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Abstract

Global soils are the largest terrestrial store of carbon, and are sensitive to changes
in the Earth’s climate system due to anthropogenic emissions of CO2. Predicted
changes in soil carbon by Earth System Models (ESMs) represent the great-
est uncertainty in quantifying future projections of land carbon storage under cli-
mate change. Reducing this uncertainty is vital to achieve accurate future pro-
jections of global climate change and to successfully mitigate against its effects.
The Coupled-Model Intercomparison Project phase 6 (CMIP6) includes the latest
ESMs, as used within the latest Intergovernmental Panel on Climate Change 6th

Assessment Report (IPCC AR6). Model development since the previous CMIP
generation (CMIP5) has aimed to improve the representation of soil carbon re-
lated processes within ESMs, and reduce the uncertainty associated with pre-
dicted soil carbon change. On top of model development, additional methods
such as emergent constraints suggest promise to constrain future uncertainties
associated with soil carbon under climate change. The aim of this thesis is to eval-
uate and analyse soil carbon in CMIP6 ESMs to help quantify future soil carbon
changes, and to attempt to reduce uncertainty in future soil carbon projections.

Although some improvements are found in CMIP6 compared to CMIP5, signif-
icant uncertainties still remain, especially in the below ground processes that
determine the effective soil carbon turnover time (Varney et al., 2022). The un-
certainty in projected soil carbon stocks is found to be result of counteracting
terms due to increasing Net Primary Productivity (NPP), and reductions in soil
carbon turnover time (⌧s), as well as a significant non-linearity between NPP and
⌧s. In the research presented in this thesis, a novel spatial emergent constraint
is developed to constrain the subsequent changes in soil carbon due to reduc-
tions in ⌧s under global warming (Varney et al., 2020). Comparison to the more
standard breakdown of carbon storage changes into linear terms representing
the response to changes in CO2 and global temperature, reveals that there are
significant reductions in ⌧s under increasing CO2, even in the absence of climate
change. This effect is traced to ‘false priming’, which is especially prevalent in the
CMIP6 models, and acts to reduce the spread in projected soil carbon changes
in CMIP6 compared to CMIP5. These findings suggest some promising avenues
for future research.
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Chapter 1

Introduction

Abstract

This introductory chapter describes the rationale and background for the thesis.
The terrestrial carbon cycle is explained, with a particular emphasis on the im-
portance of uncertainties in the response of soil carbon to 21st century climate
change. The concept of Emergent Constraints is also described, which is a
promising approach to reduce these uncertainties and is used within the thesis.

1.1 The terrestrial carbon cycle

Since the start of the industrial revolution, anthropogenic emissions have resulted
in a significant increase in atmospheric CO2 concentrations. This increased CO2

concentration has resulted in increased global temperatures due to an enhanced
greenhouse effect, which in turn results in further changes to the Earth’s climate
system (IPCC, 2021b; Arias et al., 2021; Stocker et al., 2013). The Summary for
Policymakers contained within the Intergovernmental Panel for Climate Change
5th Assessment Report (IPCC AR5; IPCC (2013)) states that global warming will
result in long-lasting changes to all components of the climate system, which will
cause severe and irreversible impacts for both people and ecosystems on Earth.
Limiting and quantifying future atmospheric CO2 concentrations and understand-
ing the subsequent changes to the Earth system, is therefore vital for reducing
and mitigating against future climate change.

The terrestrial carbon cycle is an important component of the climate system
and is fundamental to understanding future climate change projections. In the
current climate, the land surface is known to absorb approximately a third of an-
thropogenic emissions of CO2 (Friedlingstein et al., 2020, 2019; Le Quéré et al.,
2018), so provides a vital store of carbon. However, it is known that the car-
bon cycle is sensitive to changes in climate and therefore understanding how
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it will respond to future climate change is important for overall climate projec-
tions (Canadell et al., 2021; Ciais et al., 2013). Coupled climate-carbon models
known as Earth System Models (ESMs), incorporate atmospheric and terrestrial
processes to predict how the physical climate system and carbon cycle interact to
determine the response of the climate system to anthropogenic emissions of CO2

(Bradford et al., 2016). The response of the terrestrial carbon cycle presents one
of the greatest sources of uncertainty in future climate predictions (Friedlingstein
et al., 2014; Arora et al., 2013). Identifying and quantifying the causes of this
uncertainty is therefore crucial.

The terrestrial carbon cycle describes how carbon is exchanged and stored within
the Earth’s biosphere, as shown in Figure 1.1 (taken from Ciais et al. (2013)),
where carbon is stored in pools and transferred via fluxes. Anthropogenic fos-
sil fuel burning and land-use change is altering the balance between the Earth’s
carbon pools and fluxes of CO2 to and from the land surface. These changes
to the fluxes further affect the concentration of CO2 in the atmosphere, subse-
quently influencing how the overall climate system will respond to anthropogenic
emissions (Wenzel et al., 2014; Arora et al., 2013; Hansen and Takahashi, 1984).
This response depends on feedbacks associated with the carbon cycle under
the perturbation from an increased CO2 concentration as well as the subsequent
changes in climate, and is the cause of much of the associated importance and
uncertainty of the carbon cycle.

Friedlingstein et al. (2003, 2006) defines the feedbacks of the carbon cycle to
climate change through two parameters to help quantify the overall magnitude,
these are known as the carbon-concentration (�) and carbon-climate (�) feed-
backs. The future change in land carbon storage (�CL) is linearly approximated
as the contribution from both increased CO2 concentrations (�CO2) and global
warming (�T ), as shown by Equation 1.1. This linear feedback approach is com-
monly used in model analysis studies which aim to understand the temporal evo-
lution of the land carbon sink (Arora et al., 2020, 2013).

�CL = �L�CO2 + �L�T (1.1)

The land carbon-concentration feedback (�L) represents the response of the car-
bon cycle to an increased atmospheric CO2 concentration, and is defined as a di-
rect biogeochemical response describing the ability of the land surface to absorb
CO2 from the atmosphere. On a decadal timescale, the land surface is known
to absorb approximately a third of anthropogenic emissions of CO2 (Friedling-
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Figure 1.1: Schematic of the carbon cycle taken from the IPCC AR5 Chapter
6, ‘Carbon and Other Biogeochemical Cycles’, Ciais et al. (2013). The diagram
shows global carbon pools in units of PgC and carbon fluxes in units of PgC yr�1.

stein et al., 2020, 2019; Le Quéré et al., 2018), which is a result of plants taking
in CO2 during photosynthesis (seen in Figure 1.1). The carbon-concentration
feedback refers to an in increased productivity from plants under climate change
due to the increased concentration of CO2 in the atmosphere (Schimel et al.,
2015; Woodward et al., 1998). This results in more CO2 being removed from
the atmosphere. Conversely, the land carbon-climate feedback (�L) represents
the response of the carbon cycle to the subsequent changes in climate; for ex-
ample, increased global temperatures and regional precipitation changes. Unlike
the carbon-concentration feedback, the subsequent response of the carbon cycle
to climate changes has counteracting impacts. For example, increased tempera-
tures can increase microbial respiration within the soil, which would result in more
carbon being released into the atmosphere (Crowther et al., 2016; Davidson and
Janssens, 2006). However, increased temperatures in northern latitudes could
also result in the northward expansion of boreal forests (Pugh et al., 2018; Krank-
ina et al., 1997), which may increase forest productivity and terrestrial carbon
storage in these regions.

Carbon cycle feedbacks are therefore both positive, which results in a further
increase to the atmospheric CO2 concentration and enhances climate change,
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and negative, where increased absorption of carbon by the land negates the an-
thropogenic release of CO2 into the atmosphere. The uncertainty comes from
whether the overall feedback of the carbon cycle to climate change will result
in a positive or negative feedback, and whether the overall change in land car-
bon storage (�CL) will increase or decrease. This is due to the challenges pre-
sented when quantifying the two complex and counteracting feedbacks (Arora
et al., 2020; Friedlingstein et al., 2014; Arora et al., 2013; Gregory et al., 2009).
Understanding and quantifying these feedbacks is critical for calculating an accu-
rate global carbon budget, which is required if Paris agreement targets are to be
met (Friedlingstein et al., 2020; Ballantyne et al., 2015). Therefore, reducing the
uncertainty in carbon cycle projections is required to inform global and national
climate policies (Tian et al., 2015).

Within the terrestrial carbon cycle, the feedback from global soils presents one of
the greatest uncertainties in determining the overall response of land carbon stor-
age to CO2-induced climate change (Bradford et al., 2016; Nishina et al., 2015;
Todd-Brown et al., 2014). Global soils represent the largest store of terrestrial
carbon in the Earth’s climate system, with a magnitude of two to three times the
amount of carbon contained within the atmosphere (Canadell et al., 2021; Ciais
et al., 2013; Post et al., 1982). A large proportion of soil carbon stocks are found
in the northern latitudes, where much of the carbon stored in these soil is held
within permafrost (Jackson et al., 2017; Jobbágy and Jackson, 2000). This can
be seen in Figure 1.1, where the IPCC diagram estimates an additional 1700 PgC
within permafrost. This is on top of the estimated 1500-2400 PgC found in non-
frozen soils globally.

The carbon fluxes between the soil and atmosphere are sensitive to changes in
climate, which will result in soil carbon driven feedbacks to climate change. The
large quantities of carbon present in global soils indicate that a relatively small
release of this carbon into the atmosphere could result in a significant positive
feedback to climate change (Bradford et al., 2016). Additionally, permafrost is
known to be particularly sensitive to climate change, and permafrost thaw under
climate change has the potential to release significant amounts of carbon into the
atmosphere over a short period of time with increased warming (Hugelius et al.,
2020; Burke et al., 2017; Schuur et al., 2015; Zimov et al., 2006), representing a
significant feedback within the climate system.

The overall effect of climate change on soil carbon is not very well understood and
constrained due to competing soil carbon feedbacks (Todd-Brown et al., 2014).
Consequently, there exists high uncertainty in the magnitude of future soil carbon
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change, and the potential release of carbon from the soil. Quantifying this feed-
back is of particular significance as potential carbon release from soils implies
the possibility of the terrestrial carbon sink becoming a carbon source during the
21st century, which would accelerate climate change (Crowther et al., 2016; Cox
et al., 2000).

1.2 The soil carbon response to climate change

Both observational and model based studies have aimed to quantify and predict
the response of soil carbon to future changes in the Earth system (Crowther et al.,
2016; Nishina et al., 2015; Todd-Brown et al., 2014; Knorr et al., 2005), however
these studies typically highlight the magnitude of the uncertainty surrounding fu-
ture soil carbon change (Van Gestel et al., 2018; Gregory et al., 2009). For exam-
ple, Todd-Brown et al. (2014) found projections amongst CMIP5 ESMs of future
changes in soil carbon stocks ranged from a loss of 72 PgC to a gain of 253 PgC
by the end of the 21st century. The majority of this uncertainty is due to counter-
acting effects of CO2-induced climate change on soil carbon storage, such as soil
carbon driven carbon-concentration and carbon-climate feedbacks (Medlyn et al.,
2000).

One way to isolate the sources of this uncertainty is to investigate the individual
processes that influence soil carbon stocks. Without climate change, the uptake
of carbon by soils is in a long-term balance with carbon losses, keeping the over-
all amount of carbon stored in the soil in a steady state. The net change in soil
carbon stocks under climate change will be determined by changes in both input
and output fluxes of carbon to and from the soil, and therefore is dependent on
the sensitivity of these fluxes to changes in climate and CO2. The main input
into the soil is known as litterfall and refers to the dead organic material, mainly
from vegetation, that falls to the land surface and adds organic carbon to the soil
(SOC). The main output flux is known as heterotrophic respiration (Rh), which
refers to the breakdown of this organic carbon by microbes within the soil.

The main causes of future soil carbon uncertainty is understanding and quantify-
ing how the input flux of carbon, the output flux of carbon, and how long carbon
resides in the soil will change under climate change (Todd-Brown et al., 2014).
The underlying processes which control these responses determine the subse-
quent soil carbon carbon-concentration and carbon-climate feedbacks, and the
overall response of soil carbon to climate change.
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1.2.1 The response of carbon input to the soil

The primary input of carbon to the soil is from vegetation, and therefore soil car-
bon is influenced by the response of vegetation to CO2-induced climate change.
The uptake of carbon by vegetation is generally expected to increase with in-
creased atmospheric CO2 concentrations (Anav et al., 2013), where this increased
vegetation productivity is known as the CO2 fertilisation effect (Schimel et al.,
2015; Woodward et al., 1998; Cao and Woodward, 1998). This effect controls
the direct carbon-concentration feedback which leads to increased photosynthe-
sis under increased atmospheric CO2 concentrations and can be quantified using
Net Primary Productivity (NPP, ⇧N ), defined as the net rate of accumulation of
carbon by vegetation arising from photosynthesis minus the loss from plant res-
piratory fluxes. The CO2 fertilisation effect has been seen in both models studies
(Todd-Brown et al., 2014; Matthews et al., 2005) and empirical experiments, such
as in Free-Air CO2 Enrichment (FACE) experiments (De Kauwe et al., 2016; Piao
et al., 2013).

Despite this qualitative agreement, the magnitude of CO2 fertilisation is greatly
debated. Todd-Brown et al. (2014) found projected increases of global NPP in
CMIP5 ESMs to be between 11% and 59% over the 21st century. One key cause
of uncertainty has been the neglect of nutrient limitations (primarily nitrogen and
phosphorus) in models up to the CMIP5 model generation. Nutrient availability is
expected to constrain the increase in NPP with CO2, resulting in a likely reduc-
tion in the projected land carbon sink (Wieder et al., 2015b; Zaehle et al., 2010;
Thornton et al., 2009). Wieder et al. (2015b) found that the nutrients required for
the projected increases in NPP exceeds the estimated nutrient supply, which sug-
gests unrealistically high projected productivity increases. They suggested that
solely accounting for nitrogen limitation would lower the expected end of century
change in NPP by 19%. Additionally, FACE field experiments have shown that
the NPP increase drops after 5 years of sustained CO2 increase, which is likely
due to nitrogen availability limitations on CO2 fertilisation (Norby et al., 2010).

On top of the direct feedback from increased atmospheric CO2, there are ad-
ditional indirect responses affecting the potential input of carbon to the soil. The
response of NPP to changes in climate is spatially variable, where Nishina et al.
(2015) states that the dominant source of uncertainty for changes in NPP varies
along climatic gradients. For example, the rate of atmospheric temperature in-
crease is greatest in the northern latitudes (Soong et al., 2020; Serreze and
Barry, 2011), where the increased temperatures seen in these regions can re-
sult in an increased length of the growing season enabling more plant growth and
increasing annual NPP (Forkel et al., 2016; Graven et al., 2013; Reichstein et al.,
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2013; Peñuelas and Filella, 2001). Additionally, the increased temperatures in
the northern latitudes could result in the northward expansion of boreal forests,
which would also increase NPP in these regions as a result of increased forest
productivity (Pugh et al., 2018; Krankina et al., 1997).

Conversely, future changes to precipitation patterns could reduce NPP in specific
regions. This is particularly relevant in tropical regions, where climate change in-
duced drought could limit the projected NPP increase (Phillips et al., 2009; Betts
et al., 2004). Green et al. (2019) state the significance of soil moisture for poten-
tial land carbon uptake, where a reduction in soil moisture can induce vegetation
mortality through water stress and increased fire frequency. The reduction in NPP
due to moisture limitations are not found to be negated by the converse increases
in soil moisture in other regions; for example, extreme increases in soil moisture
can result in the formation of bogs, which also results in a NPP reduction. Long-
term changes to soil moisture can also result in the transition of an ecosystem to
a different vegetation type; for example, a transition of a forest to a grassland after
forest dieback (McDowell and Allen, 2015; Cox et al., 2004), which would have a
long-term affect on the input of litter to the soil.

Uncertainties surrounding the magnitude of the CO2 fertilisation effect and fu-
ture climate impacts leads to uncertainty in the response of soil carbon to climate
change. Additionally, human-induced disturbance can also affect the litterfall car-
bon and therefore store of carbon in the soil (Nyawira et al., 2017; Anav et al.,
2013), where Brovkin et al. (2013) found that land-use change within CMIP5
ESMs resulted in a reduced land carbon storage of 25 to 205 PgC, when com-
pared to simulations with no land-use change. Changes in terrestrial disturbance,
such as increased fire frequency under climate change, will also affect the veg-
etation litter under climate change and future soil carbon storage (Davidson and
Janssens, 2006). The fraction of litter carbon that will end up within long-term soil
carbon stocks is also debated (Van Groenigen et al., 2014; Todd-Brown et al.,
2014). The allocation of carbon into soil carbon pools is uncertain, and whether
this will change under increased litter input is an additional complication (Schmidt
et al., 2011). The potential of increased soil carbon storage has been suggested
by empirical studies, where increases have been seen in surface soil carbon
(Lichter et al., 2008; Jastrow et al., 2005). Though the same increases have not
been seen in deeper soils, suggesting the possibility of increased carbon only en-
tering faster, short-term turnover pools. The sequestration of carbon in soils has
more recently been discussed as a climate mitigation tool (Bossio et al., 2020;
Amundson and Biardeau, 2018), however this is subject to similar uncertainties
and it requires a greater understanding of the long-term storage of soil carbon

27



and pool allocation.

1.2.2 The response of carbon output from the soil

To investigate the sensitivity of carbon output from global soils under climate
change, studies involve either a direct focus on soil or heterotrophic respiration,
or a focus on the carbon turnover in the soil (⌧s). The term soil respiration is
often used as a collective term to include below-ground plant respiration from
roots together with the microbially-induced heterotrophic respiration (Davidson
and Janssens, 2006). Soil carbon turnover time represents the time it takes for
carbon to be transferred from the atmosphere into the soil and back to the atmo-
sphere, and can be defined as the ratio of soil carbon stocks to the carbon output
flux (Koven et al., 2017; Carvalhais et al., 2014). Therefore, a change to the car-
bon output flux alone will have an effect on the carbon turnover time (Jones et al.,
2005), and can also be used to investigate the release of carbon from soils under
climate change.

The main control of carbon output from the soil is from the process of microbial
decomposition of carbon stored, however this is known to be controlled by mul-
tiple processes (Schmidt et al., 2011; Davidson and Janssens, 2006). Microbial
decomposition is fundamentally a chemical reaction, so is naturally dependent
on temperature (Davidson and Janssens, 2006), implying that a change in tem-
perature can drive a change in the rate of release of CO2 from the soil to the
atmosphere. Increased global temperatures allow microbes contained within the
soil to be more active, which increases the rate at which they can decompose
carbon in the soil and increases the output of carbon via heterotrophic respira-
tion (Crowther et al., 2019). Therefore, an increased rate of respiration in the soil
is expected with global warming and has been evaluated in many experimental
studies investigating the sensitivity of decomposition to temperature (Hartley and
Ineson, 2008; Sanderman et al., 2003; Dalias et al., 2001; Holland et al., 2000;
Kätterer et al., 1998; Lloyd and Taylor, 1994; Jenkinson and Ayanaba, 1977).

Further evidence for temperature being a dominant control on soil carbon dy-
namics can be seen from investigating spatial turnover times of soil carbon on
Earth. Trumbore et al. (1996) investigated soil carbon at various experimental
sites at differing altitudes and found that slower turnover times are found in colder
regions compared with faster turnover times in warmer regions. Additionally, soil
is known to be spatially heterogeneous and the magnitude of carbon stored within
soils varies significantly across the globe (Koven et al., 2017). The northern lat-
itudes are associated with cold temperatures and large soil carbon stocks, with
long turnover times of up to thousands of years (Jackson et al., 2017). However,
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the tropical regions are associated with warmer temperature and lower soil carbon
stocks, with fast turnover times of only a few years. One limitation in experiments
involving turnover times of soil carbon is often the relatively short experimental
timescales compared with longer soil carbon pools, which limits the understand-
ing of the soil carbon response in these regions (Davidson and Janssens, 2006).

Furthermore, the amount of moisture in the soil has a control on decomposition
rates and is also critical to determine the response of heterotrophic respiration
to changes in climate. The impact of soil moisture on decomposition has been
shown to vary between ESM projections and is a subject of ongoing debate. Todd-
Brown et al. (2014) deduced that soil moisture is not a primary driver of changes
in soil carbon decomposition at a global scale in CMIP5 ESMs, whereas Exbrayat
et al. (2013a) deduced that future changes in ESMs are sensitive and dependent
on the choice of moisture function. This is likely to be due to more uncertain
regional changes. The impact of soil moisture changes on regional soil carbon
is associated with increased uncertainty due to uncertainties in predictions of
regional moisture changes, which are less well known compared to temperature
changes (Falloon et al., 2011). The sensitivity to moisture may also be dependent
on temperature, where models and observations are found to differ in regions with
the most extreme temperature and moisture values (Sierra et al., 2015).

This uncertainty is reflected in both empirical and modelling studies aiming to
quantify increased soil carbon loss under climate change. Disagreement is found
in the magnitude of increased heterotrophic respiration under climate change
amongst ESMs, where Todd-Brown et al. (2014) found that the percentage in-
crease seen in modelled heterotrophic respiration ranges from 16.9% to 58.3%
by the end of the 21st century in CMIP5 ESMs, which relates to significant differ-
ences in the changes to soil carbon stocks. Empirical studies such as Crowther
et al. (2016) have attempted to quantify the carbon loss from global soils under
global warming. This was done by assessing data from 49 field experiments,
where an empirical relationship dependent on initial soil carbon stocks was de-
rived and extrapolated to predict the loss of carbon. A carbon loss of 30 ± 30 PgC
to 203 ± 161 PgC from the top 10cm of soil under one degree of global warm-
ing was estimated, where the result was found to be dependant on the timescale
of the response. However, Van Gestel et al. (2018) stated a limiting factor of this
study is the number of field experiments within northern latitude regions, where an
under representation of the northern latitudes could lead to an under estimation
of the loss of carbon from soils due to the significant magnitudes of soil carbon
found in these regions (Jackson et al., 2017; Schädel et al., 2016; Schuur et al.,
2015).
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More recent insights into soil carbon cycling suggest that there are additional,
complex processes influencing soil decomposition that are yet to be fully under-
stood (Schmidt et al., 2011), which adds to the uncertainty in the extent and
timescale of future soil carbon change (Bradford et al., 2016; Cramer et al., 2001).
The rate of decomposition is dependent on chemical, biological and environmen-
tal conditions, which vary between different ecosystems on Earth. This results
in multiple processes which directly and indirectly control decomposition rates
(Davidson and Janssens, 2006; Schmidt et al., 2011). Soils vary both geographi-
cally and with depth, and contain thousands of different carbon compounds. Sim-
ilarly to in plants, microbial decomposition requires minerals such as nitrogen.
Depending on the ratio of carbon to nitrogen within the soil, microbes can either
immobilise nitrogen by taking inorganic nitrogen from litter, or mineralise nitrogen
by decomposing organic nitrogen within the soil. Soil warming could accelerate
nutrient mineralisation due to increased microbial activity resulting in the break-
down of plant litter, which could result in a liberation of nitrogen and alleviate
the nutrient limitation in plants (Todd-Brown et al., 2014; Bai et al., 2013; Peng
et al., 2011; Zaehle et al., 2010; Thornton et al., 2009; Dalias et al., 2001; Rustad
et al., 2001). Additionally, soil micro-organisms represent diverse biological com-
munities, which are known to have varying impacts on carbon cycling within the
soil (Crowther et al., 2019). Associated processes such as priming, have been
suggested by empirical evidence showing an accelerated rate of decomposition
due to increased plant carbon inputs to the soil under elevated CO2 (Georgiou
et al., 2015; Bader et al., 2013). Moreover, the complex process of aggregate
formation, could stabilise carbon stored within soils and result in a reduced rate
of decomposition (Todd-Brown et al., 2014; Six et al., 2002).

1.3 Mathematical modelling of soil carbon

The fate of soil carbon stocks under climate change is associated with uncer-
tainty due to effects from multiple complex and interacting processes which must
be considered and quantified. Despite this, soil carbon has historically been mod-
elled using first-order biogeochemical models, which greatly simplify these com-
plicated processes (Manzoni et al., 2009). Figure 1.2 presents a schematic of the
terrestrial carbon cycle processes included in an ESM, taken from Bonan (2008),
where the transfer of carbon from the atmosphere and to the land surface is illus-
trated.

A change in soil carbon (dCs/dt) is determined by the difference between the in-
put from vegetation (litterfall, ⇤) and the output heterotrophic respiration (Rh), as
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Figure 1.2: A screenshot taken from Figure 2 in Bonan (2008). The schematic
shows the biosphere and atmosphere interactions involved in the carbon cycle
which are simulated within ESMs.

shown by Equation 1.2.

dCs

dt
= ⇤�Rh (1.2)

Biogeochemical models aim to quantify Rh, the respired CO2 from the soil to the
atmosphere, and its response to climate change. Within first-order linear biogeo-
chemical models, the respiration rate (Rh) is often mathematically defined in the
form of Equation 1.3, where i represents different carbon pools. Rh,i is depen-
dent on the decay rate (ki), the function defining the sensitivity of decomposition
to soil moisture (fW (✓s)), the function defining the sensitivity of decomposition to
soil temperature (fT (Ts)), and depends linearly on the mass of soil carbon in the
pool (Cs,i). Within models, the different defined carbon pools will then have differ-
ent k values which control the rate of decomposition of that pool, depending on a
defined resistance to decomposition.

Rh,i = ki · fW (✓s) · fT (Ts) · Cs,i (1.3)

The function representing the temperature sensitivity of soil respiration (fT (Ts))
is often modelled using an exponential dependence of specific respiration rate
on temperature, such as a Q10 or Arrhenius relationship, where both relationships
are based on empirical data in the absence of an effect due to soil moisture (Todd-
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Brown et al., 2013; Kätterer et al., 1998; Lloyd and Taylor, 1994). These relation-
ships are widely used as a measure of the temperature sensitivity of chemical
or biological processes, such as decomposition within soil (Mundim et al., 2020;
Davidson and Janssens, 2006). The modelled q10 factors within ESMs have been
found to be consistent with the observed distribution found in the literature, which
suggest values between 1.4 and 2.2 (Todd-Brown et al., 2018; Mahecha et al.,
2010; Davidson and Janssens, 2006). Examples of the modelled behaviour of
the sensitivity of decomposition to temperature is shown in Figure 1.3(b), which
is taken from Exbrayat et al. (2013a). Figure 1.3(b) compares the temperature
functions for respiration used in three models: CASA-CNP (Wang et al., 2011,
2010), K1995 (Kirschbaum, 1995), and PnET (Aber et al., 1997). Exponential
relationships are seen between temperature and decomposition in the models
CASA-CNP and PnET, however a limit to the increase in decomposition is seen in
the K1995 model at 37�C, where the decomposition rate decreases above some
optimal temperature (Exbrayat et al., 2013a).

Similarly, the sensitivity to moisture (fW (✓s)) is typically modelled using a first-
order process which relates the rate of decay to the quantity of soil carbon (Exbrayat
et al., 2013a; Todd-Brown et al., 2013). The effect of moisture on soil decomposi-
tion dynamics is often assumed to be a linear relationship, where soil respiration
is linearly related to water content up until a certain moisture content is reached
(Cook and Orchard, 2008; Orchard and Cook, 1983). Figure 1.3(a) (again taken
from Exbrayat et al. (2013a)) compares the representation of the sensitivity of
decomposition to soil moisture in three models: CASA-CNP (Wang et al., 2011,
2010), SOILN (Jansson and Berg, 1985) and TRIFFID (Cox, 2001). The three
models show a similar pattern, where decomposition in the soil is shown to in-
crease with moisture up until a volumetric soil moisture concentration of approxi-
mately ✓ = 0.6, above which the rate of decomposition then decreases. However,
the shape of the function is shown to differ between the models.

Biogeochemical models represent carbon in both the litter and soil using separate
‘carbon pools’, which are used to represent differing sensitivities to decomposi-
tion, and then the overall rate of Rh is dependent on the decomposition rates
of these individual pools (Exbrayat et al., 2013a; Clark et al., 2011). Giardina
and Ryan (2000) presented evidence from laboratory experiments showing that
soil decomposition does not depend on temperature, however since this study it
has been argued that the results are based on the assumption of a single ho-
mogeneous soil carbon pool (Knorr et al., 2005; Davidson et al., 2000), which is
not comparable with the real world. Simple models which consider multiple soil
carbon pools with different intrinsic turnover rates have been shown to recreate
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Figure 1.3: Taken from Exbrayat et al. (2013a), where different functions for the
sensitivity of decomposition within the soil to temperature (fT (Ts)) and moisture
(fW (✓s)) are plotted using the Carnegie–Ames–Stanford Approach with a Car-
bon–Nitrogen–Phosphorus (CASA-CNP) model (Wang et al., 2010) coupled with
the Community Atmosphere Biosphere Land Exchange (CABLE) land surface
model (Wang et al., 2011).

results seen in experimental data, where rapid depletion of labile carbon stocks
is seen and negligible depletion of non-labile soil carbon within the experimental
timescales (Knorr et al., 2005). This has identified the importance of the repre-
sentation of differing turnover times in models (Hartley and Ineson, 2008), which
has been shown to be especially significant for slow carbon pools (Jones et al.,
2005).

Since early decomposition models, the allocation into different carbon pools has
often been dependent on the molecular structure of the litter. Early examples
of soil carbon models are the grass and agroecosystems dynamic model (CEN-
TURY; Parton et al. (1988)) and the Rothamsted carbon model (ROTH-C; Jenkin-
son et al. (1991)). Updated variants of these models are still widely used to repre-
sent soil carbon decomposition in modern ESMs (Arora et al., 2020; Todd-Brown
et al., 2018). Both models allocate litter into two distinct pools which represent
carbon readily available for decomposition and carbon which is more resistant: (1)
liable (metabolic in CENTURY and DPM in ROTH-C) and (2) resistant (structural
in CENTURY and RPM in ROTH-C). However, in the CENTURY model allocation
is based on the chemical composition of the litter, where it is dependent on the
lignin-to-nitrogen ratio (Parton et al., 1988), whereas in the ROTH-C model allo-
cation is based on specified ratios which depend on the vegetation type within
biomes (Jenkinson et al., 1991; Clark et al., 2011). Soil organic carbon (SOC)
is then also stored within multiple carbon pools, similarly based on the long-term
stability of the carbon. For example, the CENTURY model has 3 pools with in-
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creasing turnover times; i.e. fast, medium, and slow (Parton et al., 1988). The
rate of decomposition in ESMs is also often dependent on a clay content fraction,
which is known to be an important determinant of the stability of SOC (Wei et al.,
2014; Wiltshire et al., 2021). The clay content in models is often used as a proxy
for the influence of mineral stabilisation on carbon within the soil (Todd-Brown
et al., 2014; Schmidt et al., 2011; Six et al., 2002).

In more recent years, new insights into the way soil carbon exists in the real
world suggests this differs from the way soil carbon has been historically mod-
elled. Despite the importance of the chemical composition of litter in predicting
future soil carbon stocks, without more realistic representation of the environmen-
tal and biological processes controlling the soil within ecosystems, the long-term
stability of soil carbon in the future will continue to be uncertain (Schmidt et al.,
2011). These more recent insights into additional processes which control de-
composition have now brought into question this simplified view of modelling soil
carbon. Biogeochemical models use molecular structure of the litter to determine
the rate of decomposition, as this controls the allocation of carbon into soil car-
bon pools. However, despite this being likely to be a more valid assumption for an
initial decomposition rate, it is now thought that additional factors affect the long-
term decomposition rate (Schmidt et al., 2011). Schmidt et al. (2011) identify the
importance of additional processes controlling soil decomposition rates and high-
light the need to include these processes within future generations of soil carbon
models. The different types of litter are discussed and how the derivation of the
litter influences the long-term storage in the soil; for example, litter derived from
roots is more resistant to decomposition than the above-ground input from leaves.

Additionally, the link between ecosystem dynamics and micro-organisms has
been a recent focus for soil carbon models (Chadburn et al., 2020; Walker et al.,
2018; Wieder et al., 2015a), where the direct role of microbes on decomposition
has historically been ignored within land surface modelling. It was thought that
due to the long turnover times of soil carbon, with one of the longest time scales
in the terrestrial carbon cycle (up to thousands of years), compared to very short
turnovers of microbes within the soil (time frame of days), the affect of micro-
bial communities would not be significant on the long-term soil carbon response
(Blyth et al., 2021). Additionally, due to the nature of microbial communities vary-
ing geographically, for example differing communities in tropical regions and high
latitudes, environmental conditions have been used as a proxy within modelling
for variations in soil microbial communities (Crowther et al., 2019). However, new
insights suggest climate can influence soil carbon cycling through changes in both
metabolic activity and community structure (Wieder et al., 2015a; Schmidt et al.,
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2011). Xenakis and Williams (2014) compare decomposition rates using two
model structures: one with standard first-order kinetics and one which includes
functional microbial activity, where differing responses were found to warming and
increased carbon input from litter. More recent studies have focused on improving
the representation of microbial dynamics by including this effect in future gener-
ations of soil carbon models (Wieder et al., 2013; Conant et al., 2011; Neill and
Gignoux, 2006; Pendall et al., 2004), however progress needs to be made on the
inclusion into ESMs. This would also lead to the representation of missing pro-
cesses, such as biological priming, which is not currently explicitly represented
(Koven et al., 2015).

In more recent years, progress has been made on the inclusion of interactive
nitrogen on soil carbon cycling within models, where this is now commonly repre-
sented in CMIP6 ESMs (Davies-Barnard et al., 2020). The availability of nitrogen
is necessary for soil carbon to be decomposed, and within a biogeochemical
model the simulation of interactive nitrogen allows the amount of nitrogen present
to change by flowing between soil pools, as with soil carbon, opposed to being
a set fraction. For example, in the UK land surface model JULES-CN, which in-
cludes a coupled terrestrial carbon–nitrogen scheme, nitrogen (N) has four pools,
two equivalent to the litter pools and two equivalent to the SOC pools following
the structure of the ROTH-C model (Jenkinson et al., 1991; Wiltshire et al., 2021).
Nitrogen is transferred from the litter pools to the SOC pools by immobilisation of
inorganic nitrogen to organic nitrogen, and then is released from the soil from
mineralisation of organic nitrogen to inorganic, which then makes it available for
plant uptake (see Figure 1.2).

Rh,i = ki · fW (✓s) · fT (Ts) · Cs,i · fN (1.4)

To include a limitation of nitrogen content on respiration, an additional function
(fN ) is used to modify the decomposition rate (Rh,i). The function fN is depen-
dent on the ratio of the nitrogen available in the soil to the nitrogen required by
microbes for decomposition. This additional function controlling decomposition
rates is shown by Equation 1.4, compared to Equation 1.3 with no nutrient limita-
tions. Therefore, if decomposition is nitrogen limited within models, it represents
an insufficient quantity of nitrogen available for microbes to decompose the litter
to SOC (Wiltshire et al., 2021). Additional processes, such as interactive nitro-
gen, are required to be represented within biogeochemical models to reduce the
long-term uncertainty in soil carbon stability under climate change.
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1.4 New generation of Earth System Models

Reducing the uncertainty in the soil carbon response to climate change and pre-
dicting how stocks will change in the future has been identified as an important
area of current climate research. The uncertainty is a result of difficulties in the
representation of related processes within models and limitations to empirical ex-
periments. Significant variations in future projections of the soil carbon responses
to climate change are also partly a result of an inconsistent representation of car-
bon cycle parameters amongst ESMs (Bradford et al., 2016; Nishina et al., 2014;
Arora et al., 2013).

The Coupled-Model Intercomparison Project (CMIP) was established to create
a common framework for multi-model evaluation (Meehl et al., 2000), where pre-
vious generations are known as CMIP5 (Taylor et al., 2012) and CMIP3 (Meehl
et al., 2007). CMIP is now in phase 6, known as CMIP6 (Eyring et al., 2016;
Meehl et al., 2014), which is the ensemble of ESMs used in the most recent In-
tergovernmental Panel on Climate Change (IPCC) report (AR6) (IPCC, 2021a).
CMIP provides consistent climate variables and climate scenarios which enable
modelling centres to complete comparable simulations, and allows for multi-model
evaluation of models within CMIP generations. Specific projects such as Coupled
Climate-Carbon Cycle Model Intercomparison Project (C4MIP), have a specific
focus on understanding and quantifying future changes in the global carbon cy-
cle, and the potential feedbacks on the climate system (Jones et al., 2016). Multi-
model evaluation can help reveal key differences between models and empirical
data which can help address some uncertainty; critically assessing and improving
ESMs is required to help improve our knowledge of future climate change.

As new generations of models are developed, the aim is to improve the repre-
sentation of climate system processes. This includes making improvements to
the representation of soil carbon in biogeochemical models in order to help re-
duce the uncertainty related to future projections of soil carbon. However, the
uncertainty due to the soil carbon feedback did not reduce significantly between
the CMIP3 and CMIP5 model generations (Knutti and Sedláček, 2013). To date,
limited studies have investigated the response of soil carbon in the CMIP6 mod-
els. Therefore, a robust and in-depth evaluation of soil carbon and the related
processes that control the input and output fluxes in the most up-to-date ESMs
within CMIP6 is required to help identify areas for future research. Identifying ar-
eas for future research, specifically key areas for future model development, is a
useful step towards reducing uncertainty in future climate change projections.
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1.5 Emergent constraints

A key method to reduce uncertainty in future climate change projections is through
observational constraints. A specific recent variant of this general approach,
called ‘Emergent Constraints’ (sometimes referred to as ECs), aims to reduce
uncertainty in climate change projections by identifying relationships between un-
certain future changes and observable trends or variability, which are evident
across an ensemble of models. This technique was first used by Hall and Qu
(2006), who used a relationship deduced from an ESM ensemble to constrain the
future snow albedo feedback to climate change using the present day observable
seasonal cycle. Since this study, emergent constraints have successfully been
used to evaluate ESMs in CMIP5 (Cox et al., 2018; Wenzel et al., 2014; Qu and
Hall, 2007) and are now being used for CMIP6 (Nijsse et al., 2020; Thackeray
et al., 2021).

The technique requires two main criteria for the possibility of an emergent con-
straint. Firstly, it relies on a strong statistical relationship existing between an
aspect of the current climate and an aspect of the future climate, across the en-
semble of models, such as a CMIP ensemble. Secondly, observational measure-
ments on the aspect of the current climate, where the uncertainty is less than the
uncertainty from the projected model spread in the ensemble. If these conditions
hold, then uncertainty in future climate projections can be reduced by defining a
‘constraint’ on a specific, measurable climate variable (Hall et al., 2019; Eyring
et al., 2019). This is discussed in more detail below.

1.5.1 The concept of emergent constraints

The premise of an emergent constraint is to use a trend or variation that can be
measured in the real world, to help constrain a future response of the Earth sys-
tem that cannot be measured but would like to predict. For this to be possible, a
relationship between the observable trend/variation and the uncertain future re-
sponse is required - called an emergent relationship. Emergent relationships are
typically derived from a model ensemble, and when combined with an observa-
tion of the trend/variation it is possible to define an emergent constraint on the
future response.

The concept can be further explained using Figure 1.4, which has been taken
from Eyring et al. (2019). The idea is there exists an ‘Earth system sensitivity’,
which is simply how sensitive an aspect of the Earth system (such as soil carbon)
is to climate change. This is shown on the y-axis of the figure and is unknown
in the real world. Each ESM projects a sensitivity, which is shown by the blue
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Figure 1.4: Schematic illustrating the concept of emergent constraints taken from
Eyring et al. (2019).

dots on the figure. As the future sensitivity is unknown, each future ESM projec-
tion is seen to have an equal possibility of being the actual future Earth system
sensitivity. If each ESM projects a different sensitivity, it can result in a ‘Long-
term intermodel uncertainty’, which is represented by the yellow distribution on
the right-hand side of the figure. This is a result of a large range of projections of
an Earth system sensitivity seen across a model ensemble. The premise of an
emergent constraint is the aim to reduce this uncertainty by relating the unknown
Earth system sensitivity variable to an ‘Observable trend or variation’. This is
shown on the x-axis of the figure and is measurable in the real world.

In order to do this, relationships between the sensitivity (y-axis) and trends or
variations (x-axis) based on a fundamental understanding of the Earth system
are considered. This relationship is shown by the red line between the x and y
axis on the figure, labelled ‘Emergent relationship’. If such a relationship emerges
from the model ensemble, meaning the relationship becomes apparent when con-
sidering all the ESMs within the ensemble, this relationship can be used together
with real world measured values of the x-axis variable - the observable trend or
variation - to find a reduced range of projections of the Earth system sensitivity.
This assumes that the uncertainty of the measurable observed values, shown
on the figure by the blue distribution, is less than the spread in the model pre-
dicted x-axis values (blue markers). It is also required for the success of an
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emergent constraint, that the uncertainty on the observational values (blue dis-
tribution) combined with the uncertainty surrounding the emergent relationship
(red distribution), are less then the uncertainty associated with the long-term in-
termodel uncertainty (yellow distribution). If these conditions hold, a reduction in
the long-term model uncertainty can be obtained, which is shown on the figure by
the grey distribution of ‘Constrained values’ (Hall et al., 2019).

1.5.2 Existing emergent constraints on the carbon cycle

The emergent constraint technique has been successfully used to find constraints
on aspects of climate change within the Earth system across model ensembles.
Hall et al. (2019) provided a table of all existing emergent constraints from CMIP5
and CMIP3 published at the time of the study (see Table 1 in Hall et al. (2019)).
The most commonly constrained Earth system sensitivity is ‘equilibrium climate
sensitivity’, which is a measure of the warming to the Earth’s climate under a
given CO2 concentration. However, more recently emergent constraints have
been used to successfully constrain uncertainties related to terrestrial carbon
cycle responses to climate change (Cox, 2019). These carbon cycle emergent
constraints presented in Hall et al. (2019) are listed and explained below.

Sensitivity of tropical carbon to climate change constrained by carbon diox-

ide variability (Cox et al., 2013).

In this study, the emergent constraint technique was used to constrain the uncer-
tain release of carbon from tropical forests. As previously discussed, the future
land carbon storage is uncertain due to an unknown magnitude of the net affect
from increased carbon input and output as a response to climate change. Tropical
forests are thought to be particularly sensitive due to a potential moisture limita-
tion in the future, which could lead to dieback of the forests (Cox et al., 2004).
It was found in the study that ESMs disagree on the changes expected in tropi-
cal forests, where tropical land carbon storage projections by ESMs range from
a loss of 11 PgC to a gain of 319 PgC by the year 2099, adding to the uncer-
tainty surrounding carbon cycle projections under climate change. The emergent
constraint was obtained by deducing an emergent relationship from an ensemble
of models between the sensitivity of CO2 interannual variability to tropical tem-
perature anomalies and the sensitivity of tropical land carbon storage to climate
change. The use of atmospheric CO2 and tropical temperature measurements
from the real world were used together with the emergent relationship, to con-
strain the predicted carbon loss in the tropics. This study constrained the carbon
loss from the tropics (30�N - 30�S), where a carbon loss of 53 ± 17 PgC per
degree of warming was predicted, as opposed to the 69 ± 39 PgC per degree of

39



warming projected by ESMs. The original Cox et al. (2013) study was completed
with the C4MIP ensemble of models, but has more recently been shown to hold
for the CMIP5 ensemble in Wenzel et al. (2014), where an overlapping carbon
loss of 44 ± 14 PgC per degree of warming was found.

Projected land photosynthesis constrained by changes in the seasonal cy-

cle of atmospheric CO2 (Wenzel et al., 2016).

Increased plant productivity is expected due to increased rates of land photosyn-
thesis under elevated atmospheric CO2 concentrations. However, the extent of
this increase is uncertain with global projections from ESMs ranging from a 20%
to a 60% increase in productivity to a doubling of CO2. This study presented an
emergent constraint on the global CO2 fertilisation effect by relating the increasing
amplitude of the CO2 seasonal cycle to the magnitude of CO2 fertilisation effect.
The terrestrial Gross Primary Productivity (GPP, a measure of increased plant
photosynthesis) is used to represent the magnitude of the CO2 fertilisation effect.
A constraint on GPP increase under a doubling of atmospheric CO2 concentra-
tions is deduced for different regions. An increase of 37 ± 9 % was estimated
for high latitude ecosystems (60�N – 90�N) and an increase of 32 ± 9 % was
estimated for extra-tropical ecosystems (30�N – 90�N), using respective observa-
tional measurements.

An observation-based constraint on permafrost loss as a function of global

warming (Chadburn et al., 2017).

This constraint on permafrost loss under global warming was presented as an
emergent constraint in the Table of the Hall et al. (2019) study, although it does
not use the conventional emergent constraint method introduced by Hall and Qu
(2006). Instead, the spatial relationship between temperature and permafrost
cover was investigated using observational data. This spatial relationship is said
to represent the temperature sensitivity of permafrost and can be used to predict
the sensitivity of permafrost to future changes in temperature (�T). The validity
of this method was investigated by testing whether these permafrost-T relation-
ships in models were able to predict the sensitivity of permafrost to temperature
in the future, implying the temperature relationships remain consistent under cli-
mate change. Permafrost is stated to cover 15 million km2 of the land surface
and is one of the most sensitive components of the Earth system to warming.
Using the observation-based constraint, a sensitivity of permafrost area loss to
global mean warming was estimated at 40+1.0

�1.1 km2 per degree of warming. This
derived sensitivity was found to be greater than previous studies, such that the
stabilisation of warming at 1.5�C opposed to 2�C would result in a reduced area
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of permafrost thaw by approximately 2 million km2.

1.5.3 Credibility of emergent constraints

Despite this progress and common use of the emergent constraint technique, the
robustness and utility have been questioned in the literature (Sanderson et al.,
2021; Williamson and Sansom, 2019). One criticism seen regarding emergent
constraint research is that a data mining approach could be used to obtain a false
emergent constraint (Caldwell et al., 2014). Some climate scientists have argued
that if enough Earth system sensitivities were plotted against observable trends
and variations, statistically relationships would be found between these variables.
However, not all of these relationships will be valid.

Klein and Hall (2015) discusses the use of criteria which can be used to as-
sess the credibility of such emergent constraints, such as categorising emergent
constraints. They propose three different categories: (1) potential emergent con-
straints, where simply a relationship is found between the x and y axis, (2) promis-
ing emergent constraints, where the emergent relationship is also based on a
physical understanding of the Earth system, and (3) confirmed emergent con-
straints, where they suggest the need for physical evidence when determining
the emergent relationship between Earth system variables. Hall et al. (2019) later
suggest a classification of emergent constraints into two categories: (1) proposed
emergent constraints, and (2) confirmed emergent constraints. These categories
follow a similar premise to those defined in Klein and Hall (2015), where the dif-
ference between a proposed and confirmed emergent constraint is a physical or
theoretical mechanism behind the statistical relationship. Hall et al. (2019) sug-
gest the categorising of emergent constraints is necessary due to the increasing
number being reported in the literature. These categories also highlight the im-
portance of emergent constraints being based on fundamental understanding of
the Earth system, where only realistic relationships that are based on theoretical
knowledge of the Earth system should be considered.

Moreover, an additional method which would improve the credibility of an emer-
gent constraint is if the constraint exists across different ensembles (Hall et al.,
2019). With a finite number of climate models, the best way to achieve this is
to investigate emergent constraints across different CMIP generations. For ex-
ample, testing the emergent constraint in both the CMIP5 and CMIP6 ensembles
(Thackeray et al., 2021; Schlund et al., 2020). Sanderson et al. (2021) state
that emergent constraints could be found due to common structural assumptions
within an ensemble, which implies an improved credibility of a constraint if it re-
mains statistically valid after model improvements in a new generation. However,
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it is highlighted that the use of emergent constraints alone to estimate uncer-
tainties in unknown climate projections could potentially lead to unrealistic biases
(Sanderson et al., 2021). Overall, emergent constraints provide promise in help-
ing to reduce uncertainty in key projections of climate change. However, appro-
priate considerations must be taken to ensure valid emergent constraints with a
good level of credibility (Hall et al., 2019).

1.6 Concluding remarks

Major uncertainties exist in projections of future soil carbon stocks, and this is of
significant importance in determining future climate. Evaluation of the most up-
to-date ESMs within CMIP6 and techniques such as emergent constraints, can
help reduce uncertainty in future projections of climate change. ESMs are tools
to predict future changes to the climate, and evaluation enables us to see what
the most up-date models are predicting, as well as helping to identify key areas
which require future development. Emergent constraints provide promise for re-
ducing carbon cycle related uncertainty, allowing for a clearer idea of soil carbon
change in future. Quantifying future climate change and reducing uncertainty in
predictions is required to improve our understanding of how climate change will
affect both ecosystems and people on Earth. This in turn increases the chance
of successful adaptation and mitigation to climate change.

1.7 Thesis outline

Chapter 2 is an evaluation of soil carbon and related controls in the newest gen-
eration of CMIP6 models, as well as the previous generation of CMIP5 models.
The evaluation is completed against empirical datasets for global soil carbon, as
well as for NPP and soil carbon turnover time. The results from Chapter 2 are
published in Varney et al. (2022).

Chapter 3 investigates future projections of soil carbon change in CMIP5 and
CMIP6 ESMs. The response is broken down into changes due to increases in
NPP and reductions in soil carbon turnover time, to isolate the differing responses
influencing changes to future soil carbon storage.

Chapter 4 presents a ‘spatial emergent constraint’. A successful emergent con-
straint is deduced on the sensitivity of soil carbon turnover to global warming,
where present day spatial temperature relationships of soil carbon turnover times
are used to constrain the future sensitivity to climatic changes in global tempera-
tures. This spatial emergent constraint is then used to deduce future changes in
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soil carbon turnover to differing levels of global warming, reducing the uncertainty
surrounding future projections of this response. The results from Chapter 4 are
published in Varney et al. (2020).

Chapter 5 introduces the C4MIP simulations in more detail, which allow for the
isolation of effects on soil carbon due to changes in atmospheric CO2 and changes
in global temperatures. In this Chapter, soil carbon specific carbon-concentration
(�s) and carbon-climate (�s) feedback parameters are defined and evaluated for
CMIP6 ESMs.

Chapter 6 sees the analysis of Chapter 3 and Chapter 5 combined, where the
individual sensitivities of soil carbon controls (NPP and soil carbon turnover time)
to changes in both atmospheric CO2 and global temperatures are investigated in
CMIP6 ESMs.

Finally, Chapter 7 summarises the main findings from the thesis, and highlights
the potential future research questions that have arisen from the evaluation and
analysis presented in the previous chapters.
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Chapter 2

Evaluation of soil carbon simulation

in CMIP5 and CMIP6 Earth System

Models

Abstract As discussed in Chapter 1, the response of soil carbon (Cs) to CO2-
induced global warming has the potential to provide a significant feedback on cli-
mate change, but this feedback is currently poorly known and is associated with
uncertainties in Earth System Model (ESM) projections. In order to improve the
reliability of future projections of climate change, it is key to realistically represent
present-day carbon stores and spatial controls. In this chapter, the representation
of late 20th century soil carbon stores and controls via Net Primary Productivity
(NPP) and soil carbon turnover time (⌧s), are evaluated in the CMIP5 and CMIP6
generations of ESMs. This chapter is based on a paper published in Biogeo-
sciences (Varney et al., 2022).

2.1 Introduction

The latest generation of the Coupled Model Intercomparison Project (CMIP),
CMIP6 (Eyring et al., 2016), includes an ensemble of Earth System Models
(ESMs), which are used in the most recent Intergovernmental Panel on Climate
Change (IPCC) report (AR6) (IPCC, 2021a). The relationships between carbon
and environmental drivers used in models help to determine the response of the
carbon cycle to climate change (Todd-Brown et al., 2013). Therefore, represent-
ing 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., 2020).

Present-day soil carbon can be approximately broken down into above-ground
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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 con-
sidered as the input flux of carbon into the soil from vegetation. Both the amount
of carbon from plant and root litter (known as litterfall) 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, ⇧N ) can be used as a proxy for the lit-
terfall 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 (⌧s), which is defined as the time carbon resides in the soil
(Koven et al., 2017; Carvalhais et al., 2014). ⌧s can be considered as a proxy
for below-ground controls on soil carbon storage (Koven et al., 2015; Todd-Brown
et al., 2014, 2013).

In this chapter, the representation of late 20th century soil carbon stores and these
related controls (NPP and ⌧s) are evaluated in 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 CMIP5.
There are some existing CMIP6 soil carbon related studies; for example, 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.

2.2 Methods

2.2.1 Earth system models

Soil carbon stores and related controls are examined in eleven CMIP6 ESMs
(Eyring et al., 2016; Meehl et al., 2014), as listed Table 2.1. Throughout the
chapter, comparisons are made with ten ESMs from the previous CMIP gener-
ation (CMIP5; Taylor et al. (2012)), as listed in Table 2.2. The ESMs included
in this chapter were chosen due to the availability of the required data in the
online repository at the time of analysis (https://esgf-node.llnl.gov/search/cmip6/
and https://esgf-node.llnl.gov/search/cmip5/).

Tables 2.1 (CMIP6) and 2.2 (CMIP5) present information about the included ESMs,
specifically more details about the associated land surface model (LSM). It should
be noted that there are similarities between some of the LSMs within the ESMs -
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
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version 5 (CLM5) (Arora et al., 2020). For some modelling centres, both the
CMIP5 and CMIP6 versions of the models are included and in these cases di-
rect comparisons can be made 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 interac-
tive 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 process was turned off in CMIP5 simu-
lations; 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 comprehensive overview of the updates
seen in the individual CMIP6 models, which is presented in the ‘Model descrip-
tions’ 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 mod-
els (see Table 1 in Todd-Brown et al. (2013)). The most common representation of
the temperature sensitivity of decomposition is the Q10 equation, which is defined
by f(T ) = Q

(T�T0)/10
10 , where T is temperature and T0 is a reference temperature.

With the Q10 equation, decomposition increases exponentially with temperature
(Davidson and Janssens, 2006). The majority of other models within CMIP5 used
the Arrhenius equation to represent the temperature sensitivity, where the main
difference from the Q10 representation is that the rate of decomposition levels off
at higher temperature levels (Lloyd and Taylor, 1994). Of the remaining CMIP5
models, the GFDL model simulates an increased rate of decomposition with tem-
perature until some optimal temperature, above which the rate of decomposition
decreases (Shevliakova et al., 2009) (which Todd-Brown et al. (2013) defined as
a ‘hill’ function) and the GISS model implement a linear increase of respiration
to temperature up to a maximum value (Del Grosso et al., 2005). The repre-
sentation of the decomposition sensitivity to soil moisture was found to be to be
represented in two ways amongst the CMIP5 models, where either decomposi-
tion was assumed to increase monotonically with increasing soil moisture, or less
commonly to increase to some optimum moisture level and then decrease (again
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described as a ‘hill’ function by Todd-Brown et al. (2013)). In this study, it is found
that the representation of temperature and moisture functions remain similar from
CMIP5 from CMIP6. The Q10 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.

2.2.2 Defining soil carbon variables

CMIP defines common output variables (Meehl et al., 2000), which allows for
consistent comparison between the models, and for cleaner evaluation of models
to observational data. These common output variables also allow for consis-
tent comparison between model generations, in this case between CMIP6 and
CMIP5. This chapter focuses on evaluation of near present-day soil carbon and
related controls. Therefore, the results presented in this chapter use the CMIP
standard historical simulation (CMIP scenario historical), for both the CMIP6 and
CMIP5 analyses. The historical simulation runs from 1850-2015 in CMIP6 and
from 1850-2005 in CMIP5, where the selected dates for each variable (stated be-
low) 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 chapter uses ‘Soil Carbon’ (CMIP variable cSoil),
which represents the carbon stored in soils, and where applicable ‘Litter Carbon’
(CMIP variable cLitter ), which represents carbon stored in the vegetation litter.
Total soil carbon (Cs) is defined as the sum of these soil carbon and litter carbon
variables (cSoil + cLitter ), where for models that do not report a separate litter
carbon pool, the total soil carbon is taken to be simply the cSoil variable. This
allows for a more consistent comparison between the models and between the
models and empirical data due to differences in how soil carbon and litter car-
bon are simulated (Arora et al., 2020; Todd-Brown et al., 2013). Modelled Cs is
time-averaged between the years 1950 to 2000 of the historical simulation and is
considered spatially (units of kg m�2) and as global totals (units of PgC), where
global totals are calculated as an area-weighted sum using the model land sur-
face fraction (CMIP variable sftlf ). To calculate northern latitude totals, a sum
between the latitudes 60� N and 90� N was considered.

The CMIP6 ESMs CESM2 and NorESM2-LM have two different variables to rep-
resent soil carbon: (1) CMIP variable cSoil, which represents the full vertical soil
profile, and (2) CMIP variable cSoilAbove1m, which represents soil carbon in the
top 1 m of soil. This is due to the representation of vertically resolved soil carbon
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in these models, which means there are separate carbon pools in the model that
represent different soil depths (Lawrence et al., 2019). In this chapter, the CMIP
variable cSoilAbove1m is used throughout to represent soil carbon for the models
CESM2 and NorESM2-LM, unless otherwise 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 1 m depth of soil for modelled
soil carbon allows for the fairest evaluation, and evaluation is considered against
empirical datasets down to a depth of 1 m (see below). However, comparisons
with the cSoil variable for both CESM2 and NorESM2-LM are included in Tables
2.4 and 2.6 of the Results.

In order to obtain a clean separation between above-ground and below-ground
drivers of soil carbon variations, a quasi-equilibrium approximation is made. To
begin, the definition of the effective soil carbon turnover time (⌧s) is shown by
Equation 2.1 (Varney et al., 2020; Koven et al., 2017; Carvalhais et al., 2014),
which represents the average time carbon resides in the soil:

⌧s =
Cs

Rh
(2.1)

where, Rh is the output flux of carbon from the soil known as the heterotrophic
respiration, which is described as the carbon loss from the decomposition by mi-
crobes. This definition of the turnover time implicitly neglects other processes that
may release soil carbon, but which are not yet routinely included in ESMs (e.g.
peat fires or dissolved organic carbon fluxes).

The definition of the effective turnover time (Equation 2.1) ensures that the soil
carbon at any one time is given by Cs = Rh⌧s. In an unperturbed steady state (i.e.
neglecting disturbances from land use change, fires, insect outbreaks, etc.), there
is no net exchange of carbon between land and atmosphere, and therefore Rh is
equal to litterfall, known as fallen organic material from plants. When vegetation
and soil carbon are close to a steady state, litterfall and Rh are also approximately
equal to NPP, where NPP is defined as the net carbon assimilated by plants via
photosynthesis minus loss due to plant respiration. In the contemporary period
considered in this study, Rh has been found to be well approximated by NPP
(Varney et al., 2020). This is because the difference between NPP and Rh, which
represents the Net Ecosystem Productivity (NEP, FL), is a small fraction of the
NPP over the historical period (NPP ⇡ 60 PgC yr�1; NEP ⇡ 3 PgC yr�1). There-
fore the present-day soil carbon can be approximated by:
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Cs ⇡ ⇧N ⌧s (2.2)

to a good accuracy. This allows for a clean separation of soil carbon variation into
the above (NPP, ⇧N ) and below (⌧s) ground drivers of soil carbon spatial patterns,
following the approach of previous published studies (Koven et al., 2015; Todd-
Brown et al., 2013).

To evaluate these soil carbon controls on Cs, NPP and ⌧s are evaluated sep-
arately. This chapter uses modelled ‘Net Primary Productivity’ (CMIP variable
npp), which is defined as the mass flux of carbon out of the atmosphere due to
NPP on land. NPP is also considered spatially (kg m�2 yr�1), and as an area-
weighted global total flux (PgC yr�1). By definition, ⌧s is defined by Equation 2.1
and therefore is calculated by soil carbon (as defined above) divided by Rh. For
Rh, the variable ‘Heterotrophic Respiration’ (CMIP variable rh) is used, which is
defined as the mass flux of carbon into the atmosphere due to heterotrophic res-
piration on land, primarily due to the microbial respiration that occurs in the soil
and the units of Rh are the same as that of NPP. The carbon fluxes (NPP and Rh)
are time-averaged over the period 1995-2005 for consistency between the CMIP
generations and the empirical datasets. ⌧s can be considered on a spatial level,
or as an effective global ⌧s, which is defined as average ⌧s=mean(Cs)/mean(Rh)
(where the mean represents an area-weighted global average). The advantage
of defining an effective global ⌧s is that it is not dominated by large spatial outlying
values. Using either method, the units for ⌧s are in years (yr) by definition.

The relationships of soil carbon, Cs, NPP and ⌧s, with both temperature and soil
moisture are also considered. For temperature, the variable ‘near surface air tem-
perature’ (CMIP variable tas), representing atmospheric temperature at the sur-
face is considered, where the dates 1995-2005 where chosen to be consistent
with the carbon fluxes. The variable for atmospheric temperature was considered
opposed to soil temperature as equivalent global observational datasets are re-
quired for the analysis. For soil moisture, the variable ‘Moisture in Upper Portion
of Soil Column’ (CMIP variable mrsos), which is defined as the mass content
of water in the soil layer in the upper portion of the soil (0cm-10cm depth) was
considered, where the dates 1978-2000 were considered to match the empirical
data. The standard output mrsos is in units of kg m�2, however in this chapter a
volumetric soil moisture, referred to as ✓, is used to allow for consistent compari-
son with the benchmark data. ✓ is calculated as mrsos divided by the depth of the
soil layer in mm, which in this case is ✓ = mrsos/100. The variable mrsos for soil
moisture was considered opposed to the full soil column moisture (CMIP variable
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mrso) as this better matched the available empirical dataset for soil moisture. It
is noted that this represents surface soil moisture and does not match the depth
over which soil carbon is evaluated (0 – 1 m). This is due to deeper soil moisture
products not being as readily available due to limitations of remote sensing meth-
ods in penetrating deeper ground. It is expected that the surface soil moisture
will be related to deeper soil moisture to some extent but will be influenced by
different processes. For example, high surface soil moisture after rainfall events
could run off and thus not always reach the deeper soil.

2.2.3 Empirical datasets

2.2.3.1 Soil carbon

Observational soil carbon, Cs, to a depth of 1 m, was 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 considering 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’.

The 95% confidence intervals given by Todd-Brown et al. (2013) are used to
derive standard deviations about the global mean soil carbon obtained by this
dataset. To do this, the constructed 95% confidence intervals where used to cal-
culate upper and lower bounds around the mean value. Then assuming the data
is normally distributed, these derived 95% confidence intervals were halved to
obtain confidence intervals equivalent to a standard deviation error on the mean
(1412 ± 215 PgC). The uncertainty analysis completed in Todd-Brown et al.
(2013) is used for the benchmark soil carbon dataset as no quantitative uncer-
tainty has been previously or since defined 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 of the evaluation. Todd-Brown et al.
(2013) find that this derived uncertainty is consistent with other empirical esti-
mates of global soil carbon: for example, 1576 PgC in Eswaran et al. (1993),
1220 PgC in Sombroek et al. (1993), and 1502 PgC in Jobbágy and Jackson
(2000). This study further compares with empirical estimates of 1395 PgC in
Post et al. (1982) and 1515 PgC in Raich and Schlesinger (1992). These empir-
ical estimates are within one standard deviation of the global mean soil carbon
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given by the benchmark dataset (Table 2.3).

Moreover, additional empirical datasets are considered to improve the reliabil-
ity of the benchmark dataset (Table 2.3). These include: (1) the World Inventory
of Soil property Estimates (WISE30sec) dataset down to a depth of 2 m (Bat-
jes, 2016), which includes a given standard deviation on the global total soil car-
bon consistent with the derived benchmark uncertainty, (2) the named ‘S2017’
from Sanderman et al. (2017) soil carbon estimate (1 m and 2 m), which uses
a data-driven statistical model and the History Database of the Global Environ-
ment (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 2.3 m (Shangguan et al., 2014), and (4) the Global Gridded
Surfaces of Selected Soil Characteristics (IGBP-DIS) estimate of soil carbon to
a depth of 1 m, 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 1 m,
where a global total soil carbon value of 1560 ± 214 PgC was found. This esti-
mate is consistent with the benchmark dataset estimate (Table 2.3), and further
improves the confidence in the benchmark soil carbon estimate.

Furthermore, the spatial correlation coefficients between these additional datasets
and the benchmark dataset are considered, where the following values corre-
spond 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 Figure 2.1. The
estimate for northern latitude total soil carbon has greater uncertainties associ-
ated with it, where the standard deviation deduced by combining the empirical
datasets is 83 PgC. To account for this increased uncertainty, the deduced stan-
dard deviation of 83 PgC is used on the benchmark soil carbon throughout this
chapter, opposed to the 61 PgC derived using the Todd-Brown et al. (2013) un-
certainty analysis.

2.2.3.2 Carbon fluxes

To estimate a benchmark NPP, the commonly used MODIS NPP (2000-2010)
dataset (Zhao et al., 2005) is used. The MODIS NPP dataset does not have
associated uncertainty estimates, so this chapter estimates a standard deviation
error on benchmark NPP as derived by Ito (2011). The MODIS NPP dataset was
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 of 56.2 ± 14.3 PgC
yr�1 (compared with a derived MODIS mean value of 56.6 yr�1).
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Table 2.3: Table of global total and northern latitude total (northern latitudes de-
fined as 60� N - 90� N) soil carbon estimates from multiple empirical datasets, for
varying soil depths where applicable.

Empirical Depth Global Northern Reference
dataset total latitude

Cs (PgC) total
Cs (PgC)

HWSD + NCSCD 1 m 1412 ± 215 401 ± 61 FAO and ISRIC (2012)
Hugelius et al. (2013)

WISE30sec 1 m 1371 ± 129 314 Batjes (2016)
2 m 1952 ± 198 468

S2017 1 m 1966 515 Sanderman et al. (2017)
2 m 3141 893

GSDE 1 m 1682 526 Shangguan et al. (2014)
2.3 m 2593 849

IGBP DIS 1 m 1567 377 IGBP (2000)

Moreover, due to the limited choice of observational derived NPP datasets (Harper
et al., 2018), models can be further evaluated against using a benchmark dataset
for Heterotrophic respiration (Rh), where Rh is estimated using the CARDAMOM
(2001–2010) heterotrophic respiration dataset (Bloom et al., 2015). The empiri-
cal CARDAMOM Rh has associated estimates of error, which were used to derive
a standard deviation uncertainty on the empirical average Rh (51.7 ± 21.8 PgC
yr�1). This chapter includes map plots comparing the two empirical datasets,
which is shown in Figure 2.2, and global totals for Rh are also considered for
comparison against NPP for both the CMIP6 and CMIP5 ESMs.

2.2.3.3 Soil carbon turnover time

To estimate a benchmark soil carbon turnover time (⌧s), the estimate of observa-
tional soil carbon can be divided by the estimate of heterotrophic respiration (Rh)
(see above). To estimate an uncertainty on effective global ⌧s, this study derived
upper (⌧+s ) and lower (⌧�s ) bounds based on the derived Cs and Rh uncertainty
estimates. The upper bound was calculated using the following: ⌧

+
s = C

+
s / R�

h ,
where C

+
s is equal to the mean soil carbon plus one standard deviation and R

�
h

is equal to the mean heterotrophic respiration minus one standard deviation. The
lower bound was calculated using the following: ⌧�s = C

�
s / R+

h , where similarly C
�
s

is equal to the mean soil carbon minus one standard deviation and R
+
h is equal to

the mean heterotrophic respiration plus one standard deviation.

This method gives a large uncertainty bound around the derived mean estimate
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Figure 2.1: Maps comparing empirical datasets of soil carbon (Cs). The bench-
mark dataset is a map plot showing Cs approximated to a depth of 1 m by combin-
ing the Harmonized World Soils Database (HWSD) (FAO and ISRIC, 2012) and
Northern Circumpolar Soil Carbon Database (NCSCD) (Hugelius et al., 2013),
where NCSCD was used where overlap occurs. Additional map plots are shown
for empirical Cs estimated by: the World Inventory of Soil property Estimates
(WISE30sec) (Batjes, 2016), the named ‘S2017’ from Sanderman et al. (2017),
the Global Soil Dataset for use in Earth System Models (GSDE) (Shangguan
et al., 2014), and the Global Gridded Surfaces of Selected Soil Characteristics
(IGBP-DIS) (IGBP, 2000).

(27.0+27
�11 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 years, 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 time of 23+7

�4, which 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 increase the
certainty on the values closer to the derived empirical mean value for ⌧s.

2.2.3.4 Soil moisture and air temperature

To estimate soil moisture (✓), the Copernicus Climate Change Service (C3S) ‘Soil
moisture gridded data from 1978 to present’ dataset (published 2018-10-25) was
used, where the years 1978 to 2000 are considered. This dataset is based on the
ESA Climate Change Initiative soil moisture, and estimates global surface soil
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Figure 2.2: Maps of empirical carbon flux datasets. Net Primary Productiv-
ity (NPP) is approximated using the MODIS NPP dataset (Zhao et al., 2005),
and Heterotrophic Respiration (Rh) is approximated using the CARDAMOM Rh

dataset (Bloom et al., 2015).

moisture from a large set of satellite sensors (Copernicus Climate Change Ser-
vice, 2021; Gruber et al., 2017; Dorigo et al., 2017; Liu et al., 2012; Wagner et al.,
2012; Liu et al., 2011). The WFDEI Meteorological Forcing dataset was used
to represent observational air temperatures (1995-2005) (Weedon et al., 2014),
where dates are chosen to allow for consistency between CMIP generations. This
chapter includes no uncertainty analysis on the soil moisture and air temperature
empirical datasets as these datasets are only used to evaluate spatial correla-
tions with modelled data and not to evaluate soil moisture and air temperature in
the models.

2.2.4 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 a 0.5� by 0.5� resolution, 720 longitude and 360 latitude grid.
The regridding was done using Iris - the community-driven Python package for
analysing and visualising Earth science data (Met Office, 2013). The regidding
method assumed conservation of mass and used linear extrapolation, where ex-
trapolation points will be calculated by extending the gradient of the closest two
points. Moreover, model land masks are used to calculate the fraction of land in
each coastal grid cell (CMIP variable sftlf ).
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2.2.5 Statistical analysis

It is difficult 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: coefficients of
variation, spatial standard deviations, spatial Pearson correlation coefficients and
Root Mean Square Errors (RMSEs). 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 coefficient of variation is defined as the ratio of the ensemble standard de-
viation (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 in specific regions. It
is presented as hatching on a map figure (Figure 2.6), where shaded ‘hatched’
regions show regions of high variability within the ensemble. These regions show
areas where there is disagreement in the ensemble as there is large spread com-
pared with the mean, and was defined as where std/mean > 0.75. The regions
where spatial Cs < 5 kg m�2 were discounted as the low values of soil carbon are
present in these regions.

The spatial standard deviation is a measure of the spread in the data across the
globe compared to the mean value. Pearson correlation coefficients (r-values)
were used as a spatial measure of the linear correlation between the empirical
and modelled data, where a high r-value (near 1 or -1) represents a high corre-
lation in the data and a low r-value (near 0) represents a negligible correlation.
RMSE were used as an absolute measure of the difference between 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-
ficients, and RMSEs, can be presented 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).
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2.3 Results

2.3.1 Soil carbon stocks

2.3.1.1 Global total evaluation

Global total soil carbon (in the top 1 m of soil) is shown to vary amongst the
ESMs in CMIP6, with a range of 1294 PgC between the models with the lowest
and highest values (Table 2.4). 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 (mean ± stand deviation). The
models with the largest global total soil carbon are CNRM-ESM2-1 (1810 PgC),
BCC-CSM2-MR (1770 PgC), and UKESM1-0-LL (1760 PgC), values greater than
the benchmark dataset but not the additional empirical datasets (Table 2.3). The
models GFDL-ESM4 (516 PgC) and IPSL-CM6A-LR (639 PgC) have the low-
est global total soil carbon values in the ensemble, with global totals significantly
lower (approximately 50% less) than the global totals seen in empirical data. It is
noted that, if the full soil carbon profile is considered for CESM2 and NorESM2-
LM opposed to a depth of 1 m, 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.

Both the CMIP5 and CMIP6 ensemble mean global totals fall within the bench-
mark uncertainty range (Tables 2.4 and 2.5). The ensemble mean global total
soil carbon is found to have decreased in CMIP6 from CMIP5 (1206 ± 445 PgC
vs. 1480 ± 810 PgC). However, a significant reduction is seen in the associ-
ated standard deviation of the ensemble mean global totals in CMIP6 compared
with CMIP5 (± 445 PgC in CMIP6 from ± 810 PgC in CMIP5) and a reduced
range of global total values (a range of 1294 PgC is seen in CMIP6 as opposed
to 2493 PgC in CMIP5). This suggests that, although a significant range in global
soil carbon still exists amongst the CMIP6 ESMs, there is an improved consis-
tency between the models seen in CMIP6 compared with the models in CMIP5,
although it is noted that this may be a factor of the selection of models included
in each ensemble rather than any change in process representation.

It is found from comparing the previous generation models in CMIP5 with the
updated CMIP6 equivalent that multiple models in CMIP6 have lower quanti-
ties 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,

59



with a global total of 3000 PgC (Table 2.5), 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 the observationally derived range
(Table 2.4). Conversely, these reductions are negated in the ensemble mean by
the remaining models, which have greater quantities of soil carbon in CMIP6 com-
pared with 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 car-
bon values presented in this ensemble at 538 PgC (Table 2.5), whereas the
updated CMIP6 model NorESM2-LM has an increased global total of 969 PgC
(down to 1 m) (Table 2.4).

2.3.1.2 Northern latitude total evaluation

Northern latitude soil carbon (down to a depth of 1 m and where northern latitudes
are defined as 60� N - 90� N) is found to be underestimated in CMIP6, with eight
out of the eleven CMIP6 models having lower northern latitude soil carbon val-
ues than the derived observational range (Table 2.4). A total of two of the 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 (mean ± stand 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 PgC),
GFDL-ESM4 (163 PgC), MPI-ESM1.2-LR (175 PgC), and UKESM1-0-LL (194
PgC), values significantly lower than the totals seen in empirical data.

The northern latitude soil carbon total was also under-estimated in CMIP5, with
six out of the ten CMIP5 models estimating northern latitude totals lower than the
empirical estimates (Table 2.5). The ensemble mean total northern latitude soil
carbon is lower in CMIP6 (266 ± 139 PgC seen in Table 2.4) than in CMIP5 (318 ±
246 PgC seen in Table 2.5), which is consistent with the global total results; how-
ever, 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 CMIP5, and there is a reduced range in simu-
lated northern latitude total values amongst the CMIP6 models, where despite a
large range seen (66 to 575 PgC), an even greater range is seen in CMIP5 (28.1
to 742 PgC). Moreover, improvements are seen amongst 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 significantly lower than what is expected
based on the benchmark dataset (Table 2.5). However, the updated CMIP6 ver-
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sion 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 (Ta-
ble 2.4). An improved representation of northern latitude soil carbon is also seen
in 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 al-
ways correspond to the lowest northern latitude values for soil carbon. For ex-
ample, 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 consistently with the benchmark soil carbon does not imply con-
sistency in the representation of northern latitude soil carbon stocks, and these
should be evaluated separately. However, the large uncertainties associated with
the empirical datasets for the northern latitudes are noted (Table 2.3).

2.3.1.3 Spatial evaluation

A lack of consistency in the simulation of soil carbon was found amongst the
CMIP5 models, which can be seen in Figure 2.3(a), where differences between
the empirical and modelled data is shown. Northern latitude soil carbon was
found to be underestimated in CMIP5, where areas of blue can be seen in the
northern latitudes of the CMIP5 soil carbon map in Figure 2.3(a). This under-
estimation of CMIP5 northern latitude soil carbon is accompanied by significant
overestimations seen in mid-latitude soil carbon. Specifically, 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 significant overestimations
are seen in HadGEM2-ES and IPSL-CM5A-LR (Figure 2.5). Systematic errors re-
main 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 CMIP6 soil carbon map in Figure 2.3(a), though regions of overestimations in
the northern latitudes are also seen amongst the CMIP6 models in BCC-CSM2-
MR, CESM2, CNRM-ESM2-1, and NorESM2-LM (Figure 2.4), but it is noted that
this representation might be more consistent with observations if a dataset in-
cluding deeper soil carbon stocks was considered. CMIP6 shows improvements
in the representation of mid-latitude soil carbon, where less of an overestimation
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Figure 2.3: Maps presenting the difference between the modelled and benchmark
data for the CMIP5 and CMIP6 ensembles, for: (a) Cs (kg m�2), (b) NPP (kg m�2

yr�1), and (c) ⌧s (yr).

is seen in CMIP6 compared with CMIP5 (Figure 2.3(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 (Figure 2.4).

Despite the differences seen in the spatial representation of soil carbon between
the individual models in CMIP6, the ensemble mean has more areas of agree-
ment within the ensemble compared with the ensemble mean in CMIP5. This can
be seen in Figure 2.6(a), where there is less hatching (where hatched shaded
areas represent regions of low agreement amongst the models in the ensemble,
see Methods) in the CMIP6 map compared with the CMIP5 map. Specifically,
ensemble mean Cs in CMIP6 has more areas of agreement in the mid-latitude
region compared with the CMIP5 ensemble mean, where significant areas of dis-
agreement are seen. This disagreement is likely due to the overestimation which
exists in some of the CMIP5 models (Figure 2.5). 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 measure of agreement within the ensemble,
and not between the models and empirical data.

The inconsistency of the simulation of spatial soil carbon in CMIP6 is further
evaluated using the spatial standard deviations, the spatial Pearson correlation
coefficients and RMSEs (see Methods), where the Taylor Diagram (Figure 2.7(a))
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Figure 2.4: Maps of the difference in soil carbon (Cs) between the historical sim-
ulation of each CMIP6 model and the benchmark data.

Figure 2.5: Maps of the difference in soil carbon (Cs) between the historical sim-
ulation of each CMIP5 model and the benchmark data.
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presents all three statistical assessments. The spatial standard deviation for soil
carbon is shown on the radial axis between standard x and y axes in Figure
2.7(a). The range of spatial standard deviations amongst the CMIP6 models
sees a slight reduction from the range amongst the CMIP5 models, though sig-
nificant 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 2.4 and 2.5). It is found that the spatial representa-
tion of modelled soil carbon in CMIP6 is poorly correlated to the empirical soil
carbon, where the CMIP6 ensemble spatial correlation coefficient with the empir-
ical data is found to be 0.250. The spatial correlation coefficients between the
individual CMIP6 and CMIP5 models with the empirical data can also be seen
in Figure 2.7(a), where the low spatial correlation coefficients are shown by the
curved correlation axis. The lowest spatial correlation coefficients amongst the
CMIP6 models were r-values of 0.104 in IPSL-CM6A-LR and 0.115 in UKESM1-
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 (Figure 2.8(a)). Significant 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 coefficients and
variable RMSEs seen across the models in CMIP6 suggest inconsistencies with
the benchmark data remain.

2.3.2 Net Primary Productivity

2.3.2.1 Global total evaluation

Global total NPP amongst the CMIP6 models appears to be consistent with the
benchmark dataset (Table 2.6), where the CMIP6 ensemble mean for NPP is ap-
proximately 95% of the benchmark mean. The CMIP6 ensemble mean global
total NPP (53.0 ± 9.39 PgC yr�1) is found to be slightly lower than the derived
mean benchmark value, however it is comfortably within the observational uncer-
tainty range (56.6 ± 14.3 PgC yr�1). The equivalent values for the CMIP5 models
can be seen in Table 2.7, where the CMIP5 ensemble total is also found to be
within the observational uncertainty range (56.3 ± 15.4 PgC yr�1).

The standard deviation surrounding the CMIP5 ensemble mean is greater than
in CMIP6. This reduced standard deviation in CMIP6 is because several of the
models have a simulated global total NPP that more closely matches the bench-
mark NPP global total value compared with the previous CMIP5 generation. For
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Figure 2.7: Taylor diagrams showing the spatial standard deviation (shown by
the radial axis between standard x and y axes), the Pearson correlation coeffi-
cients (shown by the curved correlation axis), and the RMSE (show by the grey
contours), for the ESMs in both CMIP5 and CMIP6 compared to the benchmark
datasets, for (a) soil carbon (Cs), (b) NPP, and (c) soil carbon turnover time (⌧s).

Figure 2.8: Bar charts comparing the Root Mean Squared Errors (RMSEs) in
CMIP6 and CMIP5, for (a) soil carbon (Cs), (b) NPP, and (c) soil carbon turnover
time (⌧s).
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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 reduc-
tion in NPP from the CMIP5 equivalent model, which in general reduces the over-
estimation of NPP that was seen in the CMIP5 models (Table 2.7 and 2.6). How-
ever, is was not the case for CanESM5 from CanESM2 which sees an increase in
the magnitude of NPP from CMIP5 to CMIP6, resulting in a consequent overes-
timation 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 PgC yr�1 in CMIP5 to 32.7 PgC yr�1 in CMIP6. These results suggest
that overall the representation of carbon fluxes in CMIP6 ESMs is more consistent
than in CMIP5.

Table 2.6: Table presenting global carbon fluxes and turnover time values for the
11 CMIP6 models included in this chapter and the benchmark datasets. Includ-
ing: global total NPP (PgC yr�1), global total Rh (PgC yr�1) and effective average
soil carbon turnover time (yr).

Earth System Model NPP (PgC yr�1) Rh (PgC yr�1) ⌧s (yr)

ACCESS-ESM1.5 45.6 45.1 19.0

BCC-CSM2-MR 51.2 48.9 34.1

CanESM5 75.5 75.0 18.1

CESM2 (cSoilAbove1m) 43.9 38.3 25.8

CESM2 (cSoil) - - 50.4

CNRM-ESM2-1 45.6 40.3 41.5

GFDL-ESM4 52.6 43.7 11.2

IPSL-CM6A-LR 46.4 39.9 14.6

MIROC-ES2L 59.1 52.7 24.5

MPI-ESM1.2-LR 58.9 53.4 15.4

NorESM2-LM (cSoilAbove1m) 43.5 38.2 24.0

NorESM2-LM (cSoil) - - 60.8

UKESM1-0-LL 60.8 57.5 28.1

Ensemble mean 53.0 ± 9.39 48.4 ± 10.5 23.3 ± 8.59

Benchmark datasets 56.6 ± 14.3 51.7 ± 21.8 27.0+27
�11
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Table 2.7: Table presenting global carbon fluxes and turnover time values for the
10 CMIP5 models included in this chapter and the benchmark datasets. Includ-
ing: global total NPP (PgC yr�1), global total Rh (PgC yr�1) and effective average
soil carbon turnover time (yr).

Earth System Model NPP (PgC yr�1) Rh (PgC yr�1) ⌧s (yr)

BNU-ESM 44.3 42.5 16.6

CCSM4 42.9 41.4 14.3

CanESM2 59.0 58.8 72.9

GFDL-ESM2G 74.4 62.7 57.3

GISS-E2-R 31.0 39.5 47.1

HadGEM2-ES 69.1 67.0 16.8

IPSL-CM5A-LR 76.6 62.4 19.4

MIROC-ESM 47.1 41.2 56.8

MPI-ESM-LR 73.5 59.9 42.7

NorESM1-M 45.0 41.3 34.5

Ensemble mean 56.3 ± 15.4 52.8 ± 10.7 37.8 ± 19.7

Benchmark datasets 56.6 ± 14.3 51.7 ± 21.8 27.0+27
�11

2.3.2.2 Spatial evaluation

Modelled NPP in CMIP6 is spatially more consistent with empirical data than
CMIP5. This can be seen in Figure 2.3(b), where the difference between the
modelled and benchmark NPP is shown for both CMIP5 and CMIP6. It can
be seen in the CMIP5 map that NPP is overestimated in the tropical regions,
specifically in Africa and South East Asia, and the equivalent CMIP6 difference
map shows a clear reduction in this overestimation. This tropical overestima-
tion of NPP prominent in CMIP5 (Figure 2.10), is still seen in the CMIP6 mod-
els CanESM5, MPI-ESM1.2-LR and UKESM1-0-LL. However, this is not seen in
the CMIP6 ensemble mean as it is likely negated by underestimations seen in
CESM2, CNRM-ESM2-1, and NorESM2-LM (Figure 2.9). CMIP6 also sees more
consistency with the benchmark dataset in the northern and mid-latitudes com-
pared with CMIP5, where more white areas are seen in the CMIP6 map in Figure
2.3(b). An underestimation 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 (Figure 2.2). Moreover, greater agreement amongst the
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Figure 2.9: Maps of the difference in Net Primary Productivity (NPP) between the
historical simulation of each CMIP6 model and the benchmark dataset.

models within CMIP6 is seen compared with the models in CMIP5. This can be
seen in Figure 2.6(b), where less hatching representing areas of disagreement
within the ensemble is seen in the CMIP6 compared with CMIP5. Specifically,
CMIP6 sees less hatching in the northern latitudes, the Middle East and South
East Europe, as well as regions in South America, South Africa and Australia.

The improved empirical consistency of modelled NPP in CMIP6 is also found
when further evaluated using the same spatial metrics as with soil carbon. De-
spite a small range remaining in the spatial standard deviations amongst the
CMIP6 models (shown by the radial axis in Figure 2.7(b)), robust improvements in
the spatial correlation coefficients (shown by the curved axis in Figure 2.7(b)) and
RMSEs are seen across the ensemble compared with CMIP5 (Figure 2.8(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 coefficients
is seen across all the CMIP6 models, where the circle markers (CMIP6 models)
in Figure 2.7(b), have higher correlation values than the cross markers (CMIP5
models). The general improvement has resulted in the CMIP6 ensemble correla-
tion coefficient (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), how-
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Figure 2.10: Maps of the difference in Net Primary Productivity (NPP) between
the historical simulation of each CMIP5 model and the benchmark dataset.

ever an improvement in the correlation is seen. The updated version of the GISS
model is not included in the CMIP6 ensemble considered in this chapter, which
could be a reason for the increased ensemble mean correlation. However, this ef-
fect does not 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 equiva-
lents 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).

2.3.3 Soil carbon turnover time

2.3.3.1 Global evaluation

There are minor improvements suggested in the simulated effective global ⌧s
amongst select CMIP6 models (Table 2.6) compared with CMIP5 (Table 2.7). The
ensemble mean effective global ⌧s was overestimated in CMIP5 (37.8 ± 19.7 yr)
when compared with the derived mean ⌧s using the benchmark datasets (27.0+27

�11

yr), which is reduced to a less significant underestimation in CMIP6 (23.3 ± 8.59
yr). Though both the CMIP5 and CMIP6 estimates fall within the observational
uncertainty range. The associated ensemble spread on effective mean ⌧s is less
in CMIP6 compared with CMIP5, with a ensemble standard deviation of approx-
imately 50% less. A significant range is seen in the effective global ⌧s values
amongst the CMIP5 models, with 5 fold difference between the lowest and the
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highest values (Table 2.7). This range is mostly due to large overestimations
seen amongst the CMIP5 models, for example in CanESM2, GFDL-ESM2G and
MIROC-ESM. A reduced range is seen in amongst the models in CMIP6, how-
ever a 4 fold range still exists between the lowest and the highest values (Table
2.6). This reduced range is partly due to reductions in the effective global ⌧s val-
ues in CMIP6 models compared to the equivalent model in CMIP5, specifically,
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-ESM2-1, where the slowest effective
turnover time was seen. Moreover, the range is also reduced due to improve-
ments seen in models which underestimated ⌧s in CMIP5, such as UKESM1-0-LL
from HadGEM2-ES and CESM2 from CCSM4.

2.3.3.2 Spatial evaluation

The comparison of spatial soil carbon turnover times (⌧s) in CMIP6 with CMIP5
has more varied results than comparing simulated NPP. The CMIP5 ensemble
showed an underestimation of ⌧s in the northern latitudes, which is replaced with
an overestimation of ⌧s in CMIP6 when compared with the benchmark data (Fig-
ure 2.3(c)). This northern latitude overestimation in the CMIP6 ensemble is a
result of the overestimations of ⌧s in CESM2 and NorESM2-LM (Figure 2.11),
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 un-
derestimation of ⌧s 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 (Figure 2.11). An overestimation of mid-latitude ⌧s was seen
in the CMIP5 models MIROC-ESM and MPI-ESM-LR (Figure 2.12), which is no
longer seen in the updated CMIP6 models MIROC-ES2L and MPI-ESM1-2-LR,
respectively. However, an overestimation of mid-latitude ⌧s is seen in CMIP6 mod-
els BCC-CSM2-MR, CNRM-ESM2-1 and UKESM1-0-LL (Figure 2.11). The un-
certainty in simulated northern latitude ⌧s is also apparent in Figure 2.6(c), where
the hatching shows the lack of agreement within the CMIP6 ensemble in this re-
gion. However, more agreement within the CMIP6 ensemble is seen in the same
figure in the mid-latitudes and tropical regions compared with CMIP5.

The simulation of spatial ⌧s in CMIP6 is further evaluated against the empirical
data with the additional statistical metrics. Modelled ⌧s is found to be poorly spa-
tially correlated to empirical ⌧s in both the CMIP5 and CMIP6 models (shown by
the curved axis in Figure 2.7(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
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Figure 2.11: Maps of the difference in soil carbon turnover time (⌧s) between the
historical simulation of each CMIP6 model and the benchmark datasets.

Figure 2.12: Maps of the difference in soil carbon turnover time (⌧s) between the
historical simulation of each CMIP5 model and the benchmark datasets.
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CCSM4, MPI-ESM1.2-LR from MPI-ESM-LR, and NorESM2-LM from NorESM1-
M. However, the consistency of modelled ⌧s with the benchmark datasets remains
low. A particularly large range is seen in the spatial standard deviations of ⌧s
amongst the CMIP6 models, which is an increased range from CMIP5 (shown by
the radial axis in Figure 2.7(c)). The CMIP6 models with the most extreme over-
estimations of the spatial standard deviations compared with the derived bench-
mark value (NorESM2-LM, CESM2, and ACCESS-ESM1.5), are also found to
have large RMSEs (Figure 2.8(c)). Amongst the remaining CMIP6 models, the
RMSEs for modelled ⌧s remain relatively consistent between CMIP5 and CMIP6.

2.3.4 Drivers of soil carbon spatial patterns

2.3.4.1 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 and NPP (Cs-NPP) are found to
be significantly correlated in the models in both CMIP5 and CMIP6. The Cs-NPP
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 (Figure 2.13(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 bench-
mark datasets. The Cs-⌧s spatial correlations found in the CMIP6 models tend
to underestimate the positive correlation seen in the benchmark datasets (Figure
2.13(a)). The majority of CMIP6 models see a negligible or slightly negative Cs-
⌧s spatial correlation, despite a low positive correlation produced by the bench-
mark datasets. The models BCC-CSM2-MR, MIROC-ES2L, and NorESM2-LM
are most consistent with the benchmark Cs-⌧s correlation.

The modelled NPP to temperature (NPP-T) spatial correlations in CMIP6 are
consistent with the positive relationship seen in the benchmark datasets, how-
ever the magnitude of this positive correlation varies amongst the models (Figure
2.13(b)). The magnitude of the positive NPP-T correlation is underestimated in
CanESM5, GFDL-ESM4, and NorESM2-LM, but is otherwise relatively consistent
amongst the CMIP6 models. Nonetheless, a much greater range in the modelled
NPP-T correlations is seen amongst the CMIP5 models, suggesting an improved
representation of this relationship in CMIP6. The variation in modelled NPP-✓ cor-
relations remains in CMIP6, with models disagreeing in the sign and magnitude
of the correlation of NPP to soil moisture. The modelled NPP-✓ correlation is the
most consistent with the benchmark correlations in GFDL-ESM4, MPI-ESM1.2-
LR and UKESM1-0-LL (Figure 2.13(b)).
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Figure 2.13: Scatter plots investigating the relationships between different Pear-
son correlation coefficients of climate variables, (a) Cs-⌧s against Cs-NPP, (b)
NPP-T against NPP-✓, (c) ⌧s-T against ⌧s-✓.

It is generally agreed across the models in CMIP6 and CMIP5 that ⌧s and temper-
ature (T) are negatively correlated, with the exception of MPI-ESM1.2-LR where
a slight positive correlation is seen (Figure 2.13(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 signifi-
cant overestimation seen in CanESM5. A negative correlation is also seen in the
⌧s-✓ correlation 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 (Figure 2.13(c)). The ex-
ception is again MPI-ESM1.2-LR, which in this case is the model most consistent
with the benchmark ⌧s-✓ correlation.

2.3.4.2 Regional drivers

The spatial correlations of modelled Cs-NPP are shown to be overestimated at
every latitude in both CMIP6 and CMIP5, compared with the equivalent corre-
lations derived from the empirical datasets. It can be seen that the CMIP6 en-
semble mean Cs-NPP correlation has an even larger positive bias compared with
the benchmark correlation than in CMIP5. The empirical data sees a reduced
Cs-NPP correlation in the northern latitudes, whereas a slight but less significant
reduction is seen in the models (Figure 2.14(a)). The spatial correlation between
Cs-⌧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 (Figure 2.14(b)). The CMIP6 models sim-
ulate the negligible Cs-⌧s seen in the mid-latitudes relatively consistently with the
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Figure 2.14: The latitudinal profiles of the Pearson correlation coefficients be-
tween soil carbon and (a) NPP (Cs-NPP), (b) soil carbon turnover time (Cs-⌧s), (c)
soil moisture (Cs-✓), and (d) temperature (Cs-T).

benchmark data, where an improved consistency is seen from CMIP5. However,
the CMIP6 models do not simulate the tropical and northern latitude positive Cs-
⌧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 correlation Cs-⌧s is seen (Figure 2.14(b)).

The spatial correlation between modelled soil carbon and soil moisture (Cs-✓) 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 (Figure 2.14(c)). Both the CMIP5 and CMIP6 ensembles span the
benchmark Cs-✓ correlation, though large model ranges in the Cs-✓ sensitivity are
seen across all latitudes. However, there is a reduced ensemble uncertainty in
the Cs-✓ correlation from CMIP5 to CMIP6 in low and mid latitudes. An over-
estimation of the negative Cs-T correlation seen in the benchmark datasets is
present in both the CMIP5 and CMIP6 models, except the high latitudes (Fig-
ure 2.14(d)). This modelled Cs-T correlation is particularly underestimated in the
lower tropical latitudes, where a greater positive correlation is seen here in the
benchmark datasets. Figure 2.14(d) suggests a slight improvement in the mod-
elled tropical Cs-T correlation in CMIP6, and a worsening of modelled Cs-T in the
high latitudes than in CMIP5, when compared with the Cs-T correlations in the
benchmark datasets.
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2.4 Discussion

2.4.1 Soil carbon stocks

2.4.1.1 Global total soil carbon

Simulating global soil carbon stocks that are consistent with empirical data is re-
quired to produce reliable projections of future soil carbon storage and emission
(Todd-Brown et al., 2013). This study deduces a CMIP6 ensemble mean global
total soil carbon of 1206 ± 445 PgC (Table 2.4), using regridded model resolutions
(see Methods). It is noted that Ito and Oikawa (2002) states a CMIP6 ensemble
of 1553 ± 672 PgC; however, the full soil carbon profile is considered for CESM2
and NorESM2-LM, as opposed to a depth of 1 m considered in this study. Ad-
ditionally, this study deduces a comparable CMIP5 ensemble mean global soil
carbon value of 1480± 810 PgC (Table 2.5) using equivalent dates in the histor-
ical simulation (1950–2000). Todd-Brown et al. (2013) state an ensemble mean
soil carbon value of 1520 ± 770 PgC in CMIP5; however, the Todd-Brown et al.
(2013) study includes the models BCC-CSM1.1, CESM1-CAM5, and INM-CM4,
which are missing from the analysis in this study due to data availability. Anav
et al. (2013) present a CMIP5 ensemble mean soil carbon value of 1502 ± 798
PgC, but this calculation includes multiple model versions (for example, LR and
MR) from the same modelling centre in their ensemble. A caveat of this evaluation
study is the non-independent nature of CMIP ESMs, where for example CESM2
and NorESM2-LM share the same Land Surface Model (LSM). Additionally, the
ensembles included here do not necessarily represent all models that exist within
each CMIP generation. However, the evaluation completed here allows for gen-
eral improvements in the simulation of soil carbon stocks and fluxes between the
CMIP5 and CMIP6 generations to be noted and key areas for future model devel-
opment to be highlighted.

Despite a suggestion of a reduced spread in model estimates of global total soil
carbon within CMIP6 relative to CMIP5, discrepancies remain in the consistency
of these estimates with the observations between the two CMIP generations. It
should also be noted that CMIP6 does not simply contain updated versions of
every model in CMIP5: some new models are included and some CMIP5 models
not included in CMIP6. These factors together with the uncertainty associated
with empirical datasets have resulted in no robust conclusion being drawn on the
improvement of soil carbon simulation in CMIP6 compared with CMIP5. Due to
the potential significant feedback that exists between soil carbon and global cli-
mate, this lack of consistency reduces our confidence in future projections of cli-
mate change (Friedlingstein et al., 2006; Gregory et al., 2009; Arora et al., 2013;
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Friedlingstein et al., 2014).

2.4.1.2 Spatial soil carbon patterns

Modelled soil carbon was found to be poorly spatially correlated with the empirical
data amongst models in both CMIP5 and CMIP6 (Figure 2.7(a)). An improvement
in CMIP6 ESMs was seen in the spatial patterns across the mid-latitudes, which
were generally overestimated in CMIP5. However, significant underestimations of
modelled soil carbon in the northern latitudes still remain, which have a significant
impact on model predictions of global total soil carbon stocks (Figure 2.3(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 whether the global soil carbon stocks are underestimated.

However, an exception to this northern latitude underestimation is seen within
CMIP6 in the models CESM2 and NorESM2-LM. These ESMs include the land
surface model (LSM) CLM5 (Lawrence et al., 2019), which is the first LSM to
include the representation of vertically resolved soil carbon in their CMIP simula-
tions. This representation enables the inclusion of separate carbon pools at vary-
ing depths in the soil, which aims to more consistently simulate soil carbon with
the real world (Koven et al., 2013). This is of particular importance in the north-
ern latitudes, where carbon stocks are expected to exist at much greater depths
than the 1 m considered in this study (Tarnocai et al., 2009; Ran et al., 2021).
This can be seen in Table 2.3, 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 both 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 car-
bon stocks (below 1 m) 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 per-
mafrost, which is known to be particularly sensitive to climate change. Permafrost
thaw under climate change has the potential to release significant amounts of
carbon into the atmosphere over a short period of time with increased warm-
ing (Schuur et al., 2015; Zimov et al., 2006; Burke et al., 2017; Hugelius et al.,
2020), representing a significant feedback within the climate system. Permafrost
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dynamics are generally poorly represented in ESMs, where Burke et al. (2020)
found CMIP6 ESMs to have a similar representation compared with CMIP5. Un-
derestimating soil carbon in the northern latitudes may result in underestimating
the impact of this feedback in future climate change projections. Future improve-
ments are needed to improve the simulation of soil carbon stocks globally, but
particularly within the northern latitudes.

2.4.2 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 can be disaggregated into the effects of litterfall, which is well approxi-
mated by plant Net Primary Productivity (NPP), and effective soil carbon turnover
time (⌧s), 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 con-
sistent with empirical data, the spatial drivers of soil carbon, NPP and ⌧s, must
also be simulated consistently with empirical data. Isolating the effects of NPP
and ⌧s on soil carbon helps us to break down the simulation of soil carbon to help
understand the limitations and inconsistencies seen amongst the models.

2.4.2.1 NPP

An improved simulation of NPP is suggested in the ESMs included from CMIP6,
compared with the ESMs from CMIP5. This conclusion is suggested by: an in-
creased number of models in our CMIP6 ensemble have global total NPP val-
ues consistent with empirical data (Table 2.6), the overestimation of tropical NPP
amongst CMIP5 models is seen to be reduced amongst the CMIP6 models (Fig-
ure 2.3(b)), and more agreement is seen within CMIP6 relative to CMIP5 in the
simulation of mid and northern latitude NPP (Figure 2.6(b)). Modelled NPP was
found to be robustly more consistent with the empirical data in our CMIP6 en-
semble compared with the CMIP5 ensemble 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 high-
lighted in Figure 2.8 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 improve-
ments in the simulation of NPP, suggesting NPP is more constrained by obser-
vations in the newest generation of models. CanESM5 is the only ESM within
CMIP6 included here to 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 overes-
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timated NPP and improve consistency with the observations (Zhang et al., 2014;
Exbrayat et al., 2013a).

Despite this apparent improved simulation of NPP in CMIP6, the spatial corre-
lation between modelled soil carbon and 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 re-
sults found here. The majority of CMIP6 models were found to have positive
Cs-NPP spatial correlations, opposed to a negligible spatial correlation found in
the observations (Figure 2.13(a)). Despite NPP driving the spatial pattern of soil
carbon stocks due to carbon input from vegetation, a positive correlation was not
expected in the real world 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 lower due to cold temperatures in these regions limiting
vegetation growth. The three CMIP6 models which did not significantly overesti-
mate 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 projec-
tions 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 (Todd-Brown et al., 2013; Friedlingstein et al., 2022).

2.4.2.2 Soil carbon turnover time

The systematic improvements suggested from the evaluation of NPP simulation
within our CMIP6 ensemble are not suggested for the simulation of ⌧s, where the
simulation of ⌧s appears to remain inconsistent with the empirical data in CMIP6
from CMIP5. Improvements are suggested 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 (Figure 2.6(c)). Northern
latitude ⌧s is generally underestimated in models, which corresponds to the un-
derestimation of soil carbon seen in these regions. This has been previously iden-
tified in ESMs, where it was found that the underestimation of global ⌧s amongst
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 long ⌧s values existing
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in the northern latitudes of CESM2 and NorESM2-LM, alongside the general en-
semble underestimations (Figure 2.11). The increased northern latitude ⌧s values
in CESM2 and NorESM2-LM are likely to be due to the representation of verti-
cally resolved soil carbon pools, which allows for differential ⌧s values for pools at
varying depths. Despite these individual improvements since CMIP5, large dis-
crepancies exist within the CMIP6 ensemble between modelled and empirical ⌧s.

To simulate ⌧s consistently with observations, the relationship of ⌧s to both tem-
perature (T) and moisture (✓) must also be simulated in a way that is consistent
with observations. Generally, the ⌧s-T relationship is consistently simulated, how-
ever there is variation in the modelled temperature sensitivity of ⌧s across the
ensemble. The ⌧s-✓ relationship is less consistently represented, where the ma-
jority of CMIP6 models do not match the empirically derived relationship. Despite
a positive dependence of soil respiration on soil moisture in the empirical data,
many of the CMIP6 models display a contradictory positive ⌧s-✓ correlation (Fig-
ure 2.13). Many of the models use functions that increase respiration with soil
moisture (see Section 2.2.1) so the increase of ⌧s with increasing soil moisture
indicated by positive ⌧s-✓ correlations in the models is unexpected. It is noted that
this effect occurs most strongly in the models with a very strongly negative ⌧s-T
relationship (Figure 2.13(c)), so it could in fact be an artefact of a negative corre-
lation between temperature and soil moisture. In this context it is also important
to consider what soil moisture in LSMs represents (Koster et al., 2009). The aim
within models is to act as the lower boundary condition for atmospheric models,
therefore their soil parameters may historically have been tuned to give appropri-
ate evaporation rates and not necessarily to represent the soil moisture itself in
an accurate way, so it may be more relevant to consider the large-scale emergent
patterns of ⌧s than the direct relationships between soil moisture and respiration.
It is noted that the empirical relationship shows ⌧s reducing with higher soil mois-
ture, which suggests that the observations are picking up more on longer turnover
times in dry areas rather than in saturated areas such as peatlands. This may be
due to having only surface soil moisture information, whereas peatlands, while
saturated at depth, typically have a water table ⇠10 cm below the surface and
can be very dry at the surface (Evans et al., 2021). Thus while models do not
include the necessary processes for peat formation (Chadburn et al., 2022), this
is unlikely to be the cause of the discrepancy since it would lead to even more of
a positive ⌧s-✓ correlation in the models.

Different processes control soil carbon formation in different ecosystems, includ-
ing stabilisation by clay particles, transformation by microbes, nitrogen and phos-
phorous availability, etc. (Witzgall et al., 2021). In the present study, the largest
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discrepancies in both soil carbon and turnover times are seen in permafrost and
peatland areas (see Figure 2.4 and Figure 2.11). For example, the west Siberian
peatland complex stands out on the majority of the panels in these figures as an
area of high model error. This is partly because the soil carbon turnover times
and quantities of soil carbon are largest in these regions, but also partly due to the
specific controlling processes in these ecosystems. A key part of soil carbon de-
velopment in permafrost regions is the fact that organic material can be preserved
in frozen soil, including via cryoturbation and yedoma deposits, which have not
yet been thoroughly represented in models (Beer, 2016; Zhu et al., 2016). There
are a variety of other factors, such as plants storing significantly more of their
carbon below-ground instead of above-ground in cold climates, and recalcitrant
vegetation such as mosses, which are not represented in most ESMs (Sulman
et al., 2021). Peatland formation is controlled primarily by waterlogging, which re-
duces oxygen available for decomposition, but there are a huge number of addi-
tional physical and biogeochemical feedbacks that take place (Waddington et al.,
2015). These kinds of small-scale processes and inhomogeneities are difficult to
resolve in global models with ⇠100 km�2 grid cells, and this should be weighed
up against their relative impact on global carbon budgets when considering in-
cluding these processes in ESMs. However, it is suggested that the large-scale
discrepancies such as in the permafrost and large peatland areas can and should
be resolved in future model versions.

The results found here suggest much of the uncertainty associated with modelled
soil carbon stocks can be attributed to the simulation of below-ground processes.
The apparent improved consistency of NPP with empirical data suggests consid-
erable efforts have been made to achieve an improved representation of above-
ground processes in CMIP6 ESMs since the release of the CMIP5 ensemble.
However, the same improvements are not apparent in the simulation of ⌧s as sys-
temic limitations remain in the new generation of ESMs considered in this study,
suggesting the same progress on the model development of below-ground pro-
cesses has not been achieved between CMIP5 and CMIP6. Moreover, focus on
above-ground processes 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 Figure 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
identified for the CMIP5 ensemble (Nishina et al., 2014), and more recently, Ito
et al. (2020) find that the difference in turnover times amongst the CMIP6 models
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is responsible for approximately 88% of the variation seen in global soil carbon
stocks amongst the models and state that constraining key parameters which con-
trol 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 Janssens, 2006). Overall, further improvements in the representa-
tion of soil carbon turnover time, with a particular focus on the northern latitudes,
is identified as a key area for future model development.

2.5 Conclusions

The ability of Earth System Models (ESMs) to simulate present-day soil carbon
(Cs) is vital to help produce reliable long term projections of climate change. In
this chapter the most up-to-date ESMs, which are part of the CMIP6 ensemble,
have been evaluated against empirical datasets to assess their ability to repre-
sent Cs and related controls: Net Primary Productivity (NPP) and the effective soil
carbon turnover time (⌧s = Cs/Rh). The evaluation is completed by comparison
with the previous generation of CMIP5 ESMs, to assess where improvements
have been made and to identify priorities for future model development. Below
the key conclusions from this chapter are listed:

1. The spatial patterns of soil carbon in CMIP6 models appear to be more in
agreement with each other than they were in CMIP5 and are more con-
sistent with observations in the mid-latitudes, although caveats around the
uncertainty in observations and the ensemble design make this conclusion
uncertain. However, soil carbon is still heavily underestimated in high north-
ern latitudes (with the exception of two CMIP6 models that represent deep
soil carbon).

2. Overall no significant improvements are suggested in the simulation of the
observed spatial pattern of Cs across the globe from the CMIP5 to the
CMIP6 generation.

3. There is good evidence that spatial patterns of contemporary NPP are better
simulated in CMIP6 than in CMIP5 generation models, when compared to
satellite-derived estimates.
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4. However, spatial patterns of ⌧s continue to be poorly represented in CMIP6
models, in comparison to estimates derived from observational datasets of
soil carbon and heterotrophic respiration (Rh).

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.

Taken together, these conclusions point to a need for a much greater emphasis on
improving the representation of below-ground soil processes in next generation
(CMIP7) of ESMs. In the next chapter, the future trajectories of Cs in these CMIP
models will be analysed, to investigate the uncertainties associated with the future
soil carbon response to climate change.
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Chapter 3

Projections of soil carbon in CMIP6

Shared Socioeconomic Pathways

Abstract

As discussed in Chapter 1, the overall response of soil carbon to human-induced
climate change is uncertain due to competing soil carbon driven feedbacks. In
Chapter 2, present day simulations of soil carbon within ESMs were evaluated
against observational datasets. In this chapter, projections of future changes
to soil carbon storage during the 21st century are investigated in CMIP6 ESMs,
with comparisons to CMIP5 ESMs, to assess the uncertainty of the soil carbon
induced feedback to climate change. This chapter includes a breakdown into
contributions from changes in Net Primary Productivity (NPP) and soil carbon
turnover time (⌧s).

3.1 Introduction

The global response of soil carbon presents one of the greatest uncertainties in
determining the overall response of land carbon storage to CO2-induced climate
change (Bradford et al., 2016; Nishina et al., 2015). Global soils represent
the largest store of terrestrial carbon in the Earth’s climate system (Canadell
et al., 2021; Ciais et al., 2013; Jobbágy and Jackson, 2000), and the carbon
fluxes involved in the exchange of CO2 between the soil and atmosphere are
sensitive to changes in climate. However, the overall effect of climate change
on soil carbon is not very well constrained due to competing soil carbon driven
feedbacks (Arora et al., 2020; Todd-Brown et al., 2014).

Soil carbon driven feedbacks to climate change include the negative CO2

fertilisation feedback, which results from increased carbon inputs from increased
Net Primary Productivity (NPP, ⇧N ) (Schimel et al., 2015), and the positive
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climate feedback due to increased carbon losses via heterotrophic respiration
and reduced soil carbon turnover time (⌧s) (Crowther et al., 2016). The balance
between these effects will determine the future response of soil carbon stocks
under a changing climate (Todd-Brown et al., 2014; Friedlingstein et al., 2003).
During the 20th century, the Earth’s terrestrial surface has been a carbon sink
which results in the land surface providing a negative feedback to climate
change (Canadell et al., 2021; Ciais et al., 2013; Cox et al., 2000). However,
to understand the long term potential terrestrial carbon storage, the response
of global soil carbon to climate change must be quantified (Friedlingstein et al.,
2020).

Earth System Models (ESMs) are used to predict changes to soil carbon
stocks and to help quantify the feedback to climate change. Previously, analysis
has been completed using ESMs from the Coupled Model Intercomparison
Project phase 5 (CMIP5) (Taylor et al., 2012), for which Todd-Brown et al. (2014)
found variations in ESM projections of 21st century changes in soil carbon, NPP
and ⌧s. In this study, projections of future soil carbon change (�Cs) are analysed
in the next phase of CMIP ESMs, known as CMIP6, with the aim to evaluate
estimates of �Cs during the 21st century and to make comparisons with the
previous generation of CMIP5 ESMs. Additionally, the input and output carbon
fluxes to and from the soil (which are controlled by NPP and ⌧s) are considered,
along with how they contribute to overall soil carbon changes.

3.2 Methods

3.2.1 Earth system models

This chapter uses output data from ten CMIP6 ESMs (Eyring et al., 2016;
Meehl et al., 2014). The CMIP6 ESMs included in this study are: ACCESS-
ESM1-5, BCC-CSM2-MR, CanESM5, CESM2, CNRM-ESM2-1, IPSL-CM6A-LR,
MIROC-ES2L, MPI-ESM1-2-LR, NorESM2-LM, and UKESM1-0-LL. Additionally,
output data from nine CMIP5 ESMs is used to allow for comparison between
the CMIP generations (Taylor et al., 2012). The CMIP5 ESMs included in this
chapter are: BNU-ESM, CanESM2, GFDL-ESM2G, GISS-E2-R, HadGEM2-ES,
IPSL-CM5A-LR, MIROC-ESM, MPI-ESM-LR, and NorESM1-M. The ESMs
included were chosen due to the availability of the data required for the analysis
presented below (CMIP6: https://esgf-node.llnl.gov/search/cmip6/ and CMIP5:
(https://esgf-node.llnl.gov/search/cmip5/).

Information about the ESMs, including the Land Surface Model (LSM) com-
ponent, are presented for both the CMIP6 and CMIP5 models in Tables 2.1
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and 2.2 in Chapter 2. It was noted in Chapter 2 that the modelled responses
of soil decomposition to climate remained similar between CMIP6 and CMIP5
(Todd-Brown et al., 2013). The sensitivity of decomposition to temperature within
CMIP6 ESMs is represented variously by the Q10 equation, the Arrhenius equa-
tion, ‘hill’ functions (defined to increase to an optimal point and then decrease) or
some linear approximation of these functions. Similarly, the representation of the
sensitivity of decomposition to moisture in CMIP6 ESMs is by a monotonically
increasing function or by ‘hill’ functions of various sorts (Todd-Brown et al., 2014).
A key change highlighted in CMIP6 ESMs from CMIP5 ESMs is the inclusion
of an interactive nitrogen cycle, which is much more commonly included in
CMIP6 compared with CMIP5. For example, the following CMIP6 models include
nitrogen limitations: ACCESS-ESM1.5, CESM2, MIROC-ES2L, MPI-ESM1.2-LR,
NorESM2-LM and UKESM1-0-LL, whereas NorESM1-M is the only CMIP5
model included in this study which simulates this process. An additional update
in CMIP6 is the representation of vertically resolved soil carbon in CESM2 and
NorESM2-LM (Lawrence et al., 2019).

Using ESM output variables, soil carbon (Cs) is defined as the sum of car-
bon stored in soils and the carbon stored in the vegetation litter (CMIP variable
cSoil + CMIP variable cLitter ). This allows for a more consistent comparison
between the models due to differences in how soil carbon and litter carbon are
defined (Arora et al., 2020; Todd-Brown et al., 2013). For models that do not
report a separate litter carbon pool (cLitter ), soil carbon is taken to be simply
the cSoil variable. Spatial Cs is given in units of kg m�2, and global total Cs are
given in units of PgC, which are calculated using an area weighted sum (using
the model land surface fraction, CMIP variable sftlf ).

⌧s =
Cs

Rh
(3.1)

Additionally, ESM output variables were used to define the soil carbon driven
climate 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 flux to the system.
Heterotrophic Respiration (Rh, CMIP variable rh) is defined as the microbial
respiration within global soils, and was used to define an effective global soil
carbon turnover time (⌧s), see Equation 3.1. ⌧s is defined as the ratio of mean soil
carbon to mean heterotrophic respiration (where the mean represents an area
weighted global average). Carbon fluxes (NPP and Rh) are considered as area
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weighted global totals in units of PgC yr�1, and therefore effective ⌧s has units of
yr�1.

3.2.2 Future climate scenarios

The analysis in this study considers three future climate scenarios defined
by CMIP, which are used to consider different levels of global warming. The
future scenarios are designed to relate future releases of greenhouse gases
and aerosols to different socioeconomic projections. The CMIP6 ‘Shared
Socioeconomic Pathways’ (SSPs) considered in this chapter are: SSP126,
SSP245, SSP585, which run from 2015 to 2100 (O’Neill et al., 2014; O’Neill
et al., 2016). These pathways are chosen to allow for comparison with the
CMIP5 ‘Representative Concentration Pathways’ (RCPs): RCP2.6, RCP4.5 and
RCP8.5, which run from 2005 to 2100 (Meinshausen et al., 2011). It is noted that
the SSP and RCP concentration scenarios are not identical, but they are similar
enough to enable helpful comparisons between CMIP5 and CMIP6 projections.

Descriptions of the different SSPs and RCPs are given below. (1) The
RCP2.6 and SSP126 pathways represent a future where action is taken to
reduce emissions of greenhouse gases. SSP126 follows approximately RCP2.6
global forcing pathway with SSP1 socioeconomic conditions. The SSP1 condi-
tions represents a future drive in sustainable action and the RCP2.6 forcing is
approximately a radiative forcing of 2.6 W m�2 by 2100 relative to pre-industrial
conditions. (2) The RCP4.5 and SSP245 pathways represent a middle pathways
in terms of climate action. SSP245 follows approximately RCP4.5 global forcing
pathway with SSP2 socioeconomic conditions. The SSP2 conditions represents
a more mixed climate driven future and the RCP4.5 forcing is approximately
a radiative forcing of 4.5 W m�2 by 2100 relative to pre-industrial conditions.
(3) The RCP8.5 and SSP585 pathways represent a fossil fuel intensive future,
where little effort is taken to reduce anthropogenic emissions of greenhouse
gases. SSP585 follows approximately RCP8.5 global forcing pathway with SSP5
socioeconomic conditions. The RCP8.5 forcing is approximately a radiative
forcing of 8.5 W m�2 by 2100 relative to pre-industrial conditions.

For the reference period from which change is calculated, the CMIP ‘His-
torical’ simulation was considered, where the simulation runs from 1850 to 2005
in CMIP5 and from 1850 to 2015 in CMIP6. A change, �, was defined as the
difference between the last decade of the 21st century (time averaged between
2090 and 2100), and the last decade of the CMIP5 historical simulation (time
averaged between 1995-2005). These dates are considered to allow for consis-
tency between the CMIP generations. If a timeseries is considered, the historical
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reference period (historical simulation time averaged between 1995-2005) was
taken away from the entire future climate simulation (e.g. SSP126 minus the
historical reference period).

3.2.3 Isolating the controls of soil carbon change

Soil carbon (Cs) can be defined as the product of the heterotrophic respiration
(Rh) and the soil carbon turnover time (⌧s) as shown by Equation 3.2, based
on the definition of ⌧s seen in Equation 3.1. Future soil carbon stocks can
be defined as initial soil carbon (Cs,0) plus a change in soil carbon (�Cs),
as shown by Equation 3.3, where the subscript 0 denotes the initial state
(historical simulation time averaged between 1995-2005). Equation 3.3 can
be expanded to give Equation 3.4, which can be simplified to give Equation
3.5. It is common to assume linearity and neglect the product of change term
(�Rh�⌧s), however in this study the term was included in the breakdown analysis.

Cs = Rh⌧s (3.2)

Cs,0 +�Cs = (Rh,0 +�Rh)(⌧s,0 +�⌧s) (3.3)

Cs,0 +�Cs = Rh,0⌧s,0 + ⌧s,0�Rh +Rh,0�⌧s +�Rh�⌧s (3.4)

�Cs = ⌧s,0�Rh +Rh,0�⌧s +�Rh�⌧s (3.5)

To isolate the above and below ground effects on soil carbon, the separate
effects due to changes in Net Primary Productivity (NPP, ⇧N ) and changes due
to soil carbon turnover (⌧s) are considered (Todd-Brown et al., 2014). However,
to converse carbon the difference between the global fluxes NPP and Rh in a
transient climate must be taken into account. The difference is defined as the
Net Ecosystem Productivity (NEP, FL), as shown in Equation 3.6.

FL = ⇧N �Rh (3.6)

Equation 3.6 can be substituted into Equation 3.5, to obtain an equation for �Cs

in terms of ⇧N , FL and ⌧s (Equation 3.7).

�Cs = ⌧s,0�(⇧N � FL) + (⇧N,0 � FL,0)�⌧s +�(⇧N � FL)�⌧s (3.7)

It is noted that at equilibrium the initial NEP (FL,0) will equal zero, as initial NPP
(⇧N,0) and initial Rh (Rh,0) will equal one another. However, due to defining our ini-
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tial state as the start of the historical simulation, some amount of climate change
has already occurred and FL,0 will be therefore be small but non-negligible.
Moreover, ESMs include additional carbon fluxes that cause changes to the
resultant soil carbon inputs include terms, such as: grazing, harvest, land use
change, and fire (Todd-Brown et al., 2014). Due to including the NEP term which
accounts for the difference between NPP and Rh, these affects are included
within the terms in Equation 3.7 which make up the overall soil carbon response
in ESMs.

Finally, Equation 3.7 can expanded to give Equation 3.8, and the individual
responses which make up the total change in soil carbon (�Cs) can be broken-
down into six components:

�Cs = ⌧s,0�⇧N � ⌧s,0�FL + ⇧N,0�⌧s � FL,0�⌧s

+ �⇧N�⌧s � �FL�⌧s

(3.8)

Equation 3.7 is exact for given time-varying values of ⇧N , ⌧s and FL, but in
this form it does not cleanly separate into contributions due to changes in
each of these factors. A linear approximation is therefore made (assuming
�⇧N/⇧N << 1 and �⌧s/⌧s << 1), which allows for the cross terms to be
neglected (�NPP�⌧s ⇡ �⇧N�⌧s and �NEP�⌧s ⇡ �FL�⌧s). The additional
terms in Equation 3.8 are defined as given below.

�Cs,NPP ⇡ ⌧s,0�⇧N (3.9)

�Cs,NEP ⇡ �⌧s,0�FL (3.10)

�Cs,⌧ ⇡ ⇧N,0�⌧s (3.11)

�Cs,⌧NEP ⇡ �FL,0�⌧s (3.12)

3.3 Results

3.3.1 Projected changes in soil carbon

A reduced spread in projected end of 21st century estimates of soil carbon
change (�Cs) is seen in CMIP6 compared to CMIP5. This reduced spread is
seen in Figure 3.1, where projections of �Cs by 2100 in CMIP6 are compared
with CMIP5 across the different future scenarios. The reduced range of projec-
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Figure 3.1: Projected future change in soil carbon (�Cs) in CMIP5 (top row) and
CMIP6 (bottom row) ESMs, for future scenarios SSP126 and RCP2.6, SSP245
and RCP4.5, SSP585 and RCP8.5.

tions is seen across all future scenarios (SSP126 and RCP2.6, SSP245 and
RCP4.5, SSP585 and RCP8.5), where the range in CMIP6 is consistently less
than 50% the equivalent range in CMIP5 (Figure 3.1). This reduced uncertainty
is also suggested by a reduced standard deviation about the ensemble mean
�Cs in CMIP6 from CMIP5, which is also consistently reduced by 50% across all
future climate scenarios (Tables 3.1 and 3.2).

It is noted that the large range in the CMIP5 projected estimates of �Cs is
a result of the large increases in soil carbon storage in HadGEM2-ES and
MPI-ESM-LR, and the large soil carbon losses in GISS-E2-R (Figure 3.1). The
updated equivalent CMIP6 models UKESM1-0-LL (from HadGEM2-ES) and
MPI-ESM1-2-LR (from MPI-ESM-LR) have projected estimates of �Cs which are
more consistent with the other models in the CMIP6 ensemble. However, an
updated CMIP6 version of the GISS-E2-R model is not included in this analysis
of this study, which could contribute to the reduced uncertainty.

CMIP6 projections more robustly estimate an increase in Cs by 2100, compared
with CMIP5 where both increases and decreases in Cs are projected (Figure
3.1). The future responses of soil carbon in CMIP5 range from an increase of
23.2% (HadGEM2-ES) to a decrease of 6.50% (GISS-E2-R) in RCP8.5, with
approximately half of the models showing increases and half showing decreases
in soil carbon across all future scenarios (Table 3.2). In CMIP6, the future
responses of soil carbon range from an increase of 12.5% (MPI-ESM1-2-LR) to
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a decrease of 2.25% (ACCESS-ESM1.5) in SSP585, however the majority of
models predict an increase in soil carbon across all future scenarios (Table 3.1).

Despite this, larger CO2 increases in CMIP6 (SSP585 compared with SSP126),
does not always relate to an increased soil carbon storage. By contrast the
majority of CMIP5 models project an increased magnitude in estimated �Cs with
increased forcing (Figure 3.1). In SSP585, half the CMIP6 models (CESM2,
CNRM-ESM2-1, IPSL-CM6A-LR, NorESM2-LM, and UKESM1-0-LL) estimate a
smaller increase or a greater decrease in �Cs, when compared with SSP126.
This effect is most prominent in UKESM1-0-LL, where a turning point from
increasing to decreasing soil carbon is seen in the mid-century of the SSP585
projections (Figure 3.2). This is opposed to an estimated increase in soil
carbon storage with increased forcing, which is generally seen in CMIP5 and the
remaining CMIP6 models (CanESM5, MIROC-ES2L, and MPI-ESM1-2-LR).

CMIP6 sees a notable variation amongst the spatial pattern of estimated �Cs

(Figure 3.3). More commonly positive �Cs values are seen in the northern
latitudes (ACCESS-ESM1-5, CNRM-ESM2-1, IPSL-CM6A-LR, MIROC-ES2L,
MPI-ESM1-2-LR, and UKESM1-0-LL), where the greatest increases are seen in
models which saw large global increases (CNRM-ESM2-1 and MIROC-ES2L)
(Table 3.1). However negative values are seen in three ESMs (BCC-CSM2-MR,
CESM2, and NorESM2-LM). Variation amongst the ESMs is also seen in the
tropical regions, where increases in soil carbon can be seen in six of the CMIP6
ESMs (BCC-CSM2-MR, CanESM5, CESM2, MIROC-ES2L, and NorESM2-
LM), but decreases are seen in the remaining four ESMs (ACCESS-ESM1-5,
CNRM-ESM2-1, IPSL-CM6A-LR, and UKESM1-0-LL).

3.3.2 Future changes to soil carbon controls

The projected change in soil carbon (�Cs) is a result of the changing input and
output fluxes under climate change. To a first order, the response of Cs will be
determined by changes to Net Primary Productivity (NPP) and the soil carbon
turnover time (⌧s). In this section, future projections of these soil carbon fluxes
are analysed in CMIP6 and CMIP5 ESMs.

3.3.2.1 Net Primary Productivity

Net Primary Productivity (NPP) is projected by CMIP6 ESMs to increase during
the 21st century, with a greater increase with increasing climate forcing (increased
CO2). This result is consistent with the projections of �NPP amongst the CMIP5
models (Figure 3.4). However, projections in CMIP6 ESMs show disagreement
in the magnitude of �NPP by 2100 across all future climate scenarios, where a
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Figure 3.2: Timeseries of projected future soil carbon (Cs) in CMIP6 ESMs for
future scenarios SSP126, SSP245, SSP585.
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Figure 3.3: Map plots showing the change in soil carbon (�Cs) in SSP585 for
each CMIP6 ESM.
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Figure 3.4: Projected future change in Net Primary Production (� NPP) in CMIP5
(top row) and CMIP6 (bottom row) ESMs, for future scenarios SSP126 and
RCP2.6, SSP245 and RCP4.5, SSP585 and RCP8.5.

projected CMIP6 ensemble increase of 24.6 ± 16.9 PgC yr�1 is seen in SSP585.
The largest projections of �NPP amongst the CMIP6 models are seen in
CanESM5 and BCC-CSM2-MR, where increases of 65.8 PgC yr�1 and 39.4 PgC
yr�1, respectively, are projected by 2100 under SSP585. This is compared to
ACCESS-ESM1-5 which has the lowest projected changes amongst the CMIP6
models, where an increase of 4.07 PgC yr�1 projected by 2100 under SSP585
(Table 3.3).

The CMIP6 ensemble sees a slightly increased range in end of century
�NPP compared with CMIP5, across all future scenarios (Tables 3.3 and 3.4).
This is slightly surprising, as there is a reduced range of present day NPP in
CMIP6, as shown in Chapter 2. Figure 3.4 suggests the increased range is
mostly due to outlying projections of �NPP . A cluster of ESMs in CMIP6 which
have similar projections of �NPP is seen (CESM2, MIROC-ES2L, MPI-ESM1-
2-LR, NorESM2-LM, and UKESM1-0-LL), which is made up of ESMs which
simulate an interactive nitrogen cycle. ACCESS-ESM1-5 is the only model which
simulates interactive nitrogen and does not predict consistent �NPP with the
other nitrogen ESMs in CMIP6. The projections of �NPP in ACCESS-ESM1-5
is consistent with the projections of NorESM1-M in CMIP5, which is the only
CMIP5 model considered here which simulates interactive nitrogen.
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Figure 3.5: Projected future change in soil carbon turnover time (�⌧s) in CMIP5
(top row) and CMIP6 (bottom row) ESMs, for future scenarios SSP126 and
RCP2.6, SSP245 and RCP4.5, SSP585 and RCP8.5.

3.3.2.2 Soil carbon turnover time

Soil carbon turnover time (⌧s) is projected by CMIP6 ESMs to decrease by 2100,
with a greater reduction seen with increase climate forcing scenario. This result
is consistent with the projections of �⌧s amongst the CMIP5 models (Figure
3.5). However, it is found that variation exists amongst the CMIP6 ESMs end
of century estimates, where a projected CMIP6 ensemble reduction of -7.65
± 5.65 years is seen in SSP858. The greatest reductions in end of century
effective global ⌧s amongst the CMIP6 models is seen in BCC-CSM2-MR,
CESM2 and NorESM2-LM, with reductions of at least 14 years in SSP585. The
CMIP6 models with the least change in effective global ⌧s are ACCESS-ESM1-5,
IPSL-CM6A-LR, and MPI-ESM1-2-LR, with reductions of only around 2 years
under SSP585 (Table 3.1).

The range of �⌧s estimates by 2100 is not reduced in CMIP6 compared
with CMIP5 in any of the climate forcing scenarios (Tables 3.3 and 3.4). The
increased range is primarily due to the ⌧s reductions seen in the CMIP6 models
NorESM2-LM, CESM2 and BCC-CSM2-MR (Figure 3.5). These three ESMs
have large present day soil carbon stocks, especially in the northern latitudes
(see Table 2.4 in Chapter 2), and subsequently large turnover times in these
regions (see Table 2.6 in Chapter 2). Additionally, CESM2 and NorESM2-LM are
the only models within CMIP6 to simulate vertically resolved soil carbon.
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3.3.3 Breaking down the projected changes in soil carbon

To understand the projected end of century changes in soil carbon storage
(�Cs) in ESMs, the individual responses of soil carbon due to changes in NPP
(�Cs,NPP ) and the response due to changes in ⌧s (�Cs,⌧ ) were diagnosed, as
shown in Figure 3.6. Future �Cs (blue bars) is mostly a result of the net effect
of the linear terms: �Cs,NPP (dark green bars) and �Cs,⌧ (red bars). However,
there are also non-negligible contributions from the non-linear term: �NPP�⌧s

(black bars), and a small addition due to the non-equilibrium terms: �Cs,NEP

(light green bars), �Cs,⌧NEP (pink bars), and �NEP�⌧s (grey bars).

The magnitudes of the changes due to each of these terms varies amongst the
ESMs in CMIP6. Specifically, the �NPP and �⌧s contributions to changes in
future soil carbon stocks (�Cs,NPP and �Cs,⌧ , respectively) are generally greater
than the subsequent �Cs projected by the model, especially in the more extreme
climate scenarios. For example, in SSP585 there is range of approximately 170
PgC in overall soil carbon change (�Cs), from +132 PgC in CNRM-ESM2-1 to
-35 PgC in BCC-CSM2-MR. However, the �Cs,NPP contribution has a much
larger range of 1442 PgC, from +95 PgC in ACCESS-ESM1-5 to +1517 PgC
in NorESM2-LM. Similarly, �Cs,⌧ has a range of 756 PgC, from -115 PgC in
ACCESS-ESM1-5 to -871 PgC in NorESM2-LM (Figure 3.6).

The magnitude of change seen from the individual feedbacks (�Cs,NPP

and �Cs,⌧ ) is not obviously related to the resultant magnitude of soil carbon
change (Figure 3.7). For example, NorESM2-LM projects large �Cs,NPP and
�Cs,⌧ values (+1517 PgC and -871 PgC in SSP585, respectively), however a
relatively small overall change in soil carbon (+49 PgC in SSP585). Conversely,
CNRM-ESM2-1 projects smaller �Cs,NPP and �Cs,⌧ values (+667 PgC and -413
PgC in SSP585, respectively), but a larger overall change in soil carbon (+132
PgC in SSP585). The change in soil carbon is determined by the relationship
between all the contributing terms to the overall �Cs response, as opposed to
the absolute size of a given contribution (Figure 3.6).

Surprisingly, a very strong correlation is found amongst the ESMs in CMIP6 (r2

value of 0.97), between the linear terms �Cs,NPP and �Cs,⌧ (Figure 3.8(a)). This
leads to these terms partially cancelling each other, with a resultant relatively
small net change in soil carbon. A correlation of this type is not seen in CMIP5 (r2

value of 0.084, Figure 3.8(a)). This correlation amongst CMIP6 ESMs results in
�Cs being more clustered in CMIP6 compared to CMIP5, despite a similarly large
variation in the individual contributions. The strong CMIP6 correlation (r2 = 0.97)
remains when the fractional changes (�Cs,NPP/Cs,0 and �Cs,⌧NPP /Cs,0, where
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Cs,0 is initial soil carbon stocks) are plotted instead (Figure 3.8(b)).

The differences in ESM projections of �Cs are also found to be partly due
to differing magnitudes of the non-linear term (�NPP�⌧s). ESM projected
magnitudes of �NPP�⌧s are found to be relatively large, especially in the more
extreme climate scenario SSP585 (Figure 3.6). In SSP585, a range from a
reduction of 11 PgC (ACCESS-ESM1-5) to a reduction of 599 PgC (BCC-CSM2-
MR) is found amongst the CMIP6 models, and in some cases values greater
than the overall change in soil carbon are seen (BCC-CSM2-MR, CanESM5,
CESM2, NorESM2-LM, and UKESM1-0-LL). This term is significant when there
are large and counteracting magnitudes of �NPP and �⌧s (Figures 3.4 and 3.5,
respectively), which results in a non-negligible product.

Additionally, to obtain the overall change in soil carbon seen in the models,
contributions from the non-equilibrium terms (�Cs,NEP , �Cs,⌧NEP , and �NEP�⌧s)
must also be included (Figure 3.6). The non-equilibrium terms are due to the
difference between NPP and Rh under transient climate change. The contribution
from these terms is found to be relatively small in most models, but not in
all. The change in soil carbon due to the change in NEP (�Cs,NEP , where
NEP = NPP � Rh) is often found to be greater in the models which see greater
magnitudes of �Cs,NPP and �Cs,⌧ . In SSP585, projections of �Cs,NEP amongst
CMIP6 models range from a reduction of 333 PgC in NorESM2-LM to a gain of
8.74 PgC in ACCESS-ESM1-5. In CMIP5, exceptions where greater �Cs,NEP

terms are found in the GISS-E2-R and MPI-ESM-LR models, implying the models
are far from equilibrium at the end of the century.

3.4 Discussion

The response of soil carbon storage to CO2-induced climate change remains
a major uncertainty in ESMs projections (Canadell et al., 2021). Projected
changes in soil carbon (�Cs) have previously been investigated for CMIP5
ESMs, where Todd-Brown et al. (2014) found disagreement in projected �Cs

amongst ESMs within the ensemble. The results presented in this chapter
suggest a reduced spread in end of 21st century projections of �Cs amongst
CMIP6 ESMs compared to the previous generation of CMIP5 ESMs (Figure
3.1). This chapter presented a breakdown of �Cs into components arising
from changes in Net Primary Productivity (NPP, ⇧N ) and soil carbon turnover
time (⌧s), named �Cs,NPP and �Cs,⌧ , respectively. CMIP6 ESMs were found
to predict a wider range of magnitudes of �Cs,NPP and �Cs,⌧ than in CMIP5,
despite the apparent reduction in �Cs projection uncertainty within the CMIP6

104



Figure 3.6: A bar chart showing the contributions of NPP and ⌧s to end of 21st cen-
tury changes in soil carbon (�Cs) in CMIP5 (top row) and CMIP6 (bottom row)
ESMs, for future scenarios SSP126 and RCP2.6, SSP245 and RCP4.5, SSP585
and RCP8.5. The included terms are: the linear term representing changes in
soil carbon due to the changes in NPP (�Cs,NPP ), the linear term represent-
ing changes in soil carbon due to the changes in ⌧s (�Cs,⌧ ), the non-linear term
(�NPP�⌧s), and then additional terms to account for the non-equilibrium climate
in 2100 (�Cs,NEP , �Cs,⌧NEP , and �NEP�⌧s).
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Figure 3.7: Scatter plot comparing the relationship between �Cs,NPP , �Cs,⌧ ,
�NPP�⌧s, and �Cs,⌧NEP , each against �Cs, for CMIP5 (top row) and CMIP6
(bottom row) ESMs, for future scenarios SSP126 and RCP2.6, SSP245 and
RCP4.5, SSP585 and RCP8.5.

Figure 3.8: Scatter plot comparing the relationship between �Cs,NPP and �Cs,⌧

for CMIP5 (top row) and CMIP6 (bottom row) ESMs in future scenarios SSP126
and RCP2.6, SSP245 and RCP4.5, SSP585 and RCP8.5, for (a) absolute
changes, and (b) fractional changes.

106



ensemble (Figure 3.6). This effect was found to be largely due to a strong
correlation between these linear soil carbon driven feedbacks in CMIP6, which
was not seen as strongly in CMIP5 (Figure 3.8(a)). This correlation results in a a
cancellation effect between �Cs,NPP and �Cs,⌧ , which causes more consistent
predicted changes to overall soil carbon across the ensemble. The reasons for
this correlation will be investigated in Chapter 6.

The net future change in soil carbon (�Cs) was also found to be a result
of a non-linear term between changes in NPP and ⌧s (�NPP�⌧s) and a
transient term (�Cs,NEP ). The non-linear �NPP�⌧s term was found to have
a non-negligible contribution to future changes in soil carbon, meaning the
initial �⇧N/⇧N << 1 and �⌧s/⌧s << 1 assumption was not valid in this case.
This is due to both the �NPP and �⌧s terms being found to have large and
counteracting magnitudes, especially at more extreme levels of climate change
(Figure 3.6). The �Cs,NEP term represents the net carbon sink during the 21st

century, which exists whilst the climate is in a transient state due to continuous
climate change. By definition, the magnitude of �Cs,NEP is negative if �NEP is
positive, which implies a greatest or faster increase in NPP with respect to Rh

seen in the majority of ESMs. The greater magnitudes of �Cs,NEP in the more
extreme climate scenarios implies that soil carbon is further from equilibrium in
these simulations (Figure 3.6), due to a greater CO2 forcing in the same time
period. The long-term response of NEP is key to determining the temporal
evolution of the land carbon sink over the 21st century.

3.4.1 Reliability of CMIP6 projections and comparisons with

CMIP5

This chapter has highlighted the importance of understanding the individual
processes which contribute to soil carbon feedbacks in determining the overall
�Cs response. This has previously been identified using the CMIP5 ensemble,
where Todd-Brown et al. (2014) found that variation in projections of �Cs

amongst CMIP5 ESMs was explained by initial soil carbon stocks and the relative
changes in soil inputs and outputs. To improve the robustness and reliability
of future �Cs estimates, it is important to achieve more agreement amongst
ESM projections of future changes to the controls of the inputs and outputs
of soil carbon (NPP and ⌧s). Between CMIP5 and CMIP6 generations, model
development has focused on improving the representation of these processes.
However, no robust reductions in the projected range of �NPP (Figure 3.4) and
�⌧s (Figure 3.5) are seen across the ensemble, suggesting that major limitations
remain within the CMIP6 ESMs.
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One common new addition within the CMIP6 models is the inclusion of
an interactive nitrogen cycle (Davies-Barnard et al., 2020), which is more
commonly represented within CMIP6 models compared to CMIP5 models
(ACCESS-ESM1.5, CESM2, MIROC-ES2L, MPI-ESM1-2-LR, NorESM2-LM
and UKESM1-0-LL). Figure 3.4 suggests that the inclusion of a nitrogen cycle
(shown by the dashed lines throughout this chapter) constrains future estimates
of �NPP , where the majority of ESMs which include the representation of
interactive nitrogen agree on future predictions of �NPP . However, there is
some debate on how soil carbon will respond to NPP changes and how nitrogen
interacts with this (Todd-Brown et al., 2014). Firstly, climate warming results in
a liberation of nitrogen from microbial respiration, which can alleviate limitations
within plants (Bai et al., 2013). Secondly, the effect of land use change has been
shown to influence future soil carbon storage (Ito et al., 2020; Brovkin et al.,
2013). Ito et al. (2020) attribute a change in soil carbon of 48 ± 32 PgC to land
use change in SSP126 across the CMIP6 ensemble, where land use specific
CMIP experiments were used. Finally, it has previously been found that soil
carbon and NPP are too highly correlated amongst models in both CMIP5 and
CMIP6, when compared to relationships derived in observational data (Varney
et al. (2022); Georgiou et al. (2021); Todd-Brown et al. (2013), see Chapter
2), which suggests the potential for an overestimation of increased �Cs due to
productivity increases within ESM projections.

It has been found in CMIP5 ESMs that high accumulation of Cs was pre-
dicted in the northern latitude regions, however this response was not seen
in empirical studies (Todd-Brown et al., 2014). In CMIP6 ESMs, this chapter
found this effect remains in the majority of ESMs (Figure 3.3), although reduc-
tions in northern latitude soil carbon stocks were found in three CMIP6 ESMs
(BCC-CSM2-MR, CESM2 and NorESM2-LM). The ESMs where these predicted
northern latitude reductions were found were also found to simulate northern
latitude soil carbon stocks the most consistently with empirical datasets (see
Table 2.4 in Chapter 2). This finding suggests that accurately modelling northern
latitude soil carbon stocks in the present day is important in determining the net
future response of soil carbon. Reducing the uncertainty surrounding the fate
of northern latitude soil carbon stocks is particularly important due to the large
magnitude of carbon stored in these regions (Jackson et al., 2017).

It has previously been discussed that missing below-ground processes within
CMIP5 ESMs could result in a reduced reliability in future projections of soil
carbon (Koven et al., 2015; Todd-Brown et al., 2014), for example: permafrost
dynamics (Koven et al., 2011), microbial dynamics (Koven et al., 2015), and
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mineral stabilisation (Koven et al., 2015; Todd-Brown et al., 2014; Six et al.,
2002). The need for the inclusion of these processes within models is increas-
ingly highlighted within literature (Chadburn et al., 2020; Walker et al., 2018),
however progress is still needed for the inclusion of these within CMIP ESMs
(Burke et al., 2020). In this chapter, ⌧s is used as a proxy to investigate the future
response of below-ground processes predicted by ESMs and high uncertainty
is found to remain within CMIP6 ESMs (Figure 3.5). To improve the uncertainty
in future ⌧s predictions a focus on improving the representation of these missing
below-ground processes is required (Chadburn et al., 2020; Ito et al., 2020).

3.5 Conclusions

In this chapter, future projections of soil carbon change (�Cs) have been anal-
ysed using ESM output from the latest CMIP6 ensemble and were investigated
under differing levels of climate change (future scenarios SSP126, SSP245 and
SSP585). The future projections made by CMIP6 ESMs were also compared
against equivalent projections made by the previous generation of ESMs in the
CMIP5 ensemble (future scenarios RCP2.6, RCP4.5 and RCP8.5) to investigate
whether recent model improvements have reduced the uncertainty surrounding
the future soil carbon response. Below the key conclusions from this chapter are
listed:

1. An apparent reduction in uncertainty of end of 21st century �Cs projections
is suggested in CMIP6 compared to CMIP5.

2. However, the same reduction in projection uncertainty is not suggested sur-
rounding the soil carbon controls: Net Primary Productivity (NPP) and the
effective soil carbon turnover time (⌧s = Cs/Rh), and the subsequent effects
on future soil carbon storage (�Cs,NPP and �Cs,⌧ ).

3. The results in this study suggest the inclusion of a interactive nitrogen cycle
constrains the future responses to NPP and shows progress in CMIP6 mod-
els. However, future work is required to further improve the representation
of soil carbon input from increases in NPP and the subsequent response
of soil carbon to reductions in soil carbon turnover time (⌧s) under climate
change.

4. The linear terms which make up the response of soil carbon under climate
change, the response of soil carbon due to changes in NPP (�Cs,NPP ) and
the response due to changes in ⌧s (�Cs,⌧ ), are found to be strongly corre-
lated in CMIP6, which was not the case in CMIP5. This correlation is likely to

109



be a cause of the reduction in the �Cs projection spread across the CMIP6
ensemble.

5. The results suggest that a linear approximation may not be appropri-
ate when considering future changes to land carbon storage within global
soils, due to a relatively large magnitude of the non-linear term (�NPP�⌧s).

Understanding and quantifying soil carbon feedbacks is critical for calculating an
accurate global carbon budget, which is required if Paris agreement targets are to
be met (Friedlingstein et al., 2020). This chapter highlights the importance of con-
sidering the individual soil driven carbon feedbacks under climate change when
determining the overall response of global soil carbon storage, and suggests the
need for constraints on the magnitudes of the feedbacks from controls (NPP and
⌧s) to improve reliability and reduce uncertainty in future changes in soil carbon.
In Chapter 4, a spatial emergent constraint on �Cs,⌧ will be presented.
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Chapter 4

Spatial emergent constraint on the

sensitivity of soil carbon turnover

to global warming

Abstract

Carbon cycle feedbacks represent large uncertainties in climate change projec-
tions, and it is the response of soil carbon to climate change that contributes the
greatest uncertainty. It has been seen in Chapter 3 that future changes in soil
carbon depend on changes in carbon inputs from plants and on reductions in
the turnover time of soil carbon (⌧s) with warming. In this chapter, an emergent
constraint on the sensitivity of ⌧s to global warming is presented, based on
both CMIP5 and CMIP6 Earth System Model (ESM) projections. This makes
use of current heterotrophic respiration and the spatial variability of ⌧s inferred
from observations of carbon in the top one metre of soil. The resulting spatial
emergent constraint approximately halves the uncertainty in the response of soil
carbon due to reductions in ⌧s under climate change. This chapter is based on a
paper published in Nature Communications (Varney et al., 2020).

4.1 Introduction

Uncertain carbon cycle feedbacks must be understood and quantified if the
Paris agreement targets are to be met (UNFCCC, 2015). Moreover, with the
potential to significantly reduce the carbon budget for climate stabilisation at
2�C global warming, the response of soil carbon to climate change presents a
significant uncertainty in future climate change projections (Jones et al., 2013).
The uncertainty of the soil carbon feedback was not found to reduce significantly
between the CMIP3 and CMIP5 model generations and in Chapter 3, it was
shown that similar uncertainty remains in the latest ensemble of CMIP6 models.
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This study attempts to obtain a constraint on ESM projections of soil car-
bon change using an alternative method. In more recent years, emergent
constraints have become increasingly common and have been used to success-
fully constrain terrestrial carbon cycle processes (Barkhordarian et al., 2021;
Xu et al., 2020; Winkler et al., 2019). However, in these studies the emergent
constraints have been based on temporal trends and variations to reduce
uncertainty in climate change projections (Hall et al., 2019; Hall and Qu, 2006).
The approach of this study follows the method used in Chadburn et al. (2017),
where a spatial temperature sensitivity is used to constrain the future response
to climate change - which is termed here as a spatial emergent constraint. This
study combines the Chadburn et al. (2017) method with the soil carbon turnover
analysis of Koven et al. (2017) to get a constraint on the resultant change in soil
carbon due to the sensitivity of soil carbon turnover to global warming.

Soil carbon (Cs) is increased by the flux of organic carbon into the soil
from plant litter and roots, and decreased by the breakdown of the organic matter
by soil microbes, which releases CO2 into the atmosphere as the heterotrophic
respiration flux (Rh). If the vegetation carbon is at a steady state, litterfall (⇤)
will equal the Net Primary Production of plants (NPP). If the soil carbon is also
near to a steady state - and in the absence of significant fire fluxes and other
non-respiratory carbon losses - the litterfall, NPP, and Rh will all be approximately
equal to one another. Even over the historical period, when atmospheric CO2 has
been increasing and there has been a net land carbon sink, this approximation
holds well (see Figure 4.4). In order to separate the effects of changes in NPP
from the effects of climate change on Rh, an effective turnover time for soil
carbon, ⌧s = Cs/Rh, is defined (Koven et al., 2017; Carvalhais et al., 2014). The
turnover time of soil carbon is known to be especially dependent on temperature
(Jenkinson et al., 1991). A common assumption is that ⌧s decreases by about 7%
per degree of warming, which is equivalent to assuming that q10 = 2 (Davidson
and Janssens, 2006). However, this sensitivity differs between models, and also
between models and observations.

The long-term change in soil carbon (�Cs) can be written as the sum of a
term arising from changes in litterfall (�Cs,⇤), and a term arising from changes
in the turnover time of soil carbon (�Cs,⌧ ). Model projections of the first-term
(�Cs,⇤) differ primarily because of differences in the extent of CO2 fertilisation of
NPP and associated nutrient limitations. The second-term (�Cs,⌧ ) differs across
models because of differences in the predicted future warming and because
of differences in the sensitivity of soil carbon decomposition to temperature
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(which includes an influence from faster equilibration of fast-turnover compared
to slow-turnover carbon pools under changing inputs (Koven et al., 2015)). This
study provides an observational constraint on the uncertainty in the latter term.
As the vast majority of the CMIP6 and CMIP5 models do not yet represent
vertically resolved deep soil carbon in permafrost or peatlands, the constraint
focuses on carbon change in the top 1 metre of soil. To ensure a fair like-for-like
comparison, the two CMIP6 models that do represent vertically-resolved soil
carbon (CESM2 and NorESM2) are excluded, although this has an negligible
effect on the overall result. This study therefore applies to soil carbon loss in
the top 1 metre of soil only. In this chapter, it is shown that it is possible to
significantly reduce the uncertainty in this key feedback to climate change using
current-day spatial data to constrain the sensitivity to future warming.

4.2 Methods

4.2.1 Equation for the ⌧s component of soil carbon change

Soil carbon turnover time (⌧s) is the residence time of carbon in the soil and
therefore was defined as the time it takes for carbon to be transferred from the
atmosphere into the soil via the land surface, then to exist in the soil and to be
released back into the the atmosphere. This can be defined using Equation
4.1, where ⌧s is equal to the ratio of soil carbon stocks (Cs) to the output flux
heterotrophic respiration flux (Rh).

⌧s =
Cs

Rh
(4.1)

Equation 4.1 can be rearranged to obtain an equation for soil carbon (Cs), as
shown by Equation 4.2.

Cs = Rh ⌧s (4.2)

The long-term change in soil carbon (�Cs) can be written as the sum of a
term arising from changes in litterfall (�Cs,⇤) and a term arising from changes
in the turnover time of soil carbon (�Cs,⌧ ), plus an additional non-linear term
(�Rh�⌧s), which is generally smaller than the first two (see Chapter 3), as shown
by Equation 4.3. These terms representing the change in soil carbon can be
approximated as a sum involving the change in Rh and the change in ⌧s, using a
substitution of Equation 4.2.
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�Cs = �Cs,⇤(t) +�Cs,⌧ (t) ⇡ �(Rh ⌧s) ⇡ ⌧s,0 �Rh +Rh,0 �⌧s +�Rh �⌧s (4.3)

The focus and aim of this study was to find a constraint on the change in soil
carbon due to the change in soil carbon turnover time (�Cs,⌧ ). Hence, an
equation for the component of soil carbon change �Cs,⌧ can be obtained by
taking the �⌧s component of Equation 4.3. The equation in the final form is
shown by Equation 4.4, where Rh,0 was used to represent Rh from the reference
period (‘present day’, defined below) to isolate the response of �Cs,⌧ as a result
of the response of ⌧s to climate change.

�Cs,⌧ = Rh,0 �⌧s (4.4)

Note: In Chapter 3, �Cs,⌧ was defined with NPP0 opposed to Rh,0, and we had
an additional term �Cs,⌧NEP . As in this case we are isolating the ⌧s response
to climate change (below-ground response), Rh,0 can be used, where �Cs,⌧rh =
�Cs,⌧NPP - �Cs,⌧NEP , as Rh = NPP - NEP.

4.2.2 Obtaining spatial relationships

The method used in this study was motivated by the observational-based con-
straint method used in Chadburn et al. (2017), where a spatial temperature sen-
sitivity was used to constrain a future response to global warming. Koven et al.
(2017) first investigated the relationship between soil carbon turnover time (⌧s)
and temperature, where differing climatological sensitivities in different tempera-
ture ranges were found. The method used in Koven et al. (2017) was followed
here to derive relationships that represent the sensitivity of ⌧s to temperature (T)
on a spatial level, for both CMIP ESMs and observational data.

4.2.2.1 CMIP ESMs

This study uses ESMs from both the CMIP6 and CMIP5 ensembles, where the
included CMIP6 models are: ACCESS-ESM1-5, BCC-CSM2-MR, CanESM5,
CNRM-ESM2-1, IPSL-CM6A-LR, MIROC-ES2L, and UKESM1-0-LL (Eyring
et al., 2016), and the included CMIP5 models are: BNU-ESM, CanESM2,
CESM1-CAM5, GFDL-ESM2G, GISS-ES-R, HadGEM2-ES, IPSL-CM5A-LR,
MIROC-ESM, and NorESM-M (Taylor et al., 2012). The ESMs are presented
in Tables 2.1 (CMIP6) and 2.2 (CMIP5) of Chapter 2. The ESMs included were
chosen due to their availability of required data available on the online repository
at the time of analysis (CMIP6: https://esgf-node.llnl.gov/search/cmip6/ and

114



CMIP5: (https://esgf-node.llnl.gov/search/cmip5/).

To obtain model specific spatial ⌧s-temperature relationships, the following
method was used. A reference time period was considered (1995-2005),
which was taken as the last decade of the CMIP5 historical simulation to allow
consistency within CMIP generations and to best match the observational data
time frame considered. Then, monthly model output data was time averaged
over this period, for the output variables ‘soil carbon content’ (Cs) in kg m�2,
‘heterotrophic respiration carbon flux’ (Rh) in kg m�2s�1, and ‘air temperature’ in
K. The variables Cs and Rh were used to obtain values for soil carbon turnover
time (⌧s) in years, using Equation 4.1. The model temperature variable units were
converted from K to �C to match observational units.

For each ESM, values of log ⌧s for each latitude and longitude were plotted
against the corresponding spatial temperature data to obtain the spatial log ⌧s-
temperature plot. Then, quadratic fits (using the python package numpy polyfit)
were calculated for each model, which represent the spatial log ⌧s relationship
and sensitivity to temperature. These model specific relationships are shown by
Figure 4.1 for CMIP6 and by Figure 4.2 for CMIP5 (and by the colourful lines in
Figure 4.7(a) in the Results section).

4.2.2.2 Observations

Following Koven et al. (2017), observational soil carbon data (to a depth of 1
m) was estimated by combining the 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 occurs. To calculate ⌧s, this estimate for observational soil
carbon was used together with a global observational dataset for heterotrophic
respiration, where CARDAMOM (2001-2010) heterotrophic respiration (Rh) was
used (Bloom et al., 2015). The WFDEI dataset was used for observational air
temperatures (2001-2010) (Weedon et al., 2014).

These datasets can be used to obtain the inferred observational log ⌧s-
temperature relationship by plotting log ⌧s against temperature for each latitude
and longitude point, and using the quadratic fitting method described above. This
represents the ‘real world’ spatial temperature sensitivity of log ⌧s, and is shown
by Figure 4.3 (as well as the thick-dotted-black line in Figure 4.7(a) of the Results
section).
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Figure 4.1: Scatter plots of the relationship between soil carbon turnover (log ⌧s)
and near surface air temperature (T ) for each CMIP6 ESM considered in the
study. The black points represent the individual grid points of data, and the blue
lines show the spatial log ⌧s-temperature quadratic fits.
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Figure 4.2: Scatter plots of the relationship between soil carbon turnover (log ⌧s)
and near surface air temperature (T ) for each CMIP5 ESM considered in the
study. The black points represent the individual grid points of data, and the blue
lines show the spatial log ⌧s-temperature quadratic fits.

Figure 4.3: A scatter plot of the relationship between soil carbon turnover (log ⌧s)
and near surface air temperature (T ) for the observational datasets considered
in this study: Cs (FAO and ISRIC, 2012; Hugelius et al., 2013), Rh (Bloom et al.,
2015), and temperature (Weedon et al., 2014). The black points represent the
individual grid points of data and the thick-dotted black line shows the spatial
log ⌧s-temperature quadratic fit.
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4.2.3 Proof of concept for the method

The concept of the spatial emergent constraint method relies on the idea that the
spatial temperature sensitivity, which gives a relationship of ⌧s to temperature,
can be used to project and constrain the temporal sensitivity of ⌧s to temperature
(i.e. a space-for-time substitution). To do this, the change in soil carbon due to
the change in soil carbon turnover time (�Cs,⌧ ) was calculated using Equation
4.4, using two different methods to obtain �⌧s. (1) The first method is shown
by Equation 4.5. With this method, �⌧s was calculated using Equation 4.1,
where a future (⌧ fs) and historical (⌧hs ) were calculated using model output data.
(2) The second method is shown by Equation 4.6. With this method, �⌧s was
derived using the quadratic log ⌧s-temperature relationships with the modelled
spatial temperature profiles. In this equation, T is near surface air temperature,
T

f represents a future temperature, and T
h represents historical (present day)

temperature from the reference period (1995-2005). The exponential (exp) were
taken to turn log ⌧s values to ⌧s values. q(T ) represents the quadratic log ⌧s-
temperature relationship as a function of temperature to obtain the estimated
log ⌧s.

�⌧s = ⌧
f
s � ⌧

h
s (4.5)

�⌧s = exp(q(T
f
))� exp(q(T

h
)) (4.6)

The calculation of �⌧s requires a future reference point. In this case, the end
of the 21st century (2090-2100) warming, for each future CMIP6 SSP scenario
(SSP126, SSP245, SSP585) (O’Neill et al., 2016) or equivalent future CMIP5
RCP scenario (RCP2.6, RCP4.5, and RCP8.5) (Meinshausen et al., 2011), was
compared with the reference period from the historical simulation (1995-2005), for
each CMIP6 ESM and CMIP5 ESM respectively. To calculate the corresponding
values for �Cs,⌧ , the different �⌧s values were used in Equation 4.4 with the
model-specific Rh,0. The resultant spatial �Cs,⌧ values from each method were
summed over the values from the individual grid cells to get a global total, which
were then compared. The premise of the method is that if the two different �Cs,⌧

values obtained from each method are approximately the same, then this implies
that the derived log ⌧s-temperature relationships, with prescribed future modelled
temperatures alone, can predict the change in soil carbon due to the change in
soil carbon turnover time to climate change (the results of this test are shown in
Figure 4.7(b)).
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4.2.4 Calculating constrained values

To isolate the uncertainty due to differences in the sensitivity of modelled ⌧s to
temperature, as opposed to the climate sensitivity of the models to CO2, an
emergent constraint for specific degrees of global mean warming in each model
were considered. To consider a specific degree of global warming (Figure 4.8),
the future spatial temperature profiles at these specific global mean warming
levels were calculated, for example: 1�C, 2�C, and 3�C global mean warming.
The temperature change was calculated from the reference period (1995-2005),
and then a 5-year rolling mean of global temperature was taken to remove some
of the interannual variability. Once the year that the given temperature increase
had been reached is obtained, a time average including -5 and +5 years was
taken, and the spatial temperature distribution of that model averaged over the
deduced time period was used for the calculations of future ⌧s.

This study now follows the previously defined emergent constraint method
(Hall and Qu, 2006), which was explained in Figure 1.4 within Chapter 1 of
this thesis. The ‘Earth system sensitivity’ (conventionally represented by the
y-axis), was defined as the sensitivity of soil carbon to future changes in soil
carbon turnover (�Cs,⌧ ). This can be predicted with ESMs using Equation 4.5
(method 1) for different degrees of global warming. Then the ‘observed variation’
(conventionally represented by the x-axis) was defined in this case as the
predicted sensitivity of soil carbon to future changes in soil carbon turnover using
the spatial temperature sensitivity of soil carbon turnover time, calculated using
Equation 4.6 (method 2) for different degrees of global warming, for each ESM. In
doing this, a set of x and y values were obtained, corresponding to the modelled
values and relationship-derived of �Cs,⌧ respectively, for each ESM. In this case,
an emergent relationship was found between the model predicted x and y values
for each degree of global warming. The emergent relation was found using linear
regression between the x and y data points. The linear regression was completed
using the least-squares linear regression technique, which mathematically best
fits the x and y data points and minimises the sum of the squares of the residuals
of the points from the line.

To obtain the observationally-constrained values of �Cs,⌧ on the x-axis, a
spatial profile for the ‘observational’ future temperature was required. Due to
the uncertainty associated with climate sensitivity, which results in each model
projecting different future warming scenarios for the same amount of climate
forcing, an anomaly correction for future temperature projections was used.
This spatial future temperature anomaly was projected using each model and
each respective future SSP/RCP scenario separately. To calculate this, the
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temperature at the reference time frame (1995-2005), which overlaps the WFDEI
observational temperature data time frame (2001-2010), was subtracted from
the future temperature profile for each model (as calculated above), to calculate
the temperature change. Then, this temperature anomaly was added onto the
observational temperature dataset to give a model-derived future ‘observational’
temperature for each model. This was then be used together with the observa-
tional derived log ⌧s-temperature relationship, to project values for future ⌧s. Then
this together with relationship-derived historical ⌧s deduced using the observa-
tional temperature dataset, was used to calculate �⌧s. Finally, global �Cs,⌧ was
obtained by multiplying �⌧s by the observational dataset for Rh,0, using Equation
4.4, and then calculating a weighted-global total. As each model-derived future
‘observational’ temperature was considered separately, a range of projected
observational-constrained �Cs,⌧ values were obtained. This range was used to
define xobs, which represents the mean observational-constrained �Cs,⌧ value,
and a corresponding standard deviation due to the uncertainty in the modelled
spatial profiles of future temperatures.

P (y) =

Z 1

�1
P{ y | x}P (x) dx (4.7)

The emergent relationship and the observational constraint was combined to ob-
tain an emergent constraint on the model predicted sensitivity of �Cs,⌧ to global
warming (y-axis). To do this, Equation 4.7 was used to obtain a constrained prob-
ability density function on the y-axis. In Equation 4.7, P(y) defines the constrained
probability density function, P{ y | x} represents the emergent relationship, which
is a probability of y given x defined using linear regression, and P(x) represents
the observational-constrained xobs and associated uncertainty, which represents
the probability of x. P(y) was then deduced by integrating across all possible
x values to estimate y at any given point, and hence obtaining the constrained
probability density function on �Cs,⌧ . It is noted that the probability distributions
are assumed to be normal. In the Results, the spatial emergent constraint is first
presented on 2�C global warming (Figure 4.8), and then for 1�C and 3�C global
warming (Figure 4.10).

4.2.5 Observational sensitivity study

An observational sensitivity study on the spatial emergent constraint was consid-
ered for the following two reasons: (1) to test the robustness of the constraint,
and (2) to investigate the constraint dependence on the choice of observational
dataset. This sensitivity study involved repeating the above analysis with different
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observational-derived datasets to represent the output flux in Equation 4.1, to
reproduce the emergent constraint on �Cs,⌧ at 2�C of global warming.

To calculate ⌧s using Equation 4.1, an observational dataset for global het-
erotrophic respiration was required. In the main results section, CARDAMOM
(2001-2010) heterotrophic respiration was used (Bloom et al., 2015). The
CARDAMOM Rh dataset was used in the main results for the following two
main reasons: firstly, ⌧s was defined using heterotrophic respiration which allows
for consistency between models and observations, and secondly, the dataset
does not use a prescribed q10 sensitivity (Bloom et al., 2015). Instead, the
CARDAMOM Rh dataset was derived by explicitly assimilating observations
into a process-based diagnostic land-surface model. In the sensitivity study,
the following additional observational datasets were considered: NDP-08 ‘Inter-
annual Variability in Global Soil Respiration on a 0.5 Degree Grid Cell Basis’
dataset (1980-1994) (Raich et al., 2002), ‘Global spatiotemporal distribution of
soil respiration modelled using a global database’ (Hashimoto et al., 2015), and
MODIS Net Primary Productivity (NPP) (2000-2014) (Zhao et al., 2005). Figure
4.4 shows scatter plots showing one-to-one comparisons of each observational
datasets against one another.

The emergent constraint analysis was repeated with the MODIS NPP (Zhao
et al., 2005) and Raich 2002 Rs (Raich et al., 2002) datasets, for both CMIP6
and CMIP5 together as one ensemble and as separate model ensembles. It is
noted that the historical conditions under which these datasets are measured are
non-stationary, which means there is therefore an imbalance between NPP and
Rh which leads to the land carbon sink. However, this sink is a relatively small
fraction of these fluxes (less than 5%), so in most locations it is expected that Rh

and NPP will be close to being in balance (which can be seen in Figure 4.4).

The decision was made not to complete the spatial emergent constraint
analysis using the Hashimoto dataset (Hashimoto et al., 2015). This was
because not only is it inconsistent with the three other datasets considered,
it also shows an arbitrary maximum respiration level (Figure 4.4), which likely
results from the assumed temperature-dependence of soil respiration in this
dataset which takes a quadratic form. The quadratic form is justified based
on a site-level study in which it is used to fit temporal dynamics. However, the
parameters for the quadratic function that are fitted in the Hashimoto study are
very different from those in the site-level study, which therefore suggests that the
same relationship does not apply to the global distribution of mean annual soil
respiration.
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Figure 4.4: Scatter plots showing one-to-one comparisons of all the observa-
tional datasets which where considered in this study against one another, in-
cluding: CARDAMOM heterotrophic respiration (Rh) (Bloom et al., 2015), MODIS
net primary production (NPP) (Zhao et al., 2005), Raich 2002 soil respiration
(Rs) (Raich et al., 2002), and Hashimoto 2015 heterotrophic respiration (Rh)
(Hashimoto et al., 2015). The black data points represent the spatial data for
each grid point, and the red lines show a one-to-one comparison. The respective
r2 correlation coefficients are stated on each figure panel.

4.2.6 Calculating effective q10 for change in soil carbon

Simple models of soil carbon turnover (⌧s) are often based on a Q10 function,
which means that ⌧s depends on temperature as shown by Equation 4.8. The
results for �Cs,⌧ that would be derived from considering a simple Q10 function
(with q10=2, q10=2.5, q10=3), can be compared with the emergent constrained
value for �Cs,⌧ . This enables an estimation of an effective q10 sensitivity of
heterotrophic respiration.

⌧s = ⌧s,0 exp ((�0.1 log q10)�T ) (4.8)

To do this, an equation for �⌧s can be derived from Equation 4.8. This was
done by considering Equation 4.9, where ⌧s,0 is an initial ⌧s, and substituting in
⌧s in temperature sensitivity form (Equation 4.8) to obtain an equation for �⌧s in
temperature sensitivity form, as shown by Equation 4.10.

�⌧s = ⌧s � ⌧s,0 (4.9)
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�⌧s = ⌧s,0 exp ((�0.1 log q10)�T )� ⌧s,0 (4.10)

The equation for �⌧s in temperature sensitivity form (Equation 4.10), can be used
to obtain a temperature sensitivity form of the equation for the component of soil
carbon change due to the change in soil carbon turnover time (�Cs,⌧ ).

�Cs,⌧ = Rh,0⌧s,0[ exp ((�0.1 log q10)�T )� 1] (4.11)

�Cs,⌧ = Cs,0[ exp ((�0.1 log q10)�T )� 1] (4.12)

This was done by substituting Equation 4.10 into Equation 4.4, and obtains Equa-
tion 4.11. This equation was then simplified to obtain an equation relating �Cs,⌧

and �T , where the final form is shown by Equation 4.12.

4.3 Results

4.3.1 Proof of concept

To start, the spatial temperature sensitivity of soil carbon turnover time (⌧s) is
investigated. For each ESM, effective ⌧s can be calculated using time-averaged
(1995-2005) values of Cs and Rh at each grid-point, and applying the definition
(Equation 1). Similarly, this can be done for the observational datasets, using soil
carbon (Cs) in the top 1 metre (FAO and ISRIC, 2012; Hugelius et al., 2013) and
time-averaged (2001-2010) heterotrophic respiration (Rh) (Bloom et al., 2015),
as shown in Figure 4.5. Figure 4.5(c) shows the map of inferred values of ⌧s from
these observations, with a notable increase from approximately 7 years in the
warm tropics to over 100 years in the cooler high northern latitudes. This map
shows that carbon resides in the soils for longer periods of time in the northern
latitudes compared with the topical regions where the turnover of carbon is much
faster.

Similar maps can be diagnosed for each of year of data, for each ESM, and
for each future scenario, giving time and space varying values of ⌧s for each
model run. This enables the estimation of �Cs,⌧ , via the last term on the right
of Equation 4.3. For each ESM, the Rh,0 value was taken as the mean over the
decade 1995-2005, to overlap with the time period of the observations and to
maintain consistency across CMIP generations. Individual grid-point ⌧s values
were calculated for each year before calculating area-weighted global totals of
�Cs,⌧ .
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Figure 4.5: Maps of (a) observed soil carbon (Cs) to a depth of 1 m (kg C m�2)
(FAO and ISRIC, 2012; Hugelius et al., 2013), (b) observed heterotrophic res-
piration (Rh,0) (kg C m�2 yr�1) (Bloom et al., 2015), and (c) inferred soil carbon
turnover time (⌧s) (yr).

124



Figure 4.6: �Cs,⌧ vs �T plot diagnosed from sixteen Earth System Models
(seven CMIP6 ESMs and nine CMIP5 ESMs), for three different future scenar-
ios: SSP126, SSP245, SSP585, or RCP2.6, RCP4.5, RCP8.5, respectively. (a)
The change in soil carbon due to the change in soil carbon turnover time against
change in global mean temperatures; (b) The fractional change in soil carbon due
to the change in soil carbon turnover time against change in global mean temper-
atures, and compared to different effective q10 sensitivities.

The uncertainty of �Cs,⌧ stems from the uncertainty in modelled ⌧s, and
the uncertainty due to differing climate sensitivities of the models. In this study,
the aim was to quantify and constrain the uncertainty in ⌧s. To isolate the
uncertainty in the latter term, �Cs,⌧ was considered for differing levels of global
mean warming in each model. The resulting dependence of global total �Cs,⌧

on global warming is shown in Figure 4.6(a), for each of the ESMs considered in
both CMIP6 and CMIP5 (seven CMIP6 ESMs and nine CMIP5 ESMs), and for
three Shared Socioeconomic Pathways (SSP): SSP126, SSP245 and SSP585
(CMIP6) (O’Neill et al., 2016), or the equivalent Representative Concentration
Pathways (RCP): RCP2.6, RCP4.5, and RCP8.5 (CMIP5) (Meinshausen et al.,
2011). In all cases �Cs,⌧ is negative, which is consistent with the soil carbon
turnover time decreasing with warming. The more surprising thing to note is
the huge range in the projections, with a spread at 2�C global mean warming of
approximately 400 PgC, regardless of future SSP/RCP scenario. Figure 4.6(b)
plots the fractional change in soil carbon �Cs,⌧/Cs,0, showing that there is a large
range of effective q10 sensitivities between the model projections.

ESMs in both CMIP5 and CMIP6 can be used to test whether the spatial variation
in ⌧s reveals the sensitivity of soil carbon turnover to temperature. Figure 4.7(a)
is a scatter plot of log ⌧s against temperature, using the ⌧s values shown in Figure
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Figure 4.7: Figure showing the use of the spatial variability of ⌧s to estimate �Cs,⌧ .
(a) Scatter plot of the relationship between log ⌧s and air temperature from obser-
vations (FAO and ISRIC, 2012; Hugelius et al., 2013; Bloom et al., 2015; Weedon
et al., 2014) (black points), and a quadratic fit (black-dotted line) representing
the observational temperature sensitivity of log ⌧s. The equivalent quadratic fits
for the ESMs are shown by the coloured lines; (b) The proof of principle for the
method, showing an actual vs estimated comparison, representing the modelled
against the relationship-derived values of the �Cs,⌧ , where the change is consid-
ered between the start (1995-2005) and the end (2090-2100) of 21st century and
is assumed to relate to the top 1 metre of soil.

4.5(c) and mean temperatures from the empirical WFDEI dataset over the period
2001-2010 (Weedon et al., 2014). The thick black-dotted line is a quadratic fit
through these points. Also shown for comparison are equivalent quadratic fits for
each model (colourful lines), using the model log ⌧s and mean near-surface air
temperature (T ) values for each grid-point, over an overlapping period with the
observations (1995-2005). There is a spread in the data points due to variation
in soil moisture, soil type, and other soil parameters (Exbrayat et al., 2013b).
The model specific spread in the data can be seen for the CMIP6 and CMIP5
models in Figures 4.1 and 4.2, respectively. Although models do not account
for every possible factor contributing to this spread, the spread of points in the
models is generally similar to the observations (Figure 4.3). However, differences
between the best-fit functions relating ⌧s to T are evident between the models,
and between the models and the observations (Koven et al., 2017).

This suggests that it may be possible to constrain �Cs,⌧ using the observed
⌧s vs T fit from the observations, but only if it can show that such functions
can be used to predict �Cs,⌧ under climate change. In order to test this
premise, it is attempted to reconstruct the time-varying �Cs,⌧ projection for
each model using the time-invariant ⌧s vs T fit across spatial points (Figure
4.7(a)), and the time-invariant Rh,0 field. The change in soil carbon turnover
time (�⌧s(t)) for a given model run is estimated at each point based-on the
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⌧s vs T curve, and the time-varying projection of T at that point. A local
estimate of the subsequent change in soil carbon can then be made based-on
the farthest right-hand term of Equation 4.4 (Rh,0 �⌧s), which can be integrated
up to provide an estimated change in global soil carbon in the top 1 metre (�Cs,⌧ ).

Figure 4.7(b) shows the result of this test for all models and all respective
SSP and RCP scenarios. The axes of this plot show equivalent variables which
represent the global �Cs,⌧ , change between the mean value for 2090-2100 and
the mean value for 1995-2005. The y-axis represents the actual values for each
model as shown in Figure 4.6, and the x-axis represents the estimate derived
from spatial variability (as in Figure 4.7(a)). As hoped, actual vs estimated values
cluster tightly around a one-to-one line with an r

2 correlation coefficient value of
0.90.

The proof of concept investigation takes into account the extrapolation of
the log ⌧s-temperature relationship. As global warming will lead to the warmest
areas on Earth to have increased maximum temperatures in the future compared
with the same areas in the present day, some amount of extrapolation will be
required from the log ⌧s vs T curve inferred from the present day spatial patterns,
in order to infer the change in log ⌧s in the future. However, the extrapolations
are expected to be small relative to the range covered by the present day
spatial variability. The percentage of data points where modelled temperatures
went beyond observational spatial temperatures was investigated in the most
extreme future warming scenarios for CMIP6 and CMIP5, SSP585 and RCP8.5
respectively. It was found that the mean percentage value of spatial data points
in this case was 0.51% for CMIP6 and 4.4% for CMIP5. Moreover, given the
near linearity of the log ⌧s vs T curve, and the success of the estimates of the soil
carbon changes (�Cs,⌧ ) in each model using the log ⌧s vs T curve derived from
spatial variability, it suggests that the extrapolations at the hottest locations are
not affecting the success of the method.

4.3.2 The spatial emergent constraint

4.3.2.1 Spatial emergent constraint on 2�C of global warming

The tight cluster seen in Figure 4.7(b) gives confidence to use the ⌧s vs T fit and
Rh,0 from observations to constrain future projections of �Cs,⌧ . To remove the
uncertainty in future �Cs,⌧ due to the climate sensitivity of the models, a common
amount of global mean warming in each model was investigated. Figure 4.8(a)
is similar to Figure 4.7(b) but instead for the more policy-relevant case of 2�C
of global warming. As before, the y-axis represents the modelled �Cs,⌧ and the
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x-axis is the estimate derived from spatial variability. Once again, the actual and
estimated values of �Cs,⌧ cluster around the one-to-one line (with r

2
= 0.87).

The model range arises partly from differences in the initial field of heterotrophic
respiration (Rh,0), and partly from differences in �⌧s.

The vertical green line in Figure 4.8(a) represents the mean estimate when
the ⌧s vs T relationship and the Rh,0 field from the model are replaced with
the equivalents from the observations. The spread shown by the shaded area
represents the relatively small impact on �Cs,⌧ of differences in modelled spatial
climate change patterns at 2�C of global warming. In order to estimate the
remaining uncertainty in �Cs,⌧ , this spread is considered to be equivalent to
an observational uncertainty in an emergent constraint approach (Eyring et al.,
2019; Cox et al., 2018). A standard statistical approach (see methods, Cox et al.
(2013); Wenzel et al. (2016)) is applied to estimate the probability density function
of the y-axis variable (model �Cs,⌧ ), accounting for both this observational spread
and the quality of the emergent relationship. The analysis was completed with
both CMIP6 and CMIP5 models to show that the result is also robust to the
choice of model ensemble (see Table 4.1).

Figure 4.8(b) shows the resulting emergent constraint (blue line), and com-
pares this with the unweighted histogram of model values (grey blocks), and a
Gaussian fit to that prior distribution (black line), representing the distribution of
the range of projections before and after the constraint. The spatial emergent
constraint reduces the uncertainty in �Cs,⌧ at 2�C of global warming from -196
± 117 PgC to -232 ± 52 PgC (where these are mean values ± one standard
deviation for the top 1 metre).

4.3.2.2 Observational sensitivity study

The analysis was completed with additional observational datasets used in
the definition of ⌧s (Equation 1) to test the robustness and sensitivity of the
emergent constraint. A comparison of the derived observational relationships
from the sensitivity study is presented in Figure 4.9, where differences are more
prominent in the coldest and hottest temperature regions. The derived quadratic
relationships and the corresponding observational dataset were each then used
with Equation 4.4 as before to obtain a spatial emergent constraint on �Cs,⌧ .

The results for each observational dataset are presented in Table 4.1, which
shows the constrained values of �Cs,⌧ at 2�C global mean warming. It was found
that strongly-overlapping emergent constraints where found, despite the use of
different observational dataset. The constraint produced using Raich 2002 Rs
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Table 4.1: The table presents the sensitivity of the emergent constraint on �Cs,⌧

to model ensemble: CMIP5, CMIP6, or CMIP5 and CMIP6 combined (columns),
and to the observational dataset for heterotrophic respiration used in the calcu-
lation of ⌧s (rows). The penultimate row presents the constraint using the obser-
vational ⌧s v T fit and model Rh,0, opposed to observational Rh,0, to isolate the
uncertainty reduction from these different components. For comparison, the last
row shows the mean and standard deviation of the unconstrained model ensem-
ble.

Constrained �Cs,⌧ at 2�C global mean warming

Combined CMIP6 CMIP5

CARDAMOM Rh �232± 52 �238± 62 �227± 48

MODIS NPP �201± 53 �206± 63 �196± 49

Raich 2002 Rs �243± 50 �249± 59 �238± 46

CARDAMOM Rh

(Observational ⌧s v T fit, model Rh,0)
�227± 95 �220± 75 �230± 109

Unconstrained �Cs,⌧ �196± 117 �216± 109 �180± 121
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Figure 4.9: Comparison of the spatial log ⌧s-temperature quadratic fits derived
using the different observational datasets: CARDAMOM Rh (Bloom et al., 2015),
MODIS NPP (Zhao et al., 2005), and Raich 2002 Rs (Raich et al., 2002).

has a slightly higher mean constrained value, and the constraint obtained using
MODIS NPP obtains a lower mean constrained value, when compared to the
constrained value using CARDAMOM Rh. However, both constraints are within
the uncertainty range of the CARDAMOM Rh emergent constraint and the result
suggests the constraint is not sensitive to the choice of observational dataset.

4.3.2.3 Breakdown of the spatial emergent constraint

The success of the constraint on �Cs,⌧ under global warming is partly due to
the correction from using observational Rh, and partly due to the use of the
observational spatial temperature sensitivity of ‘real world’ ⌧s, which is shown by
Equation 4.4. To investigate the extent of which the constraint is dependent on
each of the observational corrections, the constraint on �Cs,⌧ at 2�C warming
was considered with each component individually. The results are shown in
the penultimate row of Table 4.1, and can be compared with the final emergent
constraint values in the first row, and the unconstrained values in the final row.

The results from this investigation show that the constraint on the CMIP6
ensemble is mostly due to the correction from the observational ⌧s-T relationship,
where this results in a reduced standard deviation ± 75 PgC compared with
± 109 PgC unconstrained and ± 62 PgC using the full constraint method.
Conversely, when only considering the CMIP5 ensemble, the reduced uncer-
tainty mostly comes from the correction from the use of the observational initial
heterotrophic respiration field, where this results in a reduced standard deviation
of ± 109 PgC compared with ± 121 PgC unconstrained and ± 48 PgC using the
full constraint method.
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Figure 4.10: The emergent constraint plot, showing actual vs estimated �Cs,⌧

for 1�C and 3�C of global warming, as shown in Figure 4.8(a) for 2�C of global
warming.

4.3.2.4 Spatial emergent constraint applied to differing levels of global

warming

The same method can be applied to find constrained values of �Cs,⌧ for other
values of global warming, where the correlation in the data was also tested
(r2 values for were as follows: 1�C is 0.84 and 3�C is 0.87). Spatial emergent
constraints on �Cs,⌧ are found for 1�C global warming, where the uncertainty
is reduced from -115 ± 70 PgC to -132 ± 32 PgC, and 3�C global warming,
where the uncertainty is reduced from -270 ± 161 PgC to -308 ± 71 PgC. The
corresponding emergent constraint plots are shown in Figure 4.10, with Figure
4.10(a) showing the constraint on 1�C global warming and 4.10(b) on 3�C global
warming.

Figure 4.8(c) shows the constrained range of �Cs,⌧ as a function of global
warming, which was found using the resultant constrained mean value of �Cs,⌧

obtained for each �C of global mean warming, and the corresponding uncertainty
bounds at the 68% confidence limits (±1 standard deviation). Also shown on
the Figure 4.8(c) are different �Cs,⌧ -�T sensitivity curves based on different
values of q10, for example q10 = 2, calculated using Equation 4.12. Here the
different degrees of global warming represent �T , and initial observational soil
carbon stocks (Cs,0) are used. These curves can also be seen on Figure 4.6(b).
It is important to note that there is no direct relationship between the effective
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Figure 4.11: The constrained values of �Cs,⌧ for differing levels of global mean
warming (�T ), diagnosed from sixteen Earth System Models (seven CMIP6
ESMs and nine CMIP5 ESMs), for three different future scenarios: SSP126,
SSP245, SSP585, or RCP2.6, RCP4.5, RCP8.5, respectively. The shaded grey
region, outlined by the black dotted line, shows the new constrained projected
range of �Cs,⌧ for increasing levels of global mean warming.

q10 for soil carbon change shown in Figures 4.6(b) and 4.8(c), and the spatial
⌧s-T relationships in Figure 4.7(a). The q10 value derived here is an effective q10

value that indicates the sensitivity of global soil carbon (in the top 1 metre) to
global mean temperature, where it can be seen that the emergent constraint is
consistent with an effective q10 ⇡ 2.5± 0.6.

Figure 4.11 shows the equivalent plot seen in Figure 4.6(a), which pre-
sented the large range of projections seen in �Cs,⌧ by the ESMs in CMIP6 and
CMIP5. However, Figure 4.11 includes the new constrained projections shown
by the shaded grey region and outlined by the black dotted line. This shaded
region shows the new reduced uncertainty in the projected change in soil carbon
due to the change in soil carbon turnover for given degrees of global warming
from this spatial emergent constraint method.

4.4 Discussion

The motivation for this study was due to the significant uncertainties found in
projections of future soil carbon storage under climate change, which have been
prominent across generations of ESMs (CMIP3, CMIP5 and CMIP6). It was
found in Chapter 3 that the uncertainty surrounding this response was mostly
due to uncertainties in the individual feedbacks, such as the changes from plants
inputs and reductions in soil carbon turnover time (⌧s). The importance of con-
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straining soil carbon turnover times in ESMs has been stated in the literature for
both CMIP5 (Todd-Brown et al., 2014) and CMIP6 (Ito et al., 2020) generations.
In this study, the response of soil carbon to climate change was separated into
the response from changes in litter and root inputs from plants and on reductions
in the turnover time of soil carbon (⌧s) with warming. The constraint focused on
the latter-term, which was defined as the change in soil carbon due to the re-
sponse of soil carbon turnover to climate change in the top 1 metre of soil (�Cs,⌧ ).

This study defines the term ‘spatial emergent constraint’, which is the term
used to describe an emergent constraint which is based on using a spatial
temperature sensitivity to obtain a sensitivity to global warming. In previous
emergent constraint studies, temporal trends, such as annual variability Cox
et al. (2013) and seasonable cycles (Wenzel et al., 2014), have been used
as the observable variable upon which the constraint is based. Unfortunately,
time-varying observational datasets of Cs and Rh do not exist, which might have
allowed a direct constraint on the projected uncertainty in global total �Cs,⌧

to global warming (Figure 4.6). Instead it is explored whether the observed
spatial variability in ⌧s (as shown in Figure 4.5(c)) provides some observational
constraint on the sensitivity of ⌧s to temperature. In doing so, this premise is
motivated by Chadburn et al. (2017) who used the correlation between the ob-
served geographical distributions of permafrost and air temperature to constrain
projections of future permafrost area under global warming. The concept relies
on inferring how sensitive an Earth system variable is to temperature by the
spatial temperature sensitivity, which you can then use to predict the sensitivity
to future global warming based on this derived relationship to temperature. A
spatial to temporal substitution can then be used to help constrain projections of
the sensitivity of an Earth system variable to climate change.

As discussed in Chapter 1, for an emergent constraint to be credible the
premise must be based on a physical understanding of the Earth system. In this
case, the success and robustness of the method relies on the response of an
Earth system variable to increased global temperatures under global warming to
be the primary source of change at a global scale, opposed to the other associ-
ated climate change affects such as increased atmospheric CO2 concentrations.
In this case, the investigation took place using soil carbon turnover time (⌧s) which
has previously been found to be especially dependent on temperature (Crowther
et al., 2016; Davidson and Janssens, 2006; Trumbore et al., 1996; Jenkinson
et al., 1991). Additionally, the spatial patterns of ⌧s to temperature in CMIP5
simulations and observations were previously shown in Koven et al. (2017),
where it was presented that a higher climatological temperature sensitivity was
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seen in cold regions compared to warmer regions on Earth. The result found in
Koven et al. (2017) suggested the potential for the spatial relationship of ⌧s to
temperature to infer the temperature sensitivity of ⌧s, and the potential to use this
with the emergent constraint technique.

Another method discussed in Chapter 1 to improve the credibility of an
emergent constraint is the robustness to model ensemble. The deduced emer-
gent constraint in this study included investigations into the sensitivity of the
constraint to both model ensemble and observational dataset. Firstly, it was found
that the spatial emergent constraint was consistent across CMIP generations,
where the constraint held between CMIP5 and CMIP6 ensemble generations of
ESMs (Table 4.1). Secondly, the spatial emergent constraint was found to be
robust for different observational datasets, where overlapping constraints where
found at 2� global warming (Table 4.1). A result of this improves the confidence
and robustness of the constraint and the consequent constrained projections of
�Cs,⌧ under global warming.

4.5 Conclusions

Emergent constraints provide promise in helping to reduce the uncertainty
surrounding the feedback of the carbon cycle to climate change. Projections
of the future response to soil carbon due to reductions in turnover time (�Cs,⌧ )
using CMIP6 and CMIP5 ESMs were found to span a large range even at 2�C of
global warming (-196 ± 117 PgC). This study presented a constraint on �Cs,⌧ ,
which makes use of current heterotrophic respiration and the spatial variability of
⌧s inferred from observations. This spatial emergent constraint resulted in suc-
cessfully halving the uncertainty in �Cs,⌧ at 2�C global warming to -232 ± 52 PgC.

The result suggests a potential release of approximately 230 billions tonnes of
carbon into the atmosphere from the soil, if not negated by increased carbon
input from plant productivity. To obtain a constraint on the overall response of
soil carbon to climate change, further research on constraining this input flux of
carbon to the soil under climate change is required. The result for the projected
change in soil carbon due to reductions in soil carbon turnover rules out the most
extreme projections, but nonetheless suggests substantial soil carbon losses due
to climate change even in the absence of losses of deeper permafrost carbon.
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Chapter 5

Soil carbon-concentration and

carbon-climate feedbacks in CMIP6

Earth System Models

Abstract

Throughout this thesis, the aim has been to quantify and understand uncertainty
surrounding the future response of soil carbon storage under climate change.
The most commonly used approach to quantify changes in land carbon storage
is the {�, �} formulation which breaks-down the changes in land carbon storage
into two distinct linear feedback terms: carbon-concentration (�L) and carbon-
climate (�L) feedbacks (Friedlingstein et al., 2006). In this chapter, we use a
similar approach specifically to examine projected changes in soil carbon storage.

5.1 Introduction

The future response of terrestrial carbon storage to anthropogenic CO2 emissions
is fundamental in understanding future changes to the Earth’s climate system
(Friedlingstein et al., 2020). Carbon cycle feedbacks are defined to describe
the carbon cycle responses to increases in atmospheric CO2 concentrations
and the associated impact of climate change, such as through increases to
atmospheric temperatures and changes in precipitation patterns (Canadell et al.,
2021). Quantification of carbon cycle feedbacks is required to determine the
overall response of the climate system to given atmospheric CO2 emissions
(Gregory et al., 2009). Land carbon cycle feedbacks are commonly broken-down
into carbon-concentration feedbacks (�L), which are a measure of how terrestrial
carbon responds to an increased atmospheric CO2 concentration, and carbon-
climate feedbacks (�L), which are a measure of how terrestrial carbon responds
to subsequent changes in climate (Friedlingstein et al., 2003, 2006).
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These feedbacks are used to isolate the sensitivities of land carbon stor-
age to changes in atmospheric CO2 (�CO2) and global temperatures (�T ),
which is assumed to represent the overall impacts of climate change on large
spatial scales (Arora et al., 2020). The feedback parameters �L and �L have
previously been calculated for Earth System Models (ESMs) of both the CMIP5
generation (Arora et al., 2013) and CMIP6 generation (Arora et al., 2020) of
the Coupled Model Intercomparison Project (CMIP). An advantage of using this
formulation is that it allows for the quantification of the feedbacks for a given
atmospheric CO2 concentration, which can then be used as a simplified measure
to compare amongst ESMs, despite the increasing ESM complexities (Arora
et al., 2020, 2013; Gregory et al., 2009). Additionally, the technique can be
used for concentration-driven and emission-driven simulations and removes the
differences due to different climate sensitivities amongst the models (Arora et al.,
2020; Boer and Arora, 2013; Friedlingstein et al., 2006). In this chapter, the
focus is on quantifying soil carbon driven feedbacks in CMIP6 ESMs, and the
sensitivity of soil carbon storage to future changes in the climate system. To do
this, soil carbon carbon-concentration and carbon-climate feedbacks, {�s, �s},
are estimated. In order to remove the complicating impacts of land-use change,
Coupled Climate-Carbon Cycle Model Intercomparison Project (C4MIP) idealised
experiments are considered (Arora et al., 2020, 2013; Jones et al., 2016). The
aim of the chapter is to compare �s and �s between models across the CMIP6
generation, and to look for evidence of non-linearities that are not captured by
this approach.

5.2 Methods

5.2.1 C4MIP simulations

The Coupled Climate-Carbon Cycle Model Intercomparison Project (C4MIP)
was set up to ease comparison of carbon cycle feedbacks in the climate system
projected by ESMs, with the first results being presented in Friedlingstein
et al. (2006). Since then, C4MIP has provided a common framework to allow
for comparison and consistent evaluation of ESMs in each generation of the
Coupled Model Intercomparison Project (CMIP). This framework includes a set
of idealised experiments to simplify and quantify the impact of increasing atmo-
spheric CO2 on the climate system, where additional effects such as land-use
change, aerosols, or non-CO2 greenhouse gases are not included (Arora et al.,
2020, 2013). The main simulation is known as the 1% CO2 run (CMIP simulation
1pctCO2), and is a simulation which sees a 1% increase in atmospheric CO2

per year (referred to in this chapter as the full 1% CO2 simulation), starting from
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pre-industrial concentrations and running for 150 years.

Additional versions of this model experiment were designed to evaluate carbon
cycle feedbacks, where the ‘CO2’ effects and ‘climate’ effects are isolated (Arora
et al., 2020, 2013). These are known as: biogeochemically coupled (referred to
in this Chapter as BGC simulation) and radiatively coupled (referred to in this
chapter as RAD simulation) 1% CO2 runs. In the BGC runs (CMIP6 simulation
1pctCO2-bgc and CMIP5 simulation esmFixClim1), the 1% CO2 increase per
year only affects the carbon cycle component of the ESM while the atmospheric
radiation code continues to see pre-industrial CO2 values. Conversely, in the
RAD runs (CMIP6 simulation 1pctCO2-rad and CMIP5 simulation esmFdbk1),
the 1% CO2 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). In both runs, nitrogen deposition is also fixed at pre-industrial values
(Jones et al., 2016).

In this chapter, the full 1% CO2, BGC, and RAD C4MIP experiments are
analysed from ten Coupled Model Inter-comparison Project Phase 6 (CMIP6)
ESMs (Eyring et al., 2016; Meehl et al., 2014). The CMIP6 ESMs included
in this study are: 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. Information about the ESMs is presented in Table 2.1 of
Chapter 2.

5.2.2 Soil carbon-concentration and carbon-climate feed-

backs

5.2.2.1 Friedlingstein et al. (2006) {�, �} formulation

Friedlingstein et al. (2003) were first to perform a feedback analysis to estimate
the feedbacks of the carbon cycle under a changing climate using a linear
approximation. Friedlingstein et al. (2006) adopted a similar approach, assuming
�CL can be approximated using feedback parameters which define separate
sensitivities to changes in atmospheric CO2 (�CO2) and changes in global
temperatures (�T ), defined as the land carbon-concentration (�L) and carbon-
climate (�L) (Equation 5.1).

�CL ⇡ �L�CO2 + �L�T (5.1)

The Friedlingstein et al. (2006) methodology (referred to in this chapter as the
{�, �} formulation) uses time-integrated fluxes, which represent the global total
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change in size of the land carbon pool (�CL). This is presented for the full
1% CO2 simulation (Equation 5.2), BGC simulation (Equation 5.3), and RAD
simulation (Equation 5.4) below, where �CL, �C

BGC
L , and �C

RAD
L are the

changes in global land carbon pools (PgC), and FL, FBGC
L , and F

RAD
L represent

the changes to the carbon fluxes (PgC yr�1), for each simulation respectively.

�CL =

Z
FL dt = �L�CO2 + �L�T (5.2)

�C
BGC
L =

Z
F

BGC
L dt = �L�CO2 + �L�T

BGC

⇡ �L�CO2

(5.3)

�C
RAD
L =

Z
F

RAD
L dt = �L�T

RAD (5.4)

In these equations, �CO2(t) is identical in the full 1% CO2 and BGC simulations
(Equations 5.2 and 5.3, respectively), as the carbon cycle sees increases in CO2

in both cases. However, �CO2 can be neglected in the RAD simulation (Equation
5.4), as the carbon cycle sees no increased CO2 in this case. �T , �T

BGC , and
�T

RAD are the changes in global temperatures, in the full 1% CO2, BGC, and
RAD simulations, respectively. In Equation 5.3, �T

BGC is assumed to be negli-
gible, following Friedlingstein et al. (2006) where the small temperature change
in the BGC simulation (�T

BGC) was ignored. The radiation code in the BGC
simulation does not see an increase in CO2, however Arora et al. (2020) explain
that changes in the carbon cycle arising from increases in CO2 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 cover-
age if dynamic vegetation is included in the ESM. In this study, the temperature
changes in the BGC simulation are assumed to be negligible in the context of the
{�, �} formulation.

5.2.2.2 Defining soil carbon-concentration and carbon-climate feedbacks

The changes in land carbon storage, �CL, can be written as the sum of the
changes in vegetation carbon (�Cv) and changes in soil carbon (�Cs). This
assumption allows for a similar breakdown of the land carbon-concentration and
carbon-climate feedback parameters, where �L = �v+�s and �L = �v+�s (Figure
5.5).
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�CL ⇡ (�v + �s)�CO2 + (�v + �s)�T (5.5)

�Cs ⇡ �s�CO2 + �s�T (5.6)

Therefore, an equation for �Cs can be obtained, with soil specific carbon-
concentration (�s) and carbon-climate (�s) feedback parameters, which represent
the sensitivity of �Cs to CO2 and T, respectively (Equation 5.6).

5.2.3 Calculation of carbon-concentration and carbon-climate

feedback parameters

5.2.3.1 Defining climate variables

For each of the CMIP6 ESMs, the CMIP output variables: cSoil, cLitter, and
cVeg are considered in the analysis for future land carbon storage. Soil carbon
(Cs) is defined as the sum of carbon stored in soils and the carbon stored in
the vegetation litter (CMIP variable cSoil + CMIP variable cLitter ), allowing
for a more consistent comparison between the models due to differences in
how soil carbon and litter carbon are simulated (Arora et al., 2020; 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. Land carbon (CL) is defined as the sum of carbon stored in soil + litter
(Cs), plus the carbon stored in vegetation (Cv, CMIP variable cVeg). Global
total values for Cs and CL are given in units of PgC, which are calculated using
an area weighted sum (using the model land surface fraction, CMIP variable sftlf ).

Increases in global temperatures (�T ) are considered using CMIP variable
tas, which is defined as the change in near-surface air temperature in �C. To cal-
culate changes in atmospheric CO2 (�CO2) in the C4MIP 1% CO2 simulations,
initial pre-industrial CO2 concentrations are considered as 285 ppm, and then
cumulatively increased by 1% each year, for 71 years (⇡ 2xCO2) or 141 years (⇡
4xCO2).

5.2.3.2 Carbon-concentration feedback parameter (�)

To calculate the soil carbon-concentration feedback parameter (�s), the BGC run
was used. For each ESM, soil carbon in the BGC run (CBGC

s , PgC) was plotted
against calculated CO2 concentrations (ppm). To calculate �s (expressed in units
of carbon uptake or release per unit change in CO2, PgC ppm�1), the gradient was
found using linear regression (using the python package numpy polyfit) between
C

BGC
s and CO2, for both 2xCO2 and 4xCO2. �s is defined to be the gradient.
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To calculate the land carbon-concentration feedback parameter (�L), the same
method was used but replacing C

BGC
s with C

BGC
L .

5.2.3.3 Carbon-climate feedback parameter (�)

To calculate the soil carbon-climate feedback parameter (�s), the RAD run was
used. For each ESM, soil carbon in the RAD run (CRAD

s , PgC) was plotted against
changing temperature T (�C) of each model. To calculate �s (expressed in units
of carbon uptake or release per unit change in temperature, PgC �C�1), the gra-
dient was found using linear regression (using the python package numpy polyfit)
between C

RAD
s and T, for both 2xCO2 and 4xCO2. �s is defined to be the gradient.

To calculate the land carbon-climate feedback parameter (�L), the same method
was used but replacing C

RAD
s with C

RAD
L .

5.2.3.4 Validity of method

In designing the C4MIP experiments, the purpose of the BGC simulation was
to isolate the sensitivities to CO2 for the calculation of �, and the purpose of
the RAD simulation was to isolate the sensitivities to T for the calculation of �.
Therefore, this is the methodology chosen in this study for an initial investigation
into soil carbon specific � and � feedback parameters. However, to test the
validity of the method used here, the land carbon-concentration (�L) and carbon-
climate (�L) feedback parameters derived in this study for the CMIP6 ESMs are
compared with the equivalent values presented in Arora et al. (2020) (named
�
A2020
L and �

⇤,A2020
L ), for both 2xCO2 and 4xCO2 (Table 5.1). Note, the land carbon

feedback parameters are considered to test the validity of the method as this is
the first study to calculate soil specific feedback parameters in this way (where,
CL = Cs + Cv).

Arora et al. (2020) chose an adapted method to calculate the land carbon-
climate feedback parameters with the CMIP6 ESMs (referred to here as �

⇤). To
calculate �

⇤, the full 1% CO2 and BGC simulations were used, opposed to the
RAD simulation (see the BGC-COU approach, Table 1 in Arora et al. (2020)).
Therefore, �

⇤
L was calculated and compared with �

⇤,A2020
L , where if linearity is

assumed, � ⇡ �
⇤. To calculate �

⇤
L, land carbon in the BGC run (CBGC

L ) is
subtracted from land carbon in the full 1% CO2 run (CL), then the resultant
land carbon was plotted against changing temperature T (�C) from the full 1%
CO2 simulation for each model. To calculate �

⇤
L (PgC �C�1), the gradient was

found using linear regression (using the python package numpy polyfit) between
CL � C

BGC
L and T, for both 2xCO2 and 4xCO2, where �

⇤
s is defined to be the

gradient.
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The �L values calculated in this chapter are consistent with the Arora et al.
(2020) values, but there are some differences in the �

⇤
L values (Table 5.1). Future

studies should investigate the sensitivity of �s and �s to different calculation
methods, but this is beyond the scope of this chapter.

5.3 Results

5.3.1 Investigating projections of soil carbon in the 1% CO2

simulations

Projections of soil carbon change (�Cs) in CMIP6 ESMs for the full 1% CO2,
biogeochemically coupled 1% CO2 (BGC) and radiatively coupled 1% CO2 (RAD)
simulations, are presented in Figure 5.1. Soil carbon is projected to increase in
the full 1% CO2 simulation amongst CMIP6 ESMs (ensemble mean +88.2±40.4
PgC at 2xCO2 and +177±141 PgC at 4xCO2). 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 2xCO2, and a range of +15 PgC (ACCESS-
ESM1-5) to +502 PgC (CanESM5) at 4xCO2. Six of the ESMs (CanESM5,
CESM2, IPSL-CM6A-LR, MIROC-ES2L, MPI-ESM1-2-LR, NorESM2-LM) see
an increased �Cs value with increasing climate forcing, however the remaining
four ESMs (ACCESS-ESM1-5, BCC-CSM2-MR, GFDL-ESM4, UKESM1-0-LL)
see a saturation affect on the increase or a turning point, where carbon starts to
decrease again from 70 years (⇡ 2xCO2) in the simulation (Figure 5.1(a)).

The projected increase in �Cs is the net effect of the increases projected
in the BGC run (ensemble mean +132±66.5 PgC at 2xCO2 and +348±203
PgC at 4xCO2, Figure 5.1(b)) and the decreases projected in the RAD run
(ensemble mean -45.5±22.9 PgC at 2xCO2 and -170±94.7 PgC at 4xCO2,
Figure 5.1(c)), where the response due to increases in atmospheric CO2 (BGC
simulation) dominate the overall response (full 1% CO2 simulation) in the majority
of models. In the BGC simulation, projected �Cs values range from +49 PgC
(NorESM2-LM) to +267 PgC (BCC-CSM2-MR) at 2xCO2, and from +113 PgC
(ACCESS-ESM1-5) to +721 PgC (BCC-CSM2-MR) at 4xCO2. In the RAD
simulation, lower magnitudes are seen, where projected �Cs values range from
-16 PgC (CESM2) to -84 PgC (BCC-CSM2-MR) at 2xCO2, and from -60 PgC
(MPI-ESM1-2-LR) to -372 PgC (BCC-CSM2-MR) at 4xCO2.

Figure 5.2 shows patterns of changes in soil carbon (�Cs) at 4xCO2, for the
full 1% CO2, biogeochemically coupled 1% CO2 (BGC) and radiatively coupled
1% CO2 (RAD) simulations. In the BGC simulation, increases in �Cs are seen
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Figure 5.1: Timeseries of projected changes in soil carbon (�Cs) in CMIP6 ESMs
for the idealised 1% CO2 (left column), biogeochemically coupled 1% CO2 (BGC,
middle column) and radiatively coupled 1% CO2 (RAD, right column) simulations.

across all regions in CMIP6 ESMs, apart from slight decreases found in the
northern latitudes of the CanESM5 and NorESM2-LM models. The projected
increases in �Cs have spatially varying magnitudes, but generally the greatest
increases are seen in the tropical regions. In the RAD simulation, �Cs is found
to be more spatially variable compared with the BGC simulation. In the RAD
simulation, generally �Cs decreases globally, with the greatest decreases seen
in the tropical regions. However, the greatest disagreement is seen in the north-
ern latitudes, where four models (ACESS-ESM1-5, CanESM5, MIROC-ES2L,
UKESM1-0-LL) see an increase in �Cs, but three models (BCC-CSM2-MR,
CESM2, NorESM2-LM) see a decrease in �Cs. The overall �Cs values seen in
the full 1% CO2 simulation are again found to be mostly dominated by the BGC
simulation (Figure 5.2). However, exceptions are seen where the RAD simulation
dominates for certain regions in some CMIP6 ESMs. Specifically, the decrease in
�Cs in the RAD simulation dominates the overall response of �Cs in the northern
latitudes of BCC-CSM2-MR, CESM2, and NorESM2-LM (the only models where
decreases where seen), as well as �Cs in tropical regions of ACCESS-ESM1-5,
GFDL-ESM4, and UKESM1-0-LL.

5.3.2 Soil carbon-concentration and carbon-climate feedback

parameters

The sensitivity of soil carbon to changes in atmospheric CO2 (BGC simulation)
and global temperatures (RAD simulation) can be quantified using soil carbon
specific carbon-concentration (�s) and carbon-climate (�s) feedback parameters.
The soil carbon-concentration (�s) and carbon-climate (�s) feedback parameters
were calculated for each CMIP6 ESM, and the values are presented in Table 5.2.
�s is found to be positive amongst the CMIP6 ESMs, consistent with increased
Cs with increasing CO2, and �s is found to be negative, consistent with decreased
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Figure 5.2: Maps of changes in soil carbon (�Cs) at 4xCO2 in CMIP6 ESMs for
the idealised simulations 1% CO2 (left column), biogeochemically coupled 1%
CO2 (BGC, middle column) and radiatively coupled 1% CO2 (RAD, right column).
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Cs with increasing temperature.

The climate feedback (�s) is found to be slightly more uncertain amongst
the CMIP6 ESMs compared with the concentration feedback (�s), where the �s

ensemble standard deviation has a magnitude of 61% of the mean, compared
to 57% in �s projections at 4xCO2. The �s parameters varied from 0.174 PgC
ppm�1 (NorESM2-LM) to 0.957 PgC ppm�1 (BCC-CSM2-MR) at 2xCO2, and
from 0.127 PgC ppm�1 (ACCESS-ESM1-5) to 0.837 PgC ppm�1 (BCC-CSM2-
MR) at 4xCO2. The �s parameters are found to be less consistent between
2xCO2 and 4xCO2, and varied from -7.87 PgC �C�1 (CESM2) to -53.7 PgC
�C�1 (BCC-CSM2-MR) at 2xCO2, and from -15.1 PgC �C�1 (CESM2) to -83.7
PgC �C�1 (BCC-CSM2-MR) at 4xCO2 (Table 5.2). Generally, models with higher
sensitivities to CO2 (�s), also have higher sensitivities to temperature (�s), where
an r2 value of 0.6 is found between the �s and �s values.

The calculation of the soil carbon-concentration (�s) and carbon-climate (�s)
feedback parameters for 2xCO2 are shown in Figure 5.3. Projections of soil
carbon in the BGC simulation (CBGC

s ) are shown in Figure 5.3(a) and projections
of soil carbon in the RAD simulation (CRAD

s ) are shown in Figure 5.3(b). Soil
carbon responds approximately linearly to both CO2 (�C

BGC
s ) and temperature

(�C
RAD
s ) up until 2xCO2. However, above 2xCO2, the changes seen in many of

the models diverge from this linear behaviour.

In the BGC simulation, C
BGC
s is found to have a continuous linearity with

CO2 in the CESM2, CanESM5, and NorESM2-LM models, with a relatively
consistent �s factor for both 2xCO2 and 4xCO2 (Table 5.2). However, the
majority of the CMIP6 ESMs (ACESS-ESM1-5, BCC-CSM2-MR, GFDL-ESM4,
IPSL-CM6A-LR, MIROC-ES2L, MPI-ESM1-2-LR, and UKESM1-0-LL) see a
saturation to the increase, and the projected C

BGC
s at 4xCO2 is less than the

estimated sensitivity by the 2xCO2 �s line (Figure 5.3(a)).

In the RAD simulation, the ESMs in CMIP6 suggest an increased sensi-
tivity of C

RAD
s to temperature (T) with increased climate forcing. However,

the magnitude of this affect varies amongst the models. The CESM2 and
NorESM2-LM models have amongst the lowest sensitivities to T at 2xCO2,
however approximately a 50% increase is seen in �s between 2xCO2 and 4xCO2

(Table 5.2). Also amongst the lowest sensitivities to T are the IPSL-CM6A-LR
and MPI-ESM1-2-LR models, but this remains the case with increased forcing
and only a small difference is seen between �s at 2xCO2 and 4xCO2 in these
models. The models with the greatest sensitivities to T are BCC-CSM2-MR and
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(a) �s (b) �s

Figure 5.3: Timeseries plots showing the calculation of the soil carbon-
concentration feedback parameters (a) �s, and soil carbon-climate feedback pa-
rameters (b) �s, to 2xCO2 for each CMIP6 ESM.

MIROC-ES2L at both 2xCO2 and 4xCO2 (Figure 5.3(b)).

5.3.3 Investigating the non-linearity in soil carbon sensitivi-

ties to climate change

The projected change in soil carbon (�Cs) in ESMs in the full 1% CO2 simula-
tions was compared with the estimated �Cs derived using Equation 5.6, which
uses the derived �s and �s feedback parameters together with model specific �T ,
with estimates for both 2xCO2 and 4xCO2 (Figure 5.4). At 2xCO2, the {�, �} ap-
proximation is found to predict �Cs within 15% of the actual projected values in
the 1% CO2 simulation for seven out of the ten CMIP6 ESMs (CanESM5, CESM2,
GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-LR, NorESM2-LM, and UKESM1-0-
LL). The remaining models where the linear approximation is less consistent with
projected �Cs changes are ACCESS-ESM1-5, BCC-CSM2-MR, and MIROC-

149



Figure 5.4: Bar charts comparing �Cs (PgC) in the full 1% CO2 simulations
with estimated �Cs using the calculated �s and �s feedback parameters for each
CMIP6 ESM, where estimated �Cs ⇡ �s�CO2 + �s�T , for (a) 2xCO2 and (b)
4xCO2.

ES2L (Figure 5.4(a)). At 4xCO2, the {�, �} approximation is found to be less
robust at predicting consistent changes in soil carbon. The linear approximation
is most robust in the CESM2 and NorESM2-LM models, where �s�CO2+�s�T is
within 10% of the projected �Cs, followed by the CanESM5 and MPI-ESM1-2-LR
models which were within 15%. The models where the linear approximation is the
least consistent with projected �Cs are ACCESS-ESM1-5 and BCC-CSM2-MR,
where it is shown that the linear approximation is not suitable at 4xCO2 (Figure
5.4(b)).

5.3.4 Comparisons with land carbon-concentration and

carbon-climate feedback parameters

The contribution of the sensitivity of soil carbon stocks (Cs) to the total sensitivity
of future land carbon stocks (CL) was investigated, where comparisons are made
between the soil and land carbon-concentration feedback parameters, �s and �L,
and the soil and land carbon-climate feedback parameters, �s and �L (Figure 5.5).
For the carbon-concentration feedback (�), the portion of the �L response that is
due to global soils (�s) ranges from 19% (NorESM2-LM) to 53% (BCC-CSM2-
MR), with a mean of 38 ± 11 % seen across the CMIP6 ESMs at 2xCO2 (Figure
5.5(a)). At 4xCO2 the range is from 22% (NorESM2-LM) to 59% (MIROC-ES2-
L), with a mean of 42 ± 12 % seen across the CMIP6 ESMs (Figure 5.5(b)). The
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portion of �L due to �s remains consistent between 2xCO2 and 4xCO2, suggesting
consistent sensitivities with increased forcing. For the carbon-climate feedback
(�), the portion of the �L response that is due to global soils (�s) ranges from
approximately 26% (CESM2) to 153% (MPI-ESM1-2-LM), with a mean of 55 ±
32 % seen across the CMIP6 ESMs at 2xCO2 (Figure 5.5(a)), and at 4xCO2 the
ranges is from 50% (CESM2) to 165% (MPI-ESM1-2-LM), with a mean of 76 ± 33
% seen across the CMIP6 ESMs (Figure 5.5(b)). Therefore, the portion of �L due
to �s increases with increasing climate forcing, suggesting that soil dominates the
response of land carbon to climate, especially at more extreme levels of climate
change.

5.4 Discussion

Quantifying future changes in soil carbon under climate change is vital in order to
understand future changes in the Earth’s climate system (Canadell et al., 2021;
Ciais et al., 2013). Changes in soil carbon (�Cs) are generally assumed to result
from either changes in atmospheric CO2 or changes in global temperatures (T),
approximately controlled by increased soil carbon due to the CO2 fertilisation
effect and decreased soil carbon by increases in heterotrophic respiration (Rh),
respectively (Todd-Brown et al., 2014). By separating the effects of increasing
CO2 and T, the C4MIP (Jones et al., 2016) ESM simulations allow the effects
of these two processes to be examined individually. Consistent increases in
soil carbon across the CMIP6 ESMs in the BGC simulations (‘CO2 only’), and
consistent decreases in soil carbon in the RAD simulations (‘climate only’)
(Figure 5.1), demonstrate these two processes, and are consistent with ESM
predictions seen for changes in the overall land carbon responses (Arora et al.,
2020, 2013).

Understanding how these two processes relate to the overall soil carbon
response under climate change is crucial to quantifying changes to soil carbon
stocks in the future. The commonly used {�, �} formulation allows for the
quantification of sensitivities to both CO2 and T, and assumes that the overall
response can be approximated as a linear combination of the individual feed-
backs (Friedlingstein et al., 2006). This formulation has previously been used to
quantify both land and ocean responses in both CMIP5 and CMIP6 generation
of ESMs (Arora et al., 2020, 2013; Boer and Arora, 2009), but has yet to be
used to approximate the sensitivity of soil carbon and quantify the soil carbon
feedback in ESMs. In this study, the Friedlingstein et al. (2006) {�, �} formulation
is adapted to define soil carbon specific feedback parameters and quantify the
sensitivity of soil carbon to CO2 and T. The work in this chapter shows that the
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Figure 5.5: Bar charts comparing the land carbon-concentration (�L) feedback
parameters with the soil carbon-concentration (�s) feedback parameters (top
row), and the land carbon-climate (�L) feedback parameters with the soil carbon-
climate (�s) feedback parameters (bottom row), for (a) 2xCO2 and (b) 4xCO2.
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linear approximation into CO2 and T sensitivities is a good approximation to
predict soil carbon changes in CMIP6 ESMs up until approximately a doubling
of pre-industrial CO2 values. However, as the change in CO2 increases beyond
a doubling of CO2, the linear approximation breaks down in approximately six
out of ten ESMs within the ensemble, and significant divergences are seen
between the actual soil carbon predicted by CMIP6 ESMs and the change in soil
carbon predicted by the {�, �} formulation. This is seen both in terms of the re-
sponse to T or CO2 individually (Figure 5.3) and in terms of the additive nature of
the T and CO2 responses in giving the response in the full simulation (Figure 5.4).

The breakdown of the {�, �} approximation at high CO2 in CMIP6 ESMs
may imply cross-terms between the CO2 and T responses. Non-linearities in the
future land and ocean carbon responses have previously been found in ESMs
(Arora et al., 2020; Schwinger et al., 2014; Zickfeld et al., 2011; Gregory et al.,
2009). Zickfeld et al. (2011) suggest that the non-linearity in the land response
is due to significantly differing vegetation responses which depend on whether
or not climate effects are combined with the CO2 fertilization effect, for example
forest dieback. However, this is found to be model dependent, for example not all
models simulate dynamic vegetation. The spatial variations in the response of
soil carbon to CO2 and climate that are seen in Figure 5.2 could also contribute
to the non-linearity. For example, a different spatial pattern of soil carbon
under elevated CO2 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 ac-
count 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). Model dependency
was also found here, with the first-order linear approximation remaining a valid
formulation for four out of the ten ESMs within CMIP6, even at 4xCO2 (Figure
5.4). Therefore, a non-linearity in CO2 and T is not robustly found amongst the
CMIP6 models. Conversely, the non-linearity presented in Chapter 3, which
suggested a future non-linearity between Net Primary Productivity (NPP) and
soil carbon turnover time (⌧s), was found to be consistent amongst CMIP6 ESMs
and was seen at all levels of climate change across the future SSP scenarios.
To further investigate the sensitivities of soil carbon to individual CO2 and T
responses, an investigation into the sensitivities of the soil carbon controls using
the C4MIP simulations is suggested (see Chapter 6).
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5.5 Conclusions

The Friedlingstein et al. (2006) methodology adapted in this chapter suggests
that �s and �s is a valid assumption for projected soil carbon changes in ESMs up
until a doubling of CO2. 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 to changes in global temperature is the dominant response of the land
surface. 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 increased with
increasing climate forcing, suggesting that soil carbon is particularly important
in the long-term response of land carbon storage under extreme levels of global
warming. This result suggests the need for future model development to focus
on the simulation of soil carbon in ESMs, with a specific focus on below-ground
processes.
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Chapter 6

Relating the {�, �} formulation to

the {NPP, ⌧s} formulation

Abstract

In Chapter 5, the response of soil carbon in CMIP6 models was broken-down
using the {�, �} formulation, separating the responses to increases in atmo-
spheric CO2 and global warming (Friedlingstein et al., 2006). By contrast in
Chapter 3, the soil carbon response was analysed in terms of above-ground
(NPP) and below-ground (⌧s) processes, called here the ‘{NPP, ⌧s} formulation’.
In this chapter, these two different formulations are compared to understand the
reasons for the effectiveness of the linear {�, �} approach. This investigation
then further revealed the importance of ‘false priming’ (Koven et al., 2015), which
leads to an apparent sensitivity of the effective soil carbon turnover time (⌧s) to
NPP, and therefore to atmospheric CO2.

6.1 Introduction

The overall response of soil carbon to climate change can be quantified by
understanding the response of carbon exchange between the land and the
atmosphere to increases in anthropogenic CO2. The carbon fluxes which control
the fate of carbon stored in global soils are known to be sensitive to changes
in climate, which results in soil carbon driven feedbacks to climate change
(Canadell et al., 2021). The input flux of carbon to the soil can be approximated
as Net Primary Productivity (NPP) (Todd-Brown et al., 2014, 2013), defined as
the net rate of accumulation of carbon by vegetation arising from photosynthesis
minus the loss from plant respiratory fluxes. NPP is projected to increase under
increased atmospheric CO2 due to a CO2 fertilization effect (Schimel et al., 2015;
Todd-Brown et al., 2014), which can result in an increased soil carbon storage.
The output flux of carbon from the soil is approximated as heterotrophic respi-
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ration (Rh), defined as the carbon losses due to decomposition from microbes
in the soil. Rh is projected to increase under global warming, where increased
global temperatures result in an increased rate of microbial decomposition. Soil
carbon turnover time (⌧s) is defined as the ratio of soil carbon stocks to the output
flux of carbon, is often considered as a proxy for this increased Rh (Todd-Brown
et al., 2014, 2013), where the increased Rh is known to reduce global ⌧s and
results in an increased release of carbon from the soil into the atmosphere
(Crowther et al., 2016).

On a global scale, it was assumed that as a first-order approximation the
future response of NPP could be approximated as the linear response to in-
creases in atmospheric CO2 and the future response of ⌧s could be approximated
as the linear response to increases in global temperatures (T). This assumption
was made due to NPP being known to be especially dependent on atmospheric
CO2 concentrations (De Kauwe et al., 2016; Schimel et al., 2015; Woodward
et al., 1998; Cao and Woodward, 1998) and turnover time being known to
be especially dependent on temperature (Exbrayat et al., 2013a; Hartley and
Ineson, 2008; Trumbore et al., 1996; Lloyd and Taylor, 1994). However, Chapter
3 found a strong correlation between soil carbon changes due to NPP increases
and soil carbon changes due to ⌧s reductions, in each CMIP6 ESM included in
the investigation. This finding indicates a strong relationship between changes in
NPP and changes in ⌧s, and suggests that this assumption should be called into
question, which is investigated here.

In Chapter 5, the future change in soil carbon (�Cs) was linearly approxi-
mated into the sensitivities due to CO2 and temperature (T) using the {�, �}
formulation to quantify the carbon cycle feedbacks (Friedlingstein et al., 2006),
a metric presented in Intergovernmental Panel on Climate Change (IPCC)
reports. The non-linearity in CO2 and T was not found to be as significant
as expected (Chapter 5), from what was implied by the NPP-⌧s non-linearity
(Chapter 3). In this chapter, the non-linearity found in Chapter 3 named the
{NPP, ⌧s} formulation, is further investigated using CMIP6 ESM output from
Coupled Climate-Carbon Cycle Model Intercomparison Project (C4MIP) idealised
simulations, which exclude additional processes such as land-use change.

6.2 Methods

6.2.1 C4MIP simulations

This chapter uses the framework set up by the Coupled Climate-Carbon Cycle
Model Intercomparison Project (C4MIP) to allow for the comparison of projected
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carbon cycle feedbacks in ESMs. The model experiments include a ‘full 1% CO2

simulation’ (CMIP simulation 1pctCO2), which is a simulation that sees a 1%
increase in atmospheric CO2 per year, starting from pre-industrial concentrations
and running for 150 years. A biogeochemically coupled ‘BGC simulation’ (CMIP6
simulation 1pctCO2-bgc), where the 1% CO2 increase per year only affects the
carbon cycle component of the ESM and the radiative code remains at pre-
industrial CO2 values. A radiatively coupled ‘RAD simulation’ (CMIP6 simulation
1pctCO2-rad), where the 1% CO2 increase per year affects only the radiative
code, and the carbon cycle component on the ESM remains at pre-industrial CO2

values (285 ppm). This experiment framework is described in more detail in the
Methods section of Chapter 5.

As in the previous chapter, the full 1% CO2, BGC, and RAD C4MIP exper-
iments are used with ten Coupled Model Inter-comparison Project Phase 6
(CMIP6) ESMs (Eyring et al., 2016; Meehl et al., 2014). The CMIP6 ESMs in-
cluded in this study are: 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. Information about the ESMs is presented in Table 2.1 of
Chapter 2. Descriptions of the output variables used are given in Chapter 3 and
Chapter 5.

6.2.2 Partial derivatives relating the {�, �} formulation to the

{NPP, ⌧s} formulation

The {�, �} formulation can be summarised as a linear approximation of the form:

�Cs =
@Cs

@CO2
�CO2 +

@Cs

@T
�T = �s �CO2 + �s �T (6.1)

where, �s = @Cs/@CO2 and �s = @Cs/@T .

In Chapter 3, an effective soil carbon turnover time (⌧s) was defined such
that:

Cs = Rh ⌧s (6.2)

where, Cs is soil carbon and Rh is the heterotrophic respiration rate.

By taking partial derivatives of Equation 6.2 with respect to CO2 and tem-
perature, it is therefore possible to derive equations for �s:
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�s = ⌧s
@Rh

@CO2
+Rh

@⌧s

@CO2
(6.3)

and for �s:

�s = ⌧s
@Rh

@T
+Rh

@⌧s

@T
(6.4)

As in Chapter 3, it was chosen to rewrite Rh as the difference between NPP (⇧N )
and the land carbon sink (FL), as Rh = ⇧N � FL. This is to isolate the impact of
changes in NPP with the Net Ecosystem Productivity (NEP, FL) representing the
additional impact of a net carbon sink (positive NEP) or carbon source (negative
NEP).

Equations 6.3 and 6.4 for �s and �s therefore become:

�s = ⌧s
@⇧N

@CO2
+ ⇧N

@⌧s

@CO2
� ⌧s

@FL

@CO2
� FL

@⌧s

@CO2
(6.5)

and:

�s = ⌧s
@⇧N

@T
+ ⇧N

@⌧s

@T
� ⌧s

@FL

@T
� FL

@⌧s

@T
(6.6)

In both of these equations, the last two terms on the right-hand side are negligi-
ble if the carbon sink (NEP) is a small fraction of NPP. It is also often implicitly
assumed that the @⇧N/@CO2 term dominates in Equation 6.5 (representing the
NPP response to CO2), and that the @⌧s/@T term dominates in Equation 6.6 (rep-
resenting the ⌧s response to climate). However, in many models the sensitivity of
NPP to climate (@⇧N/@T ) is not negligible, and in models with multiple soil car-
bon pools it might be expected to see false priming (Koven et al., 2015), which
implies that @⌧s/@CO2 is not negligible. In the rest of this chapter, the contribution
from each of these terms will be estimated from the CMIP6 C4MIP experiments.
In order to do this, Equations 6.5 and 6.6 need first to be rewritten in a discrete
form.

6.2.3 Discrete equations relating the {�, �} formulation to the

{NPP, ⌧s} formulation

Future soil carbon can be defined as initial soil carbon (Cs,0, where initial is repre-
sented by a subscript 0) plus a change in soil carbon (�Cs), as shown by Equation
6.7. Equation 6.7 can be expanded to give Equation 6.8, which can be simplified
to give Equation 6.9, as shown below.
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Cs,0 +�Cs = (Rh,0 +�Rh)(⌧s,0 +�⌧s) (6.7)

Cs,0 +�Cs = Rh,0⌧s + ⌧s,0�Rh +Rh,0�⌧s +�Rh�⌧s (6.8)

�Cs = ⌧s,0�Rh +Rh,0�⌧s +�Rh�⌧s (6.9)

Again, Net Ecosystem Productivity (NEP, FL) can be substituted into Equa-
tion 6.9 to give Equation 6.10, and expanded to give an equation for �Cs in terms
of NPP (⇧N ), NEP (FL) and ⌧s (Equation 6.11).

�Cs = ⌧s,0�(⇧N � FL) + (⇧N,0 � FL,0)�⌧s +�(⇧N � FL)�⌧s (6.10)

�Cs = ⌧s,0�⇧N + ⇧N,0�⌧s + �⇧N�⌧s

� ⌧s,0�FL � FL,0�⌧s � �FL�⌧s

(6.11)

Previously in Chapter 3, it was found that a linear approximation (where
assuming �⇧N/⇧N << 1 and �⌧s/⌧s << 1) was not suitable here due to a
non-negligible �⇧N�⌧s product (named the �NPP�⌧s term). Therefore, in
this chapter this assumption is not made and all terms are considered in the
breakdown analysis. As in Chapter 3, the following terms are defined: the change
in soil carbon due to NPP changes (�Cs,NPP ⇡ ⌧s,0�⇧N ), the NEP transient
term (�Cs,NEP ⇡ �⌧s,0�FL), the change in soil carbon due to ⌧s changes
(�Cs,⌧ ⇡ ⇧N,0�⌧s), the transient affect on ⌧s (�Cs,⌧NEP ⇡ �FL,0�⌧s), and the
non-linear cross terms (�NPP�⌧s ⇡ �⇧N�⌧s and �NEP�⌧s ⇡ ��FL�⌧s).

Similarly, the equation for �Cs (Equation 6.11) can also be defined for the
change in soil carbon in the BGC simulation (�C

BGC
s ), shown by Equation 6.12,

and for the change in soil carbon in the RAD simulation (�C
RAD
s ), shown by

Equation 6.13. Where, superscripts denotes the BGC and RAD simulations,
respectively.

�C
BGC
s = ⌧

BGC
s,0 �⇧

BGC
N + ⇧

BGC
N,0 �⌧

BGC
s + �⇧

BGC
N �⌧

BGC
s

� ⌧
BGC
s,0 �F

BGC
L � F

BGC
L,0 �⌧

BGC
s � �F

BGC
L �⌧

BGC
s

(6.12)

�C
RAD
s = ⌧

RAD
s,0 �⇧

RAD
N + ⇧

RAD
N,0 �⌧

RAD
s + �⇧

RAD
N �⌧

RAD
s

� ⌧
RAD
s,0 �F

RAD
L � F

RAD
L,0 �⌧

RAD
s � �F

RAD
L �⌧

RAD
s

(6.13)
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These equations can be used to investigate the sensitivity of the soil car-
bon controls to both changes in atmospheric CO2 and global T. The sensitivity of
the components in Equation 6.12 to CO2 are tested, as shown by Equation 6.14,
and the sensitivity of the components in Equation 6.13 to T are tested, as shown
by Equation 6.15. This is done by explicit differentiation of Equations 6.12 and
6.13 with respect to CO2 and T , respectively.

�C
BGC
s =

@

@CO2


�C

BGC
s

�
�CO2 (6.14)

�C
RAD
s =

@

@T


�C

RAD
s

�
�T (6.15)

Equations 6.14 and 6.15 can be used to relate these sensitivities to CO2

and T to the {�, �} formulation. Recall Equation 6.1, which defines �Cs in
terms of the soil carbon-concentration (�s) and carbon-climate (�s) feedback
parameters, first defined in Chapter 5 (Friedlingstein et al., 2006). This can be
rewritten as shown in Equation 6.16, by substituting in Equations 6.14 and 6.15
to represent the sensitivity of soil carbon to both CO2 and T, respectively. In this
case, therefore �s and �s can be defined as the contributions to �Cs based on the
individual sensitivities of the soil carbon controls to CO2 and T (by substituting
Equations 6.12 and 6.13 into Equations 6.14 and 6.15, respectively), as shown
by Equations 6.17 and 6.18.

�Cs = �s�CO2 + �s�T

=
@

@CO2


�C

BGC
s

�
�CO2 +

@

@T


�C

RAD
s

�
�T (6.16)

Where,
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�s = ⌧
BGC
s,0

@⇧
BGC
N

@CO2
+ ⇧

BGC
N,0

@⌧
BGC
s

@CO2
+

@�⇧
BGC
N �⌧

BGC
s

@CO2

� ⌧
BGC
s,0

@F
BGC
L

@CO2
� F

BGC
L,0

@⌧
BGC
s

@CO2

� @�F
BGC
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BGC
s

@CO2

(6.17)

�s = ⌧
RAD
s,0

@⇧
RAD
N

@T
+ ⇧

RAD
N,0

@⌧
RAD
s

@T
+

@�⇧
RAD
N �⌧

RAD
s

@T

� ⌧
RAD
,0s

@F
RAD
L

@T
� F

RAD
L,0

@⌧
RAD
s

@T

� @�F
RAD
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RAD
s

@T

(6.18)

Therefore, Equations 6.17 and 6.18 are discretised forms of Equations 6.5 and
6.6, respectively. Where, Equations 6.5 and 6.6 have been linearised about an
initial state. The Equations 6.17 and 6.18 are more suitable for application to the
C4MIP outputs.

Equations 6.17 and 6.18 can be rewritten by defining �s and �s contribu-
tion terms, where each component of the equations make up the total �s and �s

sensitivities. As shown below for �s (Equation 6.19) and �s (Equation 6.20).

�s = �NPP + �⌧ + ��NPP�⌧ � �NEP � �NEP⌧ � ��NEP�⌧ (6.19)

�s = �NPP + �⌧ + ��NPP�⌧ � �NEP � �NEP⌧ � ��NEP�⌧ (6.20)

Each carbon-concentration feedback parameter contribution (�) and the carbon-
climate feedback parameter contribution (�) are calculated for each CMIP6 ESM
using the BGC and RAD simulations, as expressed in Equations 6.17 and 6.18,
respectively. To calculate gradients with respect to CO2 and T, the methodology
presented in the ‘Calculation of carbon-concentration and carbon-climate feed-
back parameters’ section of Chapter 5 was used (for example, linear regression
of the relevant component against CO2 or T), together with Equations 6.17 and
6.18. The �s contributions are expressed in units of carbon uptake or release per
unit change in CO2 (PgC ppm�1), and the �s contributions are expressed in units
of carbon uptake or release per unit change in temperature (PgC �C�1).
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6.3 Results

6.3.1 Investigating projections in the 1% CO2 simulations

6.3.1.1 Net Primary Productivity

Projections of changes in Net Primary Productivity (�NPP ) in the CMIP6 ESMs
for the simulations full 1% CO2, biogeochemically coupled 1% CO2 (BGC) and
radiatively coupled 1% CO2 (RAD), are presented in the top row of Figure 6.1.
NPP is projected to increase in the full 1% CO2 simulation amongst CMIP6
ESMs (ensemble mean +24.4±8.75 PgC yr�1 at 2xCO2 and +45.2±21.5 PgC
yr�1 at 4xCO2). The magnitude of the increase varies from 8.7 to 36.2 PgC
yr�1 at 2xCO2 and 5.1 to 85.9 PgC yr�1 at 4xCO2. Generally, the ESMs see an
increased �NPP with increasing CO2, however a saturation in the increase is
seen in the ACCESS-ESM1-5 and IPSL-CM6A-LR models (Figure 6.1(a)).

The projected increase in �NPP is largely driven by increases in atmo-
spheric CO2, as seen in the BGC simulation (ensemble mean +24.2±9.88 PgC
yr�1 at 2xCO2 and +44.2±21.9 PgC yr�1 at 4xCO2, Figure 6.1(b)). However
an additional climate affect in NPP is seen in the RAD simulation (ensemble
mean -2.00±3.59 PgC yr�1 at 2xCO2 and -6.33±5.88 PgC yr�1 at 4xCO2, Figure
6.1(c)). While �NPP in the BGC simulation is consistently positive across all
models (increase of 9.9 to 41.7 PgC yr�1 at 2xCO2 and 12.4 to 81.5 PgC yr�1

at 4xCO2), the climate effects on NPP in the RAD simulation are less certain,
ranging from a significant decrease (up to -20.8 PgC yr�1 at 4xCO2) to a small
increase of only ⇠ 2 to 3 PgC yr�1 for both 2xCO2 and 4xCO2.

Figure 6.2 shows spatial changes in �NPP at 4xCO2, for the simulations full
1% CO2, biogeochemically coupled 1% CO2 (BGC) and radiatively coupled 1%
CO2 (RAD). Again as expected, the response of NPP is seen to be dominated
by the BGC simulation, where increases in �NPP are seen in all regions
and the greatest magnitude of increase is seen in the tropical regions. In the
RAD simulation, a consistent pattern of �NPP is seen, where NPP decreases
in the tropical regions and increases in the northern latitudes. In the full 1%
CO2 simulation, the decrease in Amazonian �NPP from the RAD simulation
dominates in the ACCESS-ESM1-5, IPSL-CM6A-LR, and UKESM1-0-LL models.
Otherwise, increases in �NPP are seen in all regions.

6.3.1.2 Soil carbon turnover time

Projections of changes in soil carbon turnover time (�⌧s) in the CMIP6 ESMs
for the simulations full 1% CO2, biogeochemically coupled 1% CO2 (BGC) and
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Figure 6.1: Timeseries of projected changes in Net Primary Productivity (�NPP ,
top row), and soil carbon turnover time (�⌧s, bottom row), in CMIP6 ESMs for the
idealised simulations 1% CO2 (left column), biogeochemically coupled 1% CO2

(BGC, middle column) and radiatively coupled 1% CO2 (RAD, right column).

radiatively coupled 1% CO2 (RAD), are presented in the bottom row of Figure
6.1. As expected, projected �⌧s in ESMs is shown to decrease under climate
change, with reductions predicted in the full 1% CO2 simulation amongst CMIP6
ESMs (ensemble mean -6.79±4.39 yr at 2xCO2 and -11.8±8.42 yr at 4xCO2).
The magnitude of the reduction varies amongst ESMs, from -2.31 to -15.1 yr at
2xCO2 and -3.51 to -29 yr at 4xCO2 (Figure 6.1(a)).

Surprisingly, the projected decrease in �⌧s is found to be a result of both
the CO2 effect seen in the BGC simulation (ensemble mean -5.41±4.13 yr
at 2xCO2 and -8.87±8.01 yr at 4xCO2, Figure 6.1(b)), and the climate effect
seen in the RAD simulation (ensemble mean -0.73±0.97 yr at 2xCO2 and
-1.68±3.19 yr at 4xCO2, Figure 6.1(c)), amongst ESMs. In the BGC simulation,
the greatest projected �⌧s changes are seen in the BCC-CSM2-MR, CESM2,
and NorESM2-LM models (-16.5 yr, -19.0 yr, and -25.7 yr, respectively at 4xCO2).
Amongst the remaining ESMs, a range of -1.95 to -3.80 yr at 2xCO2 and -1.99
to -8.38 yr at 4xCO2 is found. In the RAD simulation, generally decreases are
seen in �⌧s, where a range of -0.17 to -1.97 yr at 2xCO2 and a range of -0.12 to
-5.77 yr at 4xCO2 (excluding ACCESS-EMS1-5). The model ACCESS-EMS1-5
projects increases in �⌧s during the RAD simulation (+6.22 yr at 4xCO2), which
is an anomaly amongst the models in the ensemble.

Figure 6.3 shows spatial changes in �⌧s at 4xCO2, for the simulations full
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Figure 6.2: Maps of changes in Net Primary Productivity (�NPP ) at 4xCO2 in
CMIP6 ESMs for the idealised simulations 1% CO2 (left column), biogeochem-
ically coupled 1% CO2 (BGC, middle column) and radiatively coupled 1% CO2

(RAD, right column).
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1% CO2, biogeochemically coupled 1% CO2 (BGC) and radiatively coupled 1%
CO2 (RAD). For projections of �⌧s, it is less clear whether the BGC or RAD
simulation dominates the overall future response. Generally, large reductions in
�⌧s are seen in the northern latitudes in the full 1% CO2 run, which is a result
of large �⌧s reductions in the RAD run. Conversely in the BGC run, areas of
increased ⌧s are seen within the northern latitudes of seven of the CMIP6 ESMs
(BCC-CSM2-MR, CanESM5, GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-LR,
NorESM2-LM, UKESM1-0-LL). Within the tropical regions, the predicted changes
see no robust pattern across the CMIP6 ensemble, and both increases and
decreases are seen in the BGC and RAD simulations.

6.3.1.3 Breakdown of soil carbon feedbacks

In Chapter 3, it was found that the projected changes in soil carbon (�Cs) in
ESMs could be successfully broken down into the individual feedbacks which
make up the total response. In this chapter, it was investigated whether the
same breakdown could be used in the idealised C4MIP simulations, where it was
found that this was the case for the full 1% CO2 simulation (�Cs), as well as the
BGC (�C

BGC
s ) and RAD (�C

RAD
s ) simulations (Figure 6.4). The total �Cs (blue

bars) response in ESMs were similarly found to be a result of the linear terms:
the response due to changes in NPP (�Cs,NPP , green bars) and response due
to changes in ⌧s (�Cs,⌧ , red bars), as well as non-negligible contributions from
the non-linear term: �NPP�⌧s (black bars), and the non-equilibrium terms:
�Cs,NEP (light green bars), �Cs,⌧NEP (pink bars), and �NEP�⌧s (grey bars).

In the full 1% CO2 simulation (Figure 6.4(a)), the contributions of change
are similar to the changes seen in the SSP simulations (see Figure 3.6 in
Chapter 3), where �Cs is mostly a result of the net effect between NPP changes
(�Cs,NPP ), ⌧s changes (�Cs,⌧ ), non-linearity in NPP and ⌧s (�NPP�⌧s), and the
resultant NEP affect (�Cs,NEP ). Amongst the ESMs in CMIP6, there is variation
in the magnitude of changes in each term, which is often larger than the variation
in the overall soil carbon response (suggesting some cancellation of errors). In
the full 1% CO2 simulation, there is range of approximately 103 PgC in overall
soil carbon change (�Cs) at 2xCO2, from +34.6 to +137 PgC. However, the
�Cs,NPP contribution has a much larger range of 1094 PgC, from +206 to +1300
PgC at 2xCO2. Similarly, �Cs,⌧ has a range of 422 PgC, from -117 PgC to -538
PgC at 2xCO2. These large positive and negative contributions cancel to give a
smaller net change in soil carbon.

The projected contributions from the BGC simulation are shown to domi-
nate in the overall response seen in the full 1% CO2 simulation (Figure 6.4(b)).
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Figure 6.3: Maps of changes in soil carbon turnover time (�⌧s) at 4xCO2 in CMIP6
ESMs for the idealised simulations 1% CO2 (left column), biogeochemically cou-
pled 1% CO2 (BGC, middle column) and radiatively coupled 1% CO2 (RAD, right
column).

166



In the BGC simulation, a slightly larger range is seen at 2xCO2 for �Cs (200
PgC, from 44.2 to 244 PgC) and for �Cs,NPP (1336 PgC, from 186 to 1523 PgC),
but a slightly reduced range for �Cs,⌧ (383 PgC, from -97.3 to -481 PgC), when
compared to the full 1% CO2 simulation. The non-linear component (�NPP�⌧s)
seen in the full 1% CO2 simulation, is also found to be a result of non-linearities
in the BGC simulation, where in the majority of models the �NPP�⌧s term
is of similar magnitude in both the full 1% CO2 (393 PgC, from -31.4 to -424
PgC at 2xCO2) and BGC simulations (427 PgC, from -21.3 to -448 PgC at 2xCO2).

The projected contributions in the RAD simulation are generally smaller in
magnitude compared with the BGC simulation (Figure 6.4(c)), and the contribu-
tion of the �NPP�⌧s term is less significant. The RAD simulation results in a
reduction in �Cs, where a changes from -14.3 to -75.3 PgC are found amongst
the ESMs at 2xCO2. The projected contribution from �Cs,NPP is much smaller in
the RAD simulation compared with the full and BGC simulations, where a range
of 270 PgC at 2xCO2. There is also disagreement on the sign of this response,
with a range from a loss of 190 PgC in ACCESS-ESM1-5 to a gain of 80.1 PgC
in CanESM5 at 2xCO2. The greatest uncertainty in the RAD simulation is from
the �Cs,⌧ term, where a range of 187 PgC, predictions from -115 to +72.2 PgC
are found at 2xCO2.

6.3.2 Breakdown of the �s and �s feedback parameters

The soil carbon specific carbon-concentration (�s) and carbon-climate (�s) feed-
back parameters are used to quantify the sensitivity of soil carbon to changes in
atmospheric CO2 (BGC simulation) and global temperatures (RAD simulation).
In this section, �s and �s are broken down into the individual sensitivities which
make up this response. However, as with �Cs (Figure 6.4), to obtain the overall
soil carbon sensitivities (�s and �s) additional terms must be included (Figure
6.5). As shown in Figure 6.5, the total sensitivities (�s and �s, blue bars) were
similarly found to be a result of the linear terms: the sensitivity of NPP (�NPP

and �NPP , green bars) and sensitivity of ⌧s (�⌧ and �⌧ , red bars), as well as
non-negligible contributions due to non-linear sensitivities: ��NPP�⌧ and ��NPP�⌧

(black bars), and additions due to the non-equilibrium terms: �NEP and �NEP

(light green bars), �⌧NEP and �⌧NEP (pink bars), and ��NEP�⌧ and ��NEP�⌧ (grey
bars), although these final two terms are generally very small.

The calculation of the individual sensitivities of NPP and ⌧s to CO2, �NPP and �⌧ ,
and the individual sensitivities to T, �NPP and �⌧ , for each CMIP6 ESM to 2xCO2,
are additionally shown in Figures 6.6 and 6.7. NPP increases with increasing
CO2, and therefore �NPP is found to be positive amongst CMIP6 ESMs (Figure
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Figure 6.4: Bar charts showing the contributions of NPP and ⌧s to changes in soil
carbon (�Cs) in CMIP6 ESMs for the idealised simulations full 1% CO2 (top row),
biogeochemically coupled 1% CO2 (BGC, middle row) and radiatively coupled
1% CO2 (RAD, bottom row), for (a) 2xCO2 and (b) 4xCO2. The included terms
are: the linear term representing changes in soil carbon due to the changes in
NPP (�Cs,NPP ), the linear term representing changes in soil carbon due to the
changes in ⌧s (�Cs,⌧ ), the non-linear term (�NPP�⌧s), and then additional terms
to account for the non-equilibrium climate (�Cs,NEP , �Cs,⌧NEP , and �NEP�⌧s).
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Figure 6.5: Bar charts showing the contribution of individual terms that make up
the soil carbon-concentration (�s, top row) and carbon-climate (�s, bottom row)
feedback parameters, for each CMIP6 ESM, for (a) 2xCO2 and (b) 4xCO2. The
soil carbon feedback parameters were found to be made up of a contribution from
NPP (�NPP and �NPP ), ⌧s (�⌧ and �⌧ ), the non-linearity in NPP and ⌧s (��NPP�⌧

and ��NPP�⌧ ), and the effect from the non-equilibrium term NEP (�NEP , �⌧NEP ,
��NEP�⌧ and �NEP , �⌧NEP , ��NEP�⌧ ).
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6.6(a)). At 2xCO2, �NPP ranges from 0.567 PgC ppm�1 (ACCESS-ESM1-5)
to 5.62 PgC ppm�1 (BCC-CSM2-MR), with an ensemble mean of 2.37 ± 1.37
PgC ppm�1 (Figure 6.5). There is some evidence of a saturation of global NPP
at higher CO2, with the sensitivity of NPP to CO2 decreasing by 4xCO2 to an
ensemble mean of 1.44 ± 0.933 PgC ppm�1 is seen (Figure 6.5).

The sensitivity of NPP to global temperature changes (�NPP ) is found to be
more variable amongst the ensemble (Figure 6.6(b)). The majority of models find
�NPP to be negative, however it is found to be positive in two ESMs (CanESM5
and MPI-ESM1-2-LR). The sensitivity of NPP to temperature (�NPP ) is found
to be more consistently linear with climate change than the sensitivity to CO2

(�NPP ), where the �NPP ensemble mean changes from -29.4 ± 40.1 PgC �C
at 2xCO2 to -35.3 ± 33.1 PgC �C at 4xCO2 (Figure 6.5). At 4xCO2, the lowest
sensitivity of NPP to temperature is seen in CanESM5 (+3.95 PgC �C), and the
greatest sensitivity in BCC-CSM2-MR (-90.8 PgC �C).

⌧s has been shown to decrease with both increasing CO2 and global tem-
peratures, where negative �⌧ and �⌧ values are found amongst the CMIP6
models (Figure 6.7). An anomaly is found where ⌧s is found to increase with
temperature in the ACCESS-ESM1-5 model, where the reason for this is unclear
(Figure 6.7(b)). The sensitivity of ⌧s to T (�⌧ ) is also found to be more linear with
increasing climate change than the sensitivity to CO2, where an ensemble mean
of -25.2 ± 27.9 PgC �C at 2xCO2 and -20.5 ± 29.5 PgC �C at 4xCO2 is seen. At
4xCO2, the greatest sensitivity of ⌧s 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). ⌧s is found to decrease non-linearly with increasing CO2

(�⌧ ), but with varying sensitivity curves seen amongst the models (Figure 6.7(a)).
At 2xCO2, �⌧ ranges from -0.329 PgC ppm�1 (ACCESS-ESM1-5) to -1.90 PgC
ppm�1 (BCC-CSM2-MR), with an ensemble mean of -0.900 ± 0.574 PgC ppm�1.
Due to the non-linearity, a reduced ensemble mean of -0.450 ± 0.359 PgC
ppm�1 is found at 4xCO2 compared with 2xCO2 (Figure 6.5).

It is apparent in Figure 6.5 that the sensitivities of NPP and ⌧s to both CO2

and T must be accounted for to obtain the overall sensitivities of soil carbon.
The magnitude of �⌧ is found to be approximately a third of the magnitude
of �NPP at both 2xCO2 and 4xCO2, but with counteracting signs of change.
Models with the lowest �NPP sensitivities also see the lowest �⌧ sensitivities
(e.g. ACCESS-ESM1-5), and via versa. The magnitude of �NPP is generally
found to be greater across the ensemble compared with �⌧ , however with a
greater range of sensitivities. Additionally, similarly to the results found when
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investigating the absolute change in soil carbon (Figure 6.4), the apparent
sensitivity of soil carbon to CO2 is less then the individual sensitivities of NPP
and ⌧s, due to a cancellation affect from opposing signs, leading to a lower
apparent �s. The magnitudes of �NPP and �⌧ are lower at 4xCO2 than 2xCO2,
which means a reduced sensitivity of NPP and ⌧s to CO2 at greater levels of
climate change, However, due to this cancellation affect the same reduced
sensitivity is not seen in �s. Conversely, a reduced sensitivity of NPP and
⌧s to temperature is not suggested under increasing climate forcing. No clear
relationship between �NPP and �⌧ is seen amongst the CMIP6 ESMs (Figure 6.5).

The contribution of the non-linearity between NPP and ⌧s to the net soil
carbon sensitivity is also investigated (��NPP�⌧ and ��NPP�⌧ ). Figure 6.5
suggests that the non-linearity between NPP and ⌧s is more robustly projected
to a result from increasing CO2 (�), however non-linearities in � are seen in
the models which the greatest temperature sensitivities. The ensemble mean
predicted ��NPP�⌧ is found to be -0.462 ± 0.462 at 2xCO2, and -0.463 ± 0.468
PgC ppm�1 at 4xCO2 (the black bars). As expected from Figure 6.5, predicted
��NPP�⌧ is found to have a low sensitivity, where the ensemble means of -0.374
± 3.12 at 2xCO2 and -0.0478 ± 7.42 PgC �C at 4xCO2 are found (the black
bars). Additionally, the NEP terms (�NEP and �NEP ) are shown to contribute to
both CO2 and T sensitivities (Figure 6.5), due to the disequilibrium of land carbon
changes under 1% increasing CO2.

6.3.3 Investigating the relationship between NPP and ⌧s

For each CMIP6 ESM, NPP and ⌧s are found to be strongly inversely correlated
in the full 1% CO2 simulation (Figure 6.8). The r2 values between NPP/NPP0

and ⌧s,0/⌧s are found to be greater than 0.95 in all models, expect for ACCESS-
ESM1-5 where an r2 value of 0.65 is found. In the BGC simulation, a similar re-
lationship between NPP/NPP0 and ⌧s,0/⌧s is seen up until approximately 2xCO2

in all ESMs. The relationship between 2xCO2 and 4xCO2 varies between models
in the BGC simulation, where a greater rate of NPP/NPP0 increase compared
to ⌧s,0/⌧s is seen at greater levels of climate forcing, where the ⌧s changes appear
to saturate and a limit to increases is seen. However, the correlation remains and
the r2 values between NPP/NPP0 and ⌧s,0/⌧s is greater than 0.9 in all models,
expect for GFDL-ESM4 where an r2 value of 0.78 is found. In the CESM2 and
NorESM2-LM models, a consistent relationship is seen in both the full and BGC
simulations, suggesting the changes in NPP and ⌧s are solely due to changes in
CO2 concentrations. In the remaining CMIP6 ESMs, the changes seen in the full
and BGC simulations differ due to a climate effect which appears to negate the
apparent limit or saturation seen in ⌧s,0/⌧s in the BGC simulation.
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(a) �NPP (b) �NPP

Figure 6.6: Timeseries plots showing the calculation of the NPP contribution to
the soil carbon-concentration feedback parameters (a) �NPP , and NPP contribu-
tion to the soil carbon-climate feedback parameters (b) �NPP , to 2xCO2 for each
CMIP6 ESM.
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(a) �⌧ (b) �⌧

Figure 6.7: Timeseries plots showing the calculation of the ⌧s contribution to the
soil carbon-concentration feedback parameters (a) �⌧ , and NPP contribution to
the soil carbon-climate feedback parameters (b) �⌧ , to 2xCO2 for each CMIP6
ESM.
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The relationship between �Cs,NPP and �Cs,⌧ for each CMIP6 ESMs, is shown
for the 1% CO2 simulation, BGC and RAD simulations in Figure 6.9 (as in Fig-
ure 8, Chapter 3). �Cs,NPP and �Cs,⌧ are found to be strongly correlated in the
full 1% CO2 simulation, at both 2xCO2 (r2 value of 0.925) and 4xCO2 (r2 value of
0.839). The correlation in the full 1% CO2 simulation is found to be a result of a
strong correlation in the BGC simulation, where r2 values in the BGC simulation
are found to be 0.838 and 0.708 for 2xCO2 and 4xCO2, respectively. The slightly
reduced correlation in the BGC simulation at 4xCO2 suggests a potential limit to
the effect at high levels of atmospheric CO2. A correlation is seen in the RAD
simulation at 2xCO2 (r2 value of 0.601), however this correlation is less significant
than the correlation seen in the BGC simulation. Additionally, the correlation in
the RAD simulation does not hold at 4xCO2, where the r2 value reduces to 0.265.
The reduced correlation in the RAD simulation at 4xCO2 suggests no interaction
between NPP and ⌧s due to temperature changes at high levels of atmospheric
CO2.

6.3.4 The role of ‘false priming’

Koven et al. (2015) presents the concept of ‘false priming’, which produces a
reduction in effective carbon turnover due to increases in productivity. In this
subsection, false priming is explored as a possible explanation for the correlations
seen between NPP changes and ⌧s changes, which are seen even in the BGC
runs where the climate does not change significantly (second row of Figure 6.9).
Koven et al. (2015) demonstrates false priming with a simple three-box soil carbon
model, which has been adapted here to use notation consistent with the rest of
this thesis:

dC1

dt
= NPP � C1

⌧s,1
(6.21)

dC2

dt
=

e1C1

⌧s,1
� C2

⌧s,2
(6.22)

dC3

dt
=

e2C2

⌧s,2
� C3

⌧s,3
(6.23)

Rh =
(1� e1)C1

⌧s,1
+

(1� e2)C2

⌧s,2
+

(1� e3)C3

⌧s,3
(6.24)

Cs = C1 + C2 + C3 (6.25)

⌧s,1 = 1, ⌧s,2 = 10, ⌧s,3 = 100, e1 = 0.3, e2 = 0.3, e3 = 0. (6.26)

where, C1, C2, C3 represent the carbon stored in soil carbon pools 1, 2, and 3,
and ⌧s,1, ⌧s,2, ⌧s,3 are the respective soil carbon turnover times. The coefficients ei
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Figure 6.8: Scatter plots showing the correlation between NPP/NPP0 and ⌧s,0/⌧s

for each CMIP6 ESM, in the full 1% CO2 simulation (blue) and the BGC simulation
(green), up to 4xCO2.
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Figure 6.9: Scatter plots showing the relationship between �Cs,NPP and �Cs,⌧

for each CMIP6 ESM, in the full 1% CO2 simulation (top row), BGC simulation
(middle row) and RAD simulation (bottom row), for (a) 2xCO2 and (b) 4xCO2.
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Figure 6.10: Timeseries plot showing the results from the simple three-box model:
(a) normalised changes in NPP, Rh, ⌧s and Cs (recreation of Figure 12 in Koven
et al. (2015)); (b) fractional change in each of the three soil carbon boxes and in
the total soil carbon.

represents the fraction of carbon that is passed to the next pool rather than lost
as heterotrophic respiration.

Figure 6.10 reproduces a simulation of the response of this three-box model
to an NPP flux that increases at 0.3% per year (see Figure 12 in Koven et al.
(2015)). The false priming decline in ⌧s with increasing NPP is clear, and for this
set of parameters, offsets about 40% of the increase in soil carbon that would
arise from the NPP increase alone. Figure 6.11 demonstrates that false priming
is a transient effect associated with a disequilibrium in the distribution of soil
carbon amongst the three pools. It shows results from the same model, but for a
step increase in global NPP from 50 PgC yr�1 to 70 PgC yr�1 at year 100. The
instantaneous decline in ⌧s of about 10% eventually reduces to return the soil to
the original ⌧s, but this occurs on the timescale of the slowest carbon pool, and
so may take many centuries.

The same three-box model can also be used to investigate the relationship
between the contributions of changes in NPP (�Cs,NPP = ⌧s �NPP ) and ⌧s

(�Cs,⌧ = NPP0 �⌧s), that was noted in Chapter 3 and is also seen in Figure
6.9 of this chapter. Figure 6.12 plots �Cs,NPP against �Cs,⌧ from the three-box
model, after 70 years of runs that assume different rates of increase of NPP (0%
to 0.8% per year in increments of 0.05%). A clear relationship between �Cs,NPP

and �Cs,⌧ is seen, with greater false priming (more negative �Cs,⌧ ) when the
NPP increase is larger (larger �Cs,NPP ). The similarity of Figure 6.12 to both
Figure 6.9 in this chapter and Figure 3.8 in Chapter 3 is clear, suggesting that
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Figure 6.11: As Figure 6.10 but for an abrupt change in global NPP, from 50 PgC
yr�1 to 70 PgC yr�1 at year 100.

Figure 6.12: Relationship between �Cs,NPP = ⌧s �NPP and �Cs,⌧ = NPP0 �⌧s

from the three-box model. Each dot represents the results at the end of a 70 year
run with a different assumed rate of increase of NPP (⇠ 0.0% to 0.8% per year in
increments of 0.05%).

these correlations in CMIP6 (and to a lesser extent in CMIP5) are predominantly
due to false priming.

6.4 Discussion

Soil carbon storage in the future will be determined by the net response to
increases in both atmospheric CO2 concentrations and the resultant changes in
the Earth’s climate system. However, this response will be determined by the net
sensitivity of soil carbon controls to changes in atmospheric CO2 and associated
climate changes, which drive soil carbon feedbacks under climate change. Soil
carbon controls are often considered to be Net Primary Productivity (NPP, ⇧N )
and soil carbon turnover time (⌧s), which control the input and output fluxes of
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carbon between the soil and the atmosphere (Todd-Brown et al., 2014, 2013).
Previously, it was assumed that on a global scale, a first-order approximation
could be made for the future changes in soil carbon stocks, where changes in
NPP could be approximated as the response to CO2, and changes to ⌧s could be
approximated as the response to temperature (T), which would be equivalent to
assuming �s is mostly due to the term ⌧s,0 @⇧N/@CO2 and �s is mostly due to the
term ⇧N,0@⌧s/@T (see Equations 6.5 and 6.6).

Chapter 3 found an apparent non-linearity between NPP and ⌧s in CMIP6
ESM projections of soil carbon change in Shared Socioeconomic Pathways
(SSP) climate scenarios (see Figure 3.6 in Chapter 3). This chapter makes use
of the C4MIP idealised simulations, which exclude additional processes such as
land-use change, allowing for a more focused investigation into this non-linearity.
The non-linearity between NPP and ⌧s was shown here to exist in the C4MIP
simulations across all ESMs (Figure 6.4), specifically in the full 1% CO2 and
BGC simulations. Conversely, a robust non-linearity was not found across the
CMIP6 ESMs between soil carbon sensitivities to CO2 and T, especially at lower
levels of CO2 forcing (see Figure 5.4 in Chapter 5). By breaking down the
{�, �} formulation into sensitivity components which make up the soil carbon
sensitivities (Figure 6.5), non-negligible contributions from NPP and ⌧s were
found as a result of both CO2 and T changes (Figures 6.6 and 6.7). This result
implies interactions between NPP and ⌧s, opposed to interactions between CO2

and T. It was further shown that NPP and ⌧s are sensitive to both CO2 and T
changes in ESMs (Figure 6.1).

The sensitivity of NPP to climatic changes was expected on the regional
scale (Figure 6.2), but the net global effects were expected to be small compared
to CO2 induced changes. ESM predictions for the global sensitivity are shown to
vary amongst the ensemble (Figure 6.1), with both positive and negative global
responses. A negative sensitivity to increased warming (-�NPP , Figure 6.6(b))
implies a reduction in NPP with climate change, for example due to detrimental
effects of warming and drying in the tropics (Green et al., 2019; Phillips et al.,
2009; Betts et al., 2004). A positive sensitivity of NPP to increased warming
(+�NPP , Figure 6.6(b)) implies NPP increases with warming, for example due
to increased growing season length in mid and high latitudes (Forkel et al.,
2016; Graven et al., 2013; Reichstein et al., 2013). However, the non-negligible
sensitivity of ⌧s to changes in CO2 predicted by ESMs is less widely understood.

The sensitivity of ⌧s to CO2 changes has been found to be associated with
a strong correlation between NPP and ⌧s across the CMIP6 ESMs (Figure 6.8).
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This result suggests that changes in NPP may induce changes in ⌧s, and the �⌧

value is a result of NPP changes and not direct changes from CO2. This was
found to be consistent with ‘false priming’, which has previously been found in
CMIP5 ESMs (Koven et al., 2015). The false priming reduction in effective ⌧s is
a transient phenomenon that arises in soil models that represent multiple carbon
pools with different turnover times (Figure 6.11). Under continually increasing
NPP, proportionally more of the additional litter is put into the faster pools, which
brings down the overall effective ⌧s value of the soil (Figure 6.10). The resultant
⌧s reduction due to changes in NPP results in a clear relationship between soil
carbon increments due to changes in NPP (�Cs,NPP ) and changes in ⌧s (�Cs,⌧ ),
which was seen both in Chapter 3 (Figure 3.8) and here (Figure 6.9). The effect
was found to be more prominent amongst the CMIP6 ESMs compared with
the previous generation of CMIP5 ESMs, with the inverse correlation between
NPP and ⌧s stronger across the CMIP6 ESMs (r2 range from 0.65 to 0.99) than
what was found by Koven et al. (2015) across the CMIP5 ESMs (r2 range from
0.25 to 0.89, see Figure 9 in Koven et al. (2015)), which suggests an increased
false priming effect in CMIP6. This result is consistent with an increase in the
simulation of multiple soil carbon pools within ESMs in CMIP6 (see Tables 2.1
and 2.2 in Chapter 2 for CMIP6 and CMIP5 ESMs, respectively).

6.5 Conclusions

Understanding the response of soil carbon under anthropogenic emissions of
CO2 is required to quantify future carbon cycle feedbacks. To investigate future
changes to soil carbon stocks, different approaches can be used. One method
is to analyse the input and output fluxes which control the magnitude of carbon
stored in the soil (which we called the {NPP, ⌧s} formulation), which allows for
understanding of the individual processes involved (Koven et al., 2015; Todd-
Brown et al., 2014). Another method is to investigate the individual sensitivities
of soil carbon to changes in CO2 and the resultant climate impacts, known as the
{�, �} formulation (Arora et al., 2020; Friedlingstein et al., 2006), which allows
for a quantification of soil carbon sensitivities to CO2 and temperature changes.
The aim of this chapter was to break-down defined soil carbon sensitivities using
the {�, �} formulation, to further investigate the non-linearities in the future soil
carbon response to climate change. This was done using the idealised Coupled
Climate-Carbon Cycle Model Intercomparison Project (C4MIP) experiments with
CMIP6 ESMs.

It was found that the sensitivity of soil carbon to CO2 (�s) and T (�s) are
made up of sensitivities of both the above and below ground controls of carbon
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within the soil. This is a result of climate effects on NPP, but mostly due to
apparent CO2 affects on ⌧s. The sensitivity of ⌧s to CO2 was found to be a result
of increased productivity, which shifts the effective turnover in models to give
more weighting to the faster turnover pools, a process previously called false
priming (Koven et al., 2015). The non-linearity between NPP and ⌧s is therefore
found to be a result of subsequent turnover reductions from NPP increases,
where this non-linearity is found to be distinct from non-linearities between CO2

and T. An apparent cancellation of the NPP-⌧s non-linearity is present in the
majority of CMIP6 ESMs, which results in the Friedlingstein et al. (2006) {�, �}
formulation providing a better approximation than expected given the complex,
interacting processes involved.
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Chapter 7

Conclusions

Abstract

This thesis has focused on the role of soil carbon in understanding and quantify-
ing future changes in the Earth’s climate system under increased atmospheric
CO2 concentrations. This research has included: model evaluation and analysis
of future projections, the method of emergent constraints, and quantifying the soil
carbon feedback to climate change using metrics which link the thesis analysis
with the wider context of carbon cycle feedback research. The aim of this thesis
was to improve understanding and reduce uncertainty in the response of soil
carbon to climate change. In this chapter, the key conclusions from each of
the thesis chapters are identified and promising areas for future research are
highlighted.

7.1 Overview

Chapter 1 was a broad overview of the role of the carbon cycle in future changes
to the Earth system. Soil carbon was introduced as the largest terrestrial store
of carbon and a vital component in understanding future land carbon storage
(Canadell et al., 2021). Therefore, quantifying the net soil carbon feedback to
climate change was identified as an important area of research for understanding
the overall climate change response. Uncertainty was shown to exist in both mod-
elling and empirical studies investigating soil carbon change, which was shown
to be due to uncertain sensitivities of the competing fluxes which control the
magnitude of carbon stored. Earth System Models (ESMs) were introduced as a
vital tool for predicting future soil carbon, where improvements are made through
model development between each generation. Within ESMs, biogeochemical
models for soil carbon are used to simulate soil carbon processes, where an
overview of the mathematical representation of decomposition was given and a
link to the complexity of processes which control soil carbon decomposition was
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discussed. After reviewing literature for the 5th generation of the Coupled-Model
Intercomparison Project (CMIP5) (Taylor et al., 2012), it was identified that the
newest ESM ensemble, CMIP6 (Eyring et al., 2016; Meehl et al., 2014), is yet to
be fully evaluated, especially with regard to soil carbon. Therefore, evaluation
and analysis of soil carbon in CMIP6 ESMs was identified as an aim of this thesis
to help quantify future soil carbon changes. On top of model development, emer-
gent constraints were introduced as a method to reduce uncertainty in projections
of climate change. Therefore, an additional aim of the thesis was identified:
to reduce uncertainty in future soil carbon projections using emergent constraints.

In Chapter 2, the aim was to investigate how consistently ESMs simulate
‘present day’ soil carbon compared with what is seen in the real world. To do
this, soil carbon and related controls, defined as Net Primary Productivity (NPP)
and soil carbon turnover time (⌧s), were evaluated in CMIP6 ESMs against
empirical datasets. Additionally, to evaluate the differences between CMIP6
with the previous generation of ESMs, comparisons were made with ESMs
from CMIP5. Comparing CMIP6 with CMIP5, a lack of consistency in modelled
soil carbon was shown to remain, particularly the underestimation of northern
high-latitude soil carbon stocks where the greatest discrepancies were seen.
It was shown that improvements have been made in the simulation of spatial
patterns of contemporary NPP in CMIP6 compared with CMIP5, when compared
to satellite-derived estimates. However, no significant improvements were seen in
the spatial patterns of ⌧s in CMIP6 models, when compared to estimates derived
from observational datasets of soil carbon (Cs) and heterotrophic respiration
(Rh). The poor representation of ⌧s in CMIP6 ESMs, together with Cs simulations
in both the CMIP5 and CMIP6 ESM generations being found to be spuriously
highly-correlated with NPP, suggests soil carbon in these models may be over
responsive to future projected changes in NPP, and not responsive enough to
changes in turnover. This pointed to a need for a much greater emphasis on
improving the representation of below-ground soil processes in next generation
(CMIP7) of ESMs and suggests the potential for an overestimation of the
long-term terrestrial carbon sink in CMIP6 projections (Varney et al., 2022).

In Chapter 3, the aim was to evaluate projections of soil carbon during the
21st century, to quantify future soil carbon changes (�Cs) in CMIP6 ESMs.
The response of �Cs was broken down into changes due to increases in NPP
(�Cs,NPP ) and reductions in ⌧s (�Cs,⌧ ), with the aim of isolating the differing
responses which influence changes in future soil carbon storage. The evaluation
was completed using three Shared Socioeconomic Pathways (SSP126, SSP245,
and SSP585) scenarios, and comparisons were made with �Cs projections
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from CMIP5 ESMs using equivalent future climate scenarios (RCP2.6, RCP4.5,
and RCP8.5). The chapter identified a reduction in the CMIP6 �Cs model
spread compared to CMIP5. However, similar reductions were not seen in the
components due respectively to changes in NPP (�Cs,NPP ) and ⌧s (�Cs,⌧ ). The
first point taken from this chapter was the need for constraints on both these
terms (see Chapter 4). Additionally, the chapter reported a strong correlation
between the linear soil carbon contributions, �Cs,NPP and �Cs,⌧ within CMIP6
ESMs, which seemed to be the cause of the reduction in the CMIP6 �Cs spread.
This correlation was further investigated in Chapter 6.

Chapter 4 presented a spatial emergent constraint on the sensitivity of soil
carbon turnover to global warming (Varney et al., 2020). The response of soil
carbon was found in Chapter 3 to be due to large counteracting contributions
from feedbacks due to changes in NPP and changes in soil carbon turnover
time (⌧s). The change in soil carbon due to reductions in ⌧s (�Cs,⌧ ) was found
to vary amongst CMIP5 and CMIP6 ESMs, and the uncertainty in ⌧s has been
highlighted within literature as an important process to constrain (Ito et al., 2020;
Todd-Brown et al., 2014). This chapter used the ‘Emergent Constraint’ technique
to reduce the uncertainty in model projections of this response (Hall and Qu,
2006). This has been termed as a ‘spatial emergent constraint’, as the method
makes use of a spatial temperature sensitivity to infer the sensitivity of �Cs,⌧ to
global warming. Therefore, this chapter successfully constrained a component of
uncertainty in the overall soil carbon climate change response, and provides the
potential of new emergent constraints using spatial variability.

In Chapter 5, the Coupled Climate-Carbon Cycle Model Intercomparison
Project (C4MIP) simulations were introduced, which allows for the isolation of
effects on soil carbon due to changes in atmospheric CO2 and changes in global
temperatures. These simulations were used together with the most commonly
used approach to quantify changes in land carbon storage, with the aim of
quantifying future changes in soil carbon storage. This approach was referred to
as the {�, �} formulation, which enabled the break-down of the changes in soil
carbon storage into two distinct linear feedback terms: soil carbon-concentration
(�s) and soil carbon-climate (�s) feedbacks (Friedlingstein et al., 2006). The
adapted Friedlingstein et al. (2006) methodology was found to suggest that
a linear approximation into �s and �s sensitivities was a valid assumption for
projected soil carbon changes in CMIP6 ESMs up until a doubling of CO2.
Additionally, the contribution of soil carbon to the overall land carbon sensitivity to
climate change was investigated, where soil carbon was found to have a greater
sensitivity to global temperature changes compared with carbon stored within
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vegetation. This result suggested that soil carbon is particularly important in
the long-term response of land carbon storage under extreme levels of global
warming, and highlighted the need for further understanding and quantification
of the sensitivity of global soils to changes in climate.

Chapter 6 connected the research presented in both Chapters 3 and 5,
where the individual sensitivities of soil carbon controls (NPP and ⌧s) to changes
in both atmospheric CO2 and global temperatures were investigated in CMIP6
ESMs using the C4MIP simulations. The soil carbon-concentration (�s) and
soil carbon-climate (�s) feedbacks were found to be made up of terms repre-
senting the sensitivities of both the above and below ground controls to CO2

and temperature. A very significant change in the effective turnover time for
global soil carbon (⌧s) was seen even in the C4MIP BGC simulations, that only
included direct CO2 effects on plants. This effect was identified as being due
to ‘false priming’ (Koven et al., 2015). False priming occurs when an increase
in NPP leads to the additional carbon input preferentially stored in fast turnover
carbon pools, which reduces the effective turnover time of the soil as a whole.
In Chapter 6, the three-box model of Koven et al. (2015) was used to show
how false priming is a transient effect that arises from a disequilibrium in the
distribution of soil carbon across pools of different turnover times. This was most
clearly demonstrated under an idealised step change in NPP. The timescale of
the ‘transient’ is set by the slowest soil carbon pool, and so can be over many
centuries. False priming in the same three-box model was also shown to explain
the negative correlation between �Cs,NPP and �Cs,⌧ , which was noted in both
Chapters 3 and 6. The negative correlation was found to be much stronger
across the CMIP6 ensemble than the CMIP5 ensemble, which contributes to the
reduced model spread in projections of changes in global soil carbon in CMIP6,
as reported in Chapter 3.

7.2 Future research

The work presented in this thesis can be built upon to further improve the
quantification and understanding of soil carbon under climate change. A thor-
ough evaluation of CMIP6 ESMs has helped to identify key areas for future
development for the next generation CMIP7, and to identify relationships within
the climate system which present the potential for new emergent constraints. In
this section, specific areas for future research are highlighted.
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7.2.1 Model development of below-ground processes

This thesis has highlighted the progress in the simulation of above-ground
processes in CMIP6 ESMs compared to the previous generation of CMIP5
ESMs. This was first shown by the evaluation of contemporary Net Primary Pro-
ductivity (NPP) in ESMs compared with empirical datasets (Chapter 2), where an
improved consistency was found in CMIP6 compared with CMIP5. Additionally,
Chapter 3 showed an improvement in the agreement amongst models in CMIP6
on projections of future NPP, and this was shown to result from the inclusion of
an interactive nitrogen cycle which was a key highlighted model development in
ESMs since CMIP5. In contrast, another common theme throughout this thesis
has been the persistent uncertainty surrounding the soil carbon turnover time
(⌧s) within ESMs, where the same advances in below-ground processes are less
clear.

One way to reduce this uncertainty in ⌧s is to focus efforts into improving
the representation of below-ground soil processes in the next generation
(CMIP7) of ESMs. In Chapter 1, biogeochemical models were discussed and the
common assumptions that have been made with regards to the modelling of soil
carbon cycling were presented. New insights into the way soil carbon exists in
the real world suggests this differs from the way soil carbon has been historically
modelled in these first-order biogeochemical models, which are used within
ESMs to simulate microbial decomposition. Specifically, soil carbon models
have been commonly based on the molecular structure of SOC controlling the
long-term stability within the soil, however it is now understood that this affect is
also controlled by environmental and biological influences (Schmidt et al., 2011).
The coupling of these insights into new generations of ESMs is required for future
model development, which will allow for known processes which influence future
soil carbon to be simulated within ESMs (Canadell et al., 2021).

Previoulsy, the rate of decomposition in biogeochemical models has been
dependent on the chemical composition of organic carbon within the soil;
however, it is now thought that the biological influence on soil carbon decompo-
sition is important in the long-term stabilisation of carbon within soils (Wieder
et al., 2015a; Schmidt et al., 2011). This has lead to an aim of more explicitly
representing microbial dynamics within ESMs (Chadburn et al., 2020; Walker
et al., 2018; Koven et al., 2015), including the effects of microbial priming on
decomposition (Todd-Brown et al., 2014; Wieder et al., 2013). In current ESMs,
microbial activity is often implicitly represented, where the respired CO2 is
assumed to be proportional to the carbon stored within the soil (see Equation
1.3 in Chapter 1). However, soil microbial dynamics are expected to shift in
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response to temperature, by a change in microbial physiology and community
composition (Wieder et al., 2015a), as seen in long-term experimental warming
studies (Melillo et al., 2017), which implies a complex long-term response of
microbial decomposition (Canadell et al., 2021). In order to capture this long-term
response, significant effort should be made to increase the explicit representation
of microbial dynamics in ESMs.

Chapter 1 also discussed how biogeochemical models include soil carbon
pools to represent differing turnover times of carbon within the soil. However, the
representation of specific carbon pools, such as permafrost or peatland carbon,
within ESMs is limited (Todd-Brown et al., 2013). The CMIP6 ensemble included
the first ESMs to represent vertically resolved soil carbon, which was discussed
in this thesis and found to be especially important in the northern latitudes due
to deeper levels of soil carbon stocks. Vertically resolved soil carbon allows
for differing turnover rates at depth, opposed to diagnosing the turnover rate
of carbon in the whole soil column using temperature near the soil surface,
and is necessary for improving the simulation of both permafrost and peatland
carbon (Lawrence et al., 2019). Therefore, a continued attempt to include this
representation within more ESMs is required. The representation of permafrost
dynamics is not routinely included in CMIP6 ESMs, and has been suggested
as an area for model development (Burke et al., 2020; Koven et al., 2011).
Similarly, peatland soils present a potential source of carbon to the atmosphere
and are not routinely included in the majority of CMIP6 ESMs (Canadell et al.,
2021). The simulation of associated processes, such as peat accumulation,
should be an additional focus for future model development (Chadburn et al.,
2022). Additionally, the development of models with continuous ‘age’ variables
(Shi et al., 2020), opposed to the soil carbon pool ‘box model’ approach (Parton
et al., 1988; Jenkinson et al., 1991), suggest potential for more ‘realistically’
representing global soil carbon stocks (Schmidt et al., 2011; Aber et al., 1997).

Finally, there is a clear need for an improved evaluation and calibration of
soil carbon within ESMs. As described above the inclusion of an interactive
nitrogen cycle has resulted in improved consistency amongst CMIP6 models
in terms of their predictions of above-ground fluxes. The nitrogen cycle also
has a large impact on below-ground processes and yet similar improvements
to below-ground carbon decomposition have not been seen. A greater focus
on how model developments affect processes within the soil is needed. For
example, this could be done by introducing a ‘SoilCarbonMIP’, to be completed
as part of new CMIP generations. This would allow for a more structured bench-
marking of model parameterisation and understanding of the processes included
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within models, and focuses for model development in the future. The results in
Chapter 5 confirmed that global soils dominated the response of land carbon to
changes in climate, especially at more extreme levels of climate change, which
emphasises the importance of reliably simulating below-ground process in ESMs.

7.2.2 Implication of false priming on the spatial emergent con-

straint on soil carbon turnover to global warming

The spatial emergent constraint on soil carbon turnover to global warming
presented in Chapter 4 and published in Varney et al. (2020), is based on the
sensitivity of soil carbon turnover time (⌧s) to climate change being ‘reconstructed’
using the present day spatial variations in ⌧s and near surface air temperature.
It was implicitly assumed that temperature would be the dominant control of
future changes in ⌧s, consistent with previous literature (Jenkinson et al., 1991).
However, it was later found in Chapter 6 that the future response of ⌧s under
climate change is due both to the sensitivity to changing temperatures, as well
as an effective sensitivity to CO2, due to an interaction between increasing
productivity and turnover (false priming).

Despite this, the emergent constraint was successful, and the use of the
spatial temperature sensitivity of ⌧s was able to reproduce the subsequent
changes in soil carbon (�Cs,⌧ ) predicted by both CMIP5 and CMIP6 ESMs (see
Figure 4.7(b) in Chapter 4). This suggests that the derived spatial relationships
between ⌧s and temperature in the models, includes an effective sensitivity of
⌧s to changes in NPP. This demands further investigation to relate present day
spatial patterns in ⌧s and temperature, with future spatial patterns of changes in
NPP. The success of the constraint without the inclusion of this effect suggests
that either: (1) there is an emergent relationship between ⌧s in the present
day and how NPP changes in the future, or (2) the transient nature of both
the historical and future simulations used in deriving the constraint includes an
influence from faster equilibration of fast-turnover compared to slow-turnover
carbon pools (Koven et al., 2015). To fully understand the robustness of this
constraint on �Cs,⌧ , a better understanding of the false priming effect on this
process is required.
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7.2.3 Additional potential spatial emergent constraints on the

climate system

In more recent years, emergent constraints have become increasingly common,
and have been used to successfully constrain terrestrial carbon cycle processes
(Barkhordarian et al., 2021; Xu et al., 2020; Winkler et al., 2019; Cox, 2019;
Wenzel et al., 2016; Cox et al., 2013). However, these emergent constraints
almost exclusively use temporal variation (trends or variability). This thesis
introduced the term ‘spatial emergent constraint’, which instead uses spatial
variability to constrain future changes. This section presents some ideas for
potential spatial emergent constraints which can be investigated.

7.2.3.1 Constraint on carbon input to the soil

A natural progression from the spatial emergent constraint on soil carbon turnover
to global warming (Chapter 4, Varney et al. (2020)), is to attempt to constrain
the global input of carbon into soils. If each individual component which makes
up the total soil carbon response to climate change is successfully constrained,
the constraints can be combined to obtain an overall uncertainty reduction.
Throughout this thesis, the input of carbon into the soil has been approximated
as Net Primary Productivity (NPP). Previously, Wenzel et al. (2016) constrained
the projected land photosynthesis by relating to changes in the seasonal cycle
of atmospheric CO2 in CMIP3 and CMIP5 ESMs, where land photosynthesis
was approximated by Gross Primary Productivity (GPP). More recently, Winkler
et al. (2019) constrain increased GPP in the northern high latitudes in CMIP5
ESMs by constraining leaf area sensitivity to ambient CO2 from the past 36
years of satellite measurements. A spatial constraint due to CO2 fertilization is
not possible from a direct spatial sensitivity to CO2, however a spatial pattern of
NPP related to temperature and precipitation patterns globally is known. The
possibility of constraining future NPP changes due to future climate changes
using the spatial climate sensitivities is therefore suggested for future research.

7.2.3.2 Emergent constraint on �Cs,NPP using �Cs,⌧

An additional potential emergent constraint could be based on the existing spatial
emergent constraint on �Cs,⌧ , together with the deduced emergent relationship
between �Cs,NPP and �Cs,⌧ in CMIP6 ESMs found in this thesis. In Chapter 3
(see Figure 3.8), a strong correlation was found between soil carbon changes
due to increased NPP (�Cs,NPP ) and changes due to reductions in soil carbon
turnover time (�Cs,⌧ ), which was present across CMIP6 ESMs in three future
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climate scenarios (SSP126, SSP245, SSP585). In Chapter 6 (see Figure 6.9),
the strong correlation was also found to hold using the full 1% CO2 C4MIP
simulation, where a 1% increase in CO2 is seen each year. These results
suggest an apparent emergent relationship between �Cs,NPP and �Cs,⌧ that is
robust across the CMIP6 model ensemble.

The apparent strong anti-correlation between changes in productivity and
turnover has the potential to simplify the future soil carbon response to climate
change, at least at a global scale, as a constraint on both �Cs,⌧ and �Cs,NPP

could be deduced from the spatial variability of ⌧s inferred from observations. In
theory, the emergent constraint technique could be followed; the idea would be
to use the spatial emergent constraint on �Cs,⌧ (Chapter 4, Varney et al. (2020))
as the required observational trend or variation (x-axis), which could be used
together with the uncertainty surrounding the emergent relationship, to obtain
an emergent constraint on �Cs,NPP projections in CMIP6 (y-axis). However, the
fundamental mechanisms behind this emergent relationship, and the role of false
priming on the spatial emergent constraint would need to be investigated and
fully understood.

Additionally, it has been presented in this thesis that the future soil carbon
response to climate change (�Cs) is made up of multiple terms, including
additional terms to the �Cs,NPP and �Cs,⌧ responses. Specifically, the most
significant are the non-linear (�NPP�⌧s) and transient (�Cs,NEP ) terms, which
contribute to future changes in soil carbon. To obtain a constraint on the full �Cs

response, additional constraints would also be required on these terms. For the
implication of the emergent constraint technique, further understanding of the
�NPP�⌧s and �Cs,NEP terms would be needed, as well as a more thorough
understanding of their implication of future soil carbon changes.

7.2.3.3 Constraint on the Cs sensitivity to T

In Chapter 5, it was found that a linear approximation of future changes in soil
carbon (�Cs) into CO2 and temperature (T) changes, was a good approximation
up until a doubling of atmospheric CO2 (Friedlingstein et al., 2006). Therefore,
a constraint on the sensitivity of soil carbon to CO2 (�s) and a constraint on the
sensitivity of soil carbon to T (�s), could be combined to obtain a constraint on
the overall change in soil carbon (where, �Cs = �s�CO2 + �s�T ).

Previously, the sensitivity of tropical land carbon to temperature (named
�LT ) has been successfully constrained for ESMs up until the CMIP5 generation
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Figure 7.1: A scatter plot showing observation soil carbon (Cs) for each latitude
and longitude point against observational temperature (T), as presented in Koven
et al. (2017).

(Cox et al., 2013; Wenzel et al., 2014). Here the possibility of a spatial constraint
on �s is suggested, which can be investigated with CMIP5 and CMIP6 ESMs.
Koven et al. (2017) present a figure (Figure 7.1), which shows the spatial tem-
perature sensitivity of Cs, as shown by empirical data. A suggestion as a future
possible constrain is to investigate whether the spatial temperature sensitivity of
Cs could provide a spatial emergent constraint on future soil carbon change. This
could be tested specifically using the RAD simulation from the C4MIP project
(see Chapter 5), and would allow for a constraint on model predicted �s.

7.2.3.4 Spatial emergent constraint on the sensitivity of ecosystem carbon

turnover to global warming

The constraint on soil carbon turnover to global warming (Chapter 4, Varney et al.
(2020)) using the spatial variability of ⌧s inferred by observations, suggests the
possibility of constraining ecosystem turnover time (⌧e) using a similar concept.
Carvalhais et al. (2014) defines ⌧e as the total ecosystem carbon (CL = Cv + Cs)
divided by the total input or output flux, which in this case the total input flux
(GPP) is used. However, total ecosystem respiration (Re = Ra + Rh, where Ra

is autotrophic respiration by plants) could be used to represent the output flux of
carbon, as in Varney et al. (2020). Carvalhais et al. (2014) describe ecosystem
turnover as ‘an ecosystem property that emerges from the interplay between
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Figure 7.2: A map plot showing the spatial pattern of ecosystem carbon turnover
time (⌧e), and including a break down of ⌧e within different climate biomes, as
presented in Carvalhais et al. (2014).

climate, soil and vegetation type’, and the study finds a strong dependence ⌧e

to both temperature and precipitation patterns using observational data (see
Figure 7.2). It is shown that ESMs in CMIP5 to do match these dependencies,
particularly the relationship of ⌧e to precipitation.

Therefore, the possibility of constraining future projections of ⌧e, or the sub-
sequent change in ecosystem carbon from changes in ⌧e (defined �Ce,⌧ , where
�Ce,⌧ = (Ra,0 +Rh,0)�⌧e following the method of Varney et al. (2020)), should be
investigated as future research. The findings of Carvalhais et al. (2014) suggest
the potential of constraining this response using real world measurements of
spatial ecosystem respiration, together with the spatial variability of ⌧e to both
temperature and precipitation inferred from observations.
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