in the RMSE are seen in MIROC-ES2L from MIROC-ESM and MPI-
ESM1.2-LR from MPI-ESM-LR. These results suggest small improvements in the simulation of soil carbon across this CMIP
generation, however the low spatial correlation coef cients and variable RMSEs seen across the models in CMIP6 suggest
inconsistencies with the benchmark deteaaingemain.

3.2 Net Primary Productivity: improved in CMIP6 relative to CMIP5

3.2.1 Global total evaluation

CMIP6 ensemble mean for NPP is approximately 95% of the benchmark mean. The CMIP6 ensemble mean global total NPP
(53.0 9.39 PgC yr?)is found to be slightly lower than the derived mean benchmark value, however it is comfortably within
the observational uncertainty range (56.@4.3 PgC yr ). The equivalent values for the CMIP5 models can be seen in Table

7, where the CMIP5 ensemble total is also found to be within the observational uncertainty range {5643PgC yr 1).

benchmark NPP global total value compared with the previous CMIP5 generation. For example, GFDL-ESM4 from GFDL-
ESM2G, IPSL-CM6A-LR from IPSL-CM5A-LR, MIROC-ES2L from MIROC-ESM, MPI-ESM1.2-LR from MPI-ESM1-M,

and UKESM1-0-LL from HadGEM2-ES. The majority of CMIP6 models see a reduction in NPP from the CMIP5 equivalent
model, which in general reduces the overestimation of NPP that was seen in the CMIP5 models (Table 7 and 6). However, is
was not the case for CanESM5 from CanESM2 which sees an increase in the magnitude of NPP from CMIP5 to CMIP6, re-
sulting in a consequent overestimation compared to the benchmark data. A reduced range of modelled global total NPP values
is also seen in CMIP6 from CMIP5, where the range is reduced from 48.5 PdGryCMIP5 to 32.7 PgC yr! in CMIPG6.

These results suggest that overall the representation of carbon uxes in CMIP6 ESMs is more consistent than in CMIP5.

3.2.2 Spatial evaluation

It can be seen in the CMIP5 map that NPP is overestimated in the tropical regions, speci cally in Africa and South East
Asia, and the equivalent CMIP6 difference map shows a clear reduction in this overestimation. This tropical overestimation
of NPP prominent in CMIP5 (Fig. A4), is still seen in the CMIP6 models CanESM5, MPI-ESM1.2-LR and UKESM1-0-LL.

CNRM-ESM2-1, and NorESM2-LM (Fig. 6). CMIP6 also sees more consistency with the benchmark dataset in the northern
and mid-latitudes compared with CMIP5, where more white areas are seen in the CMIP6 map in Fig. 1(b). An underestimation
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of NPP is seen in both CMIP5 and CMIP6 on the west side of South America, though unusually high NPP is seen in this region
in the MODIS NPP dataset (Fig. A2). Moreover, greater agreement amongst the models within CMIP6 is seen compared the
models in CMIP5. This can be seen in Fig. 3(b), where less hatching representing areas of disagreement within the ensemble
is seen in the CMIP6 compared with CMIP5. Speci cally, CMIP6 sees less hatching in the northern latitudes, the Middle East

the same spatial metrics as with soil carbon. Despite a small range remaining in the spatial standard deviations amongst the
CMIP6 models (shown by the radial axis in Fig. 4(b)), robust improvements in the spatial correlation coef cients (shown by the
curved axis in Fig. 4(b)) and RMSEs are seen across the ensemble compared with CMIP5 (Fig. 5(b)). Notable improvements
in the representation of NPP are seen in GFDL-ESM4 compared with GFDL-ESM2G, IPSL-CM6A-LR compared with IPSL-
CM5A-LR, and UKESM1-0-LL compared with HadGEM2-ES, with reduced RMSEs seen in each updated model. A general
improvement in the spatial correlation coef cients is seen across all the CMIP6 models, where the circle markers (CMIP6
models) in Fig. 4(b), have higher correlation values than the cross markers (CMIP5 models). The general improvement has
resulted in the CMIP6 ensemble correlation coef cient (0.836) being greater compared with the equivalent CMIP5 value
(0.711). The lowest correlations between modelled and observed NPP amongst the CMIP5 models are GISS-E2-R (0.274)
and CanESM2 (0.469). The updated version CanESM5 remains the lowest correlation seen in CMIP6 (0.655), however an
improvement in the correlation is seen. The updated version of the GISS model is not included in the CMIP6 ensemble
considered in this study, which could be a reason for the increased ensemble mean correlation. However, this effect does no
take away from the improvements seen across the CMIP6 models. HadGEM2-ES (0.764) and MPI-ESM-LR (0.764) were the
CMIP5 models with the highest correlation to the benchmark NPP, and the updated CMIP6 equivalents of these models remain
the models with the greatest correlations, but again improvements in the correlations are seen (0.816 in UKESM1-0-LL and
0.785 MPI-ESM1.2-LR).

3.3 Soil carbon turnover time: no major improvements in CMIP6 compared to CMIP5

3.3.1 Global evaluation

compared with CMIP5 (Table 7). The ensemble mean effective glghahs overestimated in CMIP5 (37.819.7 yr) when
compared with the derived meag using the benchmark datasets (2%/Dyr), which is reduced to a less signi cant under-

with a ensemble standard deviation of approximately 50% less. A signi cant range is seen in the effective Qlathads
amongst the CMIP5 models, with 5 fold difference between the lowest and the highest values (Table 7). This range is mostly
due to large overestimations seen amongst the CMIP5 models, for example in CanESM2, GFDL-ESM2G and MIROC-ESM.
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A reduced range is seen in amongst the models in CMIP6, however a 4 fold range still exists between the lowest and the highes
values (Table 6). This reduced range is partly due to reductions in the effective gjoladies in CMIP6 models compared to

the equivalent model in CMIP5, speci cally, CanESM5 from CanESM2, GFDL-ESM4 from GFDL-ESM2G, MIROC-ES2L
from MIROC-ESM, and MPI-ESM1.2-LR from MPI-ESM-LR. Though overestimations do remain in CMIP6, for example in
CNRM-ESMZ2-1, where the slowest effective turnover time was seen. Moreover, the range is also reduced due to improvements
seen in models which underestimatgdn CMIP5, such as UKESM1-0-LL from HadGEM2-ES and CESM2 from CCSM4.

3.3.2 Spatial evaluation

The comparison of spatialeit-carbentarnevertimes{ ¢ }-in CMIP6 with CMIP5 has more varied results thaamparing

whatwas seenin simulated NPP. The CMIP5 ensemble showed an underestimatignimfthe northern latitudes, which is
replaced with an overestimation of in CMIP6 when compared to the benchmark data (Fig. 1(c)). This northern latitude
overestimation in the CMIP6 ensemble is a result of the overestimationsinfCESM2 and NorESM2-LM (Fig. 7), which
dominate in the CMIP6 ensemble mean. It is noted that this result may differ if deeper soil carbon stocks were considered. The
northern latitude underestimation aof is still seen within the CMIP6 models, such as CanESM5, CNRM-ESM2-1, GFDL-
ESM4, IPSL-CM6A-LR, MIROC-ES2L, MPI-ESM1.2-LR, and UKESM1-0-LL (Fig. 7). An overestimation of mid-latitude

s was seen in the CMIP5 models MIROC-ESM and MPI-ESM-LR (Fig. A5), which is no longer seen in the updated CMIP6
models MIROC-ES2L and MPI-ESM1-2-LRespectively. However, an overestimation of mid-latitudes seen in CMIP6

models BCC-CSM2-MR, CNRM-ESM2-1 and UKESM1-0-LL (Fig. 7). The uncertainty in simulated northern latiusle
also apparent in Fig. 3(c), where the hatching shows the lack of agreement within the CMIP6 ensemble in this region. However,

more agreement within the CMIP6 ensemble is seen in the same gure in the mid-latitudes and tropical regions compared with

The simulation of spatials in CMIP6 is further evaluated against the empirical data with the additional statistical metrics.
Modelled s is found to be poorly spatially correlated to empiricalin both the CMIP5 and CMIP6 models (shown by the
curved axis in Fig. 4(c)). A slight increase in the ensemble mean spatial correlations is seen from CMIP5 (0.188) to CMIP6
(0.267), due to increases seen amongst individual models between CMIP5 and CMIP6, such as CESM2 from CCSM4, MPI-
ESM1.2-LR from MPI-ESM-LR, and NorESM2-LM from NorESM1-M. However, the consistency of modelledth the
benchmark datasets remains low. A particularly large range is seen in the spatial standard deviatianmofyst the CMIP6
models, which is an increased range from CMIP5 (shown by the radial axis in Fig. 4(c)). The CMIP6 models with the most
extreme overestimations of the spatial standard deviations compared to the derived benchmark value (NorESM2-LM, CESM2,
and ACCESS-ESML1.5), are also found to have large RMSEs (Fig. 5(c)). Amongst the remaining CMIP6 models, the RMSEs
for modelled s remain relatively consistent between CMIP5 and CMIP6.
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3.4 Drivers of soil carbon spatial patterns:Soil carbon spuriously highly correlated with NPP in CMIP5 and CMIP6
3.4.1 Global drivers

A negligible correlation ( 0) is found between the benchmark estimates of soil carbon and NPP, suggesting that soil carbon
is not spatially correlated to NPP in the real world. On the other hand, soil carbon andQYyMHPP) were found to be

signi cantly correlated in the models in both CMIP5 and CMIP6. T&eNPP spatial correlation was found to be greater
than 0.5 for six out of the ten CMIP5 ESMs and eight out of the eleven models in CMIP6 (Fig. 8(a)). However, a low spatial
correlation is found in the CMIP6 models CESM2 (0.134), NorESM2-LM (0.261), and BCC-CSM2-MR (0.214), values most
consistent with the benchmark datasets. The s spatial correlations found in the CMIP6 models tend to underestimate the
positive correlation seen in the benchmark datasets (Fig. 8(a)). The majority of CMIP6 models see a negligible or slightly
negativeCs- s spatial correlation, despite a low positive correlation produced by the benchmark datasets. The models BCC-
CSM2-MR, MIROC-ES2L, and NorESM2-LM are most consistent with the bench@ark correlation.

The modelled NPP to temperature (NPP-T) spatial correlations in CMIP6 are consistent with the positive relationship seen
in the benchmark datasets, however the magnitude of this positive correlation varies amongst the models (Fig. 8(b)). The
magnitude of the positive NPP-T correlation is underestimated in CanESM5, GFDL-ESM4, and NorESM2-LM, but otherwise
relatively consistent amongst the CMIP6 models. Nonetheless, a much greater range in the modelled NPP-T correlations
was seen amongst the CMIP5 models, suggesting an improved representation of this relationship in CMIP6. The variation in
modelled NPP- correlations remains in CMIP6, with models disagreeing in the sign and magnitude of the correlation of NPP
to soil moisture. The modelled NPPeorrelation is the most consistent with the benchmark correlations in GFDL-ESM4,
MPI-ESM1.2-LR and UKESM1-0-LL (Fig. 8(b)).

It is generally agreed across the models in CMIP6 and CMIP5 thahd temperature (T) are negatively correlated, with
the exception of MPI-ESM1.2-LR where a slight positive correlation is seen (Fig. 8(c)). This is consistent with the negative

s-T correlation derived in the benchmark dataset. There is variation amongst the models in the magnitude of the negative
correlation, with a signi cant overestimation seen in CanESM5. A negative correlation is also seen jn tleerrelation

derived with the benchmark datasets. Inconsistencies with this empirical relationship are seen amongst the models in both
CMIP5 and CMIP6, with many negligible and positive correlations deduced (Fig. 8(c)). The exception is again MPI-ESM1.2-
LR, which in this case is the model most consistent with the benchmarlcorrelation.

3.4.2 Regional drivers

The spatial correlations of modellgg-NPP are shown to be overestimated at every latitude in both CMIP6 and CMIP5,
compared to the equivalent correlations derived from the empirical datasets. It can be seen that the CMIP6 ensemble mear
Cs-NPP correlation has an even larger positive bias compared to the benchmark correlation than in CMIP5. The empirical data
sees a reducdds-NPP correlation in the northern latitudes, whereas a slight but less signi cant reduction is seen in the models
(Fig. 9(a)). The spatial correlation betwe€g- s is shown to vary against latitude in the empirical datasets, where a greater
correlation is seen in the tropical and northern latitude regions, and a negligible correlation is seen in the mid-latitudes (Fig.
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9(b)). The CMIP6 models simulate the negligilile- s seen in the mid-latitudes relatively consistently with the benchmark
data, where an improved consistency is seen from CMIP5. However, the CMIP6 models do not simulate the tropical and
northern latitude positiv€s- s correlations, where a negligible modelled correlation remains in these regions. CMIP5 is more
consistent with the benchmark correlations than in CMIP6, where a positive modelled corr€latigis seen (Fig. 9(b)).

The spatial correlation between modelled soil carbon and soil moigfigre)(is consistent with the correlations seen in
the benchmark datasets at every latitude, with an improvement seen in the tropical correlation patterns in CMIP6 compared
with CMIP5 (Fig. 9(c)). Both the CMIP5 and CMIP6 ensembles span the benchBarkcorrelation, though large model
correlation from CMIP5 to CMIP6 in low and mid latitudes. An overestimation of the neg@tv€ correlation seen in the
benchmark datasets is present in both the CMIP5 and CMIP6 models, except the high latitudes (Fig. 9(d)). This Gwidelled
correlation is particularly underestimated in the lower tropical latitudes, where a greater positive correlation is seen here in
the benchmark datasets. Fig. 9(d) suggests a slight improvement in the modelled gpicabrrelation in CMIP6, and a
worsening of modelle€s-T in the high latitudes than in CMIP5, when compared to@ReT correlations in the benchmark
datasets.

4 Discussion
4.1 Soil carbon stocks

4.1.1 Global total soil carbon

emodelsBCC-CSM1.1,
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It shouldalsobe notedthat CMIP6 doesnot simply containupdatedversionsof everymodelin. C

areincludedand someCMIPS modelsnot

empirical datasets has resulted in no robust conclusion being drawn on the improvement of soil carbon simulation in CMIP6
compared to CMIP5. Due to the potential signi cant feedback that exists between soil carbon and global climate, this lack of

et al., 2009; Arora et al., 2013; Friedlingstein et al., 2014).

4.1.2 Spatial soil carbon patterns

ionsModelled

soil carbon was found to be poorly spatially correlated with the empirical data amongst models in both CMIP5 and CMIP6

(Fig. 4(a)). An improvemernit-seererin CMIP6 ESMswasseenin the spatial patterns across the mid-latitudes, which were

generally overestimated in CMIP5. However, signi cant underestimations of modelled soil carbon in the northern latitudes

1(a)). This systematic underestimation was previously reported in the literature as a limitation of the CMIP5 models, where
Todd-Brown et al. (2013) found northern latitude soil carbon to be less consistent with the empirical data than on a global
scale. This limitation remains amongst models in the CMIP6 generation, where it was found that the majority of CMIP6 models
underestimate northern latitude soil carbon stocks regardless of whetlrsthe global soil carbon stocks are underestimated.

NorESM2-LM. These ESMs include thendSurfaceMode{ESM-)-L. SM. CLM5 (Lawrence et al., 2019), which is the rst
LSM to include the representation of vertically resolved soil carbon in their CMIP simulations. This representation enables the
inclusion of separate carbon pools at varying depths in the awil ' i i i

which aimsto moreconsistentlysimulatesoil carbonwith the realworld (Koven et al., 2013). This is of particular importance

in the northern latitudes, where carbon stocks are expected to exist at much greater depths than the 1m considered in this stud
(Tarnocai et al., 2009; Ran et al., 2021). This can be seen in Table 3, where increased magnitudes of soil carbon stocks are
shown when increased depths are considered using the empirical datasets. A more thorough evaluation of soil carbon in bott
CESM2 and NorESM2-LM is suggested for future research, with a particular focus on this improved northern latitude soil
carbon stocks simulation, however this evaluation of deeper soil carbon stocks (below 1m) is beyond the scope of this study.
Accurately simulating soil carbon in the northern latitude regions is of particular importance as it is a major part of the total
global soil carbon pool (Jackson et al., 2017). Additionally, much of the carbon stored in these soil is held within permafrost,
which is known to be particularly sensitive to climate change. Permafrost thaw under climate change has the potential to
release signi cant amounts of carbon into the atmosphere over a short period of time with increased warming (Schuur et al.,
2015; Zimov et al., 2006; Burke et al., 2017; Hugelius et al., 2020), representing a signi cant feedback within the climate
system. Permafrost dynamics are generally poorly represented in ESMs, where Burke et al. (2020) found CMIP6 ESMs to
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have a similar representation compatedyvith CMIP5. Underestimating soil carbon in the northern latitudes may result in
underestimating the impact of this feedback in future climate change projections. Future improvements are needed to improve
the simulation of soil carbon stocks globally, but particularly within the northern latitudes.

4.2 Drivers of soil carbon change

To allow for a more in-depth understanding of the inconsistencies found between modelled and empirical soil carbon, the
simulation of above and below ground controls of soil carbon were also evaluated. Simulations of contemporary soil carbon

and effective soil carbon turnover timg], which is affected by both temperature and moisture of the soil (Koven et al., 2015).
If models are to reliably simulate soil carbon in a way that is consistent with empirical data, the spatial drivers of soil carbon,
NPP and s, must also be simulated consistently with empirical data. Isolating the effects of NPR andoil carbon helps

the models.

4.2.1 NPP

amongst CMIP5 models is seen to be reduced amongst the CMIP6 models (Fig. 1(b)), and more agreement is seen within
CMIP6 relative to CMIP5 in the simulation of mid and northern latitude NPP (Fig. 3(b)). Modelled NPP was found to be

in all statistical evaluation metrics. Since CMIP5, multiple models have seen an addition of a dynamic nitrogen cycle (Davies-
Barnard et al., 2020), where the models with nitrogen cycles are highlighted in Fig. 5 by the shaded bars. The results suggest
an improvement in the simulation of NPP with the addition of dynamic nitrogen in models. However, CMIP6 models that do
not represent a nitrogen cycle also mostly see improvements in the simulation of NPP, suggesting NPP is more constrained by

hereto not see an overall improvement in the simulation of NPP, where NPP is found to be overestimated compared with the
benchmark dataset. It is likely that the inclusion of a nitrogen cycle in this model would limit this overestimated NPP and
improve consistency with the observations (Zhang et al., 2014; Exbrayat et al., 2013).

NPP was found to be inconsistent with the equivalent empirically derived relationship. This result was previously shown for
the CMIP5 models (Todd-Brown et al., 2013), and has been more recently shown for the CMIP6 models (Georgiou et al.,
2021), both agreeing with the results found here. The majority of CMIP6 models were found to have fshi?® spatial

correlations, opposed to a negligible spatial correlation found in the observations (Fig. 8(a)). Despite NPP driving the spatial
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due to regions with high soil carbon not correlating with regions of high NPP. For example, in the observational derived data
soil carbon stocks are greatest in the northern latitudes due to long turnover times in these regions, whereas NPP is lowel
due to cold temperatures in these regions limiting vegetation growth. The three CMIP6 models which did not signi cantly
overestimate this correlation (CESM2, NorESM2-LM, and BCC-CSM2-MR), are three of the models with the most empirically
consistent proportion of soil carbon stocks in the northern latitudes. Conversely the tropical regions see high NPP values,
but warmer temperatures result in faster turnover times and lower soil carbon stocks. NPP is expected to increase in the
future under climate change (Kimball et al., 1993; Friedlingstein et al., 1995; Amthor, 1995), which means an overly positive
correlation in models could result in a subsequent increase in modelled projections of soil carbon stocks. An overestimation of
future soil carbon storage could result in an overestimation of the future carbon sink and an inaccurate global carbon budget

within CMIP6 relative to CMIP5, such as more agreement within the ensemble in the mid-latitudes and tropical regions,
however less agreement is seen in the northern latitudes (Fig. 3(c)). Northern laitsdenerally underestimated in models,

which corresponds to the underestimation of soil carbon seen in these regions. This has been previously identi ed in ESMs,

where it was found that the underestimation of glohahmongst the CMIP5 models is primarily due to low values in the
northern latitudes (Wu et al., 2018). The reduced agreement in CMIP6 is due to, lealgies existing in the northern latitudes

of CESM2 and NorESM2-LM, alongside the general ensemble underestimations (Fig. 7). The increased northern latitude
s values in CESM2 and NorESM2-LMs-arelikely to be due to themprevedrepresentatiomf-seil-carbenpools;where

Despite these individual improvements since CMIP5, large discrepancies exist within the CMIP6 ensemble between modelled
and empirical s.

To simulate s consistently with observations, the relationship oo both temperature (T) and moisturg (must also be
simulated in a way that is consistent with observations. Generally,stferelationship is consistently simulated, however
there is variation in the modelled temperature sensitivity ofhicross the ensemble. The- relationship is less consis-
tently represented, where the majority of CMIP6 models do not match the empirically derived relationship. Despite a positive

of the modelsusefunctionsthatincreaserespirationwith soil moisture(seeSection2.1) sothe increaseof ¢ is-ikely-te

te-simutatethe-correlationgn_the modelsis unexpectedWe notethat this effect occursmoststronglyin_the modelswith a
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relationship(Fig. 8(c)), soit_couldin fact be an artefactof a negativecorrelationbetweentemperatureand soil. moisture,In

thanin_saturatedareassuchas peatlands.This may be dueto_having only surfacesoil

in hothsoil carbonandturnovertimesareseenn permafrostindpeatiancareagseefig. 2 andFig. 7). For example the west

of below ground processes has not been achieved between CMIP5 and CMIP6. Moreover, focus on above ground processe
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without consideration of below ground processes can result in inconsistencies of soil carbon stocks. For example, the inclusion
of a nitrogen cycle has been shown to lead to a reduction in soil carbon in the model, see Fig. 6 in Wiltshire et al. (2021), so
tuning of the baseline turnover rates is required to keep soil carbon stocks consistent with observed values.

The required improvement of soil carbon pool turnover rates has previously been identi ed for the CMIP5 ensemble (Nishina
et al., 2014), and more recently, Ito et al. (2020) nd that the difference in turnover times amongst the CMIP6 models is
responsible for approximately 88% of the variation seen in global soil carbon stocks amongst the models, and state that
constraining key parameters which control soil carbon turnover processes is a key area for future model development. A key
development seen in CMIP6 since CMIP5 is the representation of vertically resolved soil carbon. Models which simulate non-
vertically resolved soil carbon typically turn over all the carbon based on the temperature near the soil surface. This could lead
to reduced quantities of soil carbon and an underestimation of northern latitude soil carbon stocks, due to near surface soil
being warmer than the deeper soil, and as turnover is known to respond exponentially to temperature (Davidson and Janssen:
2006). Overall, further improvements in the representation of soil carbon turnover time, with a particular focus on the northern
latitudes, is identi ed as a key area for future model development.

5 Conclusions

The ability of Earth System Models (ESMs) to simulate present day soil carbon is vital teﬂ%lpeetelh&blep%ejeeﬁense#

their ability to represent soil carbon and related controls: Net anary Productivity (NPP) and the effective soil carbon turnover
time ( s = Cs=R;). The evaluation is completed by comparison to the previous generation of CMIP5 ESMs, to assess where
improvements have been made and to identify priorities for future model develofhesiesof thistyperelyrontheprovided
CMiP-andempiricaldataferwhichwe-arethankiul-Below the key conclusions from this study are listed:

the observed spatial pattern of soil carbon across the globe from the CMIP5 to the CMIP6 generatlon.

3. There is good evidence that spatial patterns of contemporary NPP are better simulated in CMIP6 than in CMIP5 gener-
ation models, when compared to satellite-derived estimates.

4. However, spatial patterns of continue to be poorly represented in CMIP6 models, in comparison to estimates derived
from observational datasets of soil carbon and heterotrophic respirg&ign (
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5. Importantly, soil carbon simulations in both the CMIP5 and CMIP6 ESM generations seem to be spuriously highly-
correlated with NPP, which may make soil carbon in these models over responsive to future projected changes in NPP.

720 Taken together, these conclusions point to a need for a much greater emphasis on improving the represémrtatiogafind

Data availability. The datasets analysed during this study are available online: CMIP5 model output [https://esgf-
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Figure 1. Maps presenting the difference between the modelled and benchmark data for the CMIP5 and CMIP6 ensembléss {&g (a)
m 2), (b) NPP (kgm?2 yr 1), and (c) s (yr).
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Figure 2. Maps of the difference in soil carbo&{) between the historical simulation of each CMIP6 model and the benchmark data.
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