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Abstract

Soil organic carbon (SOC) is the largest terrestrial carbon (C) pool, and even small relative
changes in SOC stocks have large consequences for the future carbon-climate feedback.
Microbes are the main actors in the decomposition of litter and SOC, and microbial
decomposition rates are strongly affected by soil temperature and soil moisture. Yet,
large-scale model representations of the sensitivity of SOC to soil moisture, through
microbial decomposition and interactions with mineral surfaces, are largely empirical to
semi-empirical and uncertain. Therefore, there is a strong need for soil biogeochemistry
models that reflect current process understanding to accurately represent the response of SOC
to environmental change. Higher temperatures can promote microbial decomposition and
increase soil respiration rates, but the response to soil moisture is less certain. Soil moisture
variations confound temperature effects on soil respiration, lowering the high apparent
temperature sensitivity values that can be observed under optimal soil moisture conditions as
soils dry out or get wetter. Additionally, many soil properties such as SOC content, microbial
biomass and organo-mineral associations vary with depth, while soil columns may not evenly
dry out or become wetter under a changing climate. This vertical heterogeneity in soils is
largely ignored in most current model SOC decomposition modelling approaches and
warrants further research.

This thesis investigates how soil moisture and soil temperature changes can affect microbial
SOC decomposition by applying a mechanistic model that disentangles their combined
effects along a vertical soil gradient. In the first study, a simple model (the DAMM model) is
introduced to describe the interactions between soil moisture, soil temperature and microbial
decomposition and apply it to site-level soil respiration measurements. We show that in
addition to soil temperature, the inclusion of soil moisture controls are vital to correctly
model observed soil respiration rates, especially after rewetting events, and discuss which soil
moisture control is dominant under different soil moisture conditions. The second study
investigates differences in top- and subsoil moisture changes as simulated by global land
surface models and how these changes affect respiration rates under a warming climate. The
key finding is that the inclusion of soil moisture controls can have diverging effects on both
the speed and direction of projected decomposition rates (up to ±20%), compared to a
temperature-only approach. In the topsoil, the majority of these changes is driven by substrate
availability. In deeper soil layers, oxygen availability plays a relatively stronger role. The
research illustrates that vertical model representations of SOC dynamics will be crucial, due
to the diverging responses of top- and subsoil layers to climatic drivers.

The third study of this thesis describes the dynamic interactions between soil moisture, soil
temperature and substrate within a vertically explicit microbial SOC decomposition model.
We focus on the depolymerisation of litter and microbial residues at different soil depths, and
its sensitivities to soil warming and different drought intensities. The main finding is that soil
warming leads to long-term SOC losses, but that depending on SOC composition and its
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associated temperature sensitivities, these losses can be either reduced or further accelerated,
especially in the subsoil. Droughts can alleviate the effects of soil warming and reduce SOC
losses, and even lead to SOC gains. Furthermore, a combination of drought and the use of
different temperature sensitivities for the half-saturation constants associated with the
breakdown of litter or microbial residues can have counteracting effects on the overall SOC
decomposition rates. While absolute SOC changes driven by soil warming and drought are
highest in the topsoil, SOC in the subsoil is more sensitive to change through the interactions
between the half-saturation constant, temperature and soil moisture changes, and
mineral-associated SOC.

Summarising, this thesis provides new insights into the complex feedback between climate
change and SOC dynamics to aid the further development of process-based soil models. In
particular, the workI demonstrates that the next generation of models would benefit from
including vertical representations of soil processes, with microbial dynamics and moisture
functions that reflect our mechanistic understanding of the effects of soil drying and wetting.
Incorporating such models into coupled climate or land surface models will enable us to
study the effects and potential feedbacks of climate change on SOC stocks and CO2-release to
the atmosphere.
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Zusammenfassung

Organischer Bodenkohlenstoff (SOC) ist der größte terrestrische Kohlenstoffpool, und selbst
kleine relative Veränderungen der SOC-Bestände haben große Auswirkungen auf die künftige
Kohlenstoff-Klima-Rückkopplung. Mikroben sind die Hauptakteure bei der Zersetzung von
Streu und SOC, und die mikrobiellen Zersetzungsraten werden stark von Bodentemperatur
und Bodenfeuchtigkeit beeinflusst. Dennoch sind großmaßstäbliche Modelldarstellungen der
Empfindlichkeit von SOC gegenüber der Bodenfeuchtigkeit durch mikrobielle Zersetzung
und Wechselwirkungen mit mineralischen Oberflächen weitgehend empirisch bis
halbempirisch und unsicher. Daher besteht ein dringender Bedarf an biogeochemischen
Bodenmodellen, die das aktuelle Prozessverständnis widerspiegeln, um die Reaktion von
SOC auf Umweltveränderungen genau darzustellen. Höhere Temperaturen können die
mikrobielle Zersetzung fördern und die Atmungsrate des Bodens erhöhen, aber die Reaktion
auf die Bodenfeuchtigkeit ist weniger sicher. Schwankungen der Bodenfeuchtigkeit
vermindern die Auswirkungen der Temperatur auf die Bodenatmung und senken die
scheinbar hohen Werte für die Temperaturempfindlichkeit, die bei optimaler
Bodenfeuchtigkeit beobachtet werden können, wenn die Böden austrocknen oder feuchter
werden. Darüber hinaus variieren viele Bodeneigenschaften wie der SOC-Gehalt, die
mikrobielle Biomasse und die organisch-mineralischen Assoziationen mit der Tiefe, während
die Bodensäulen unter einem sich ändernden Klima nicht gleichmäßig austrocknen oder
feuchter werden. Diese vertikale Heterogenität in Böden wird in den meisten aktuellen
Modellierungsansätzen für den SOC-Abbau weitgehend ignoriert und bedarf weiterer
Forschung.

In dieser Arbeit wird untersucht, wie sich Änderungen der Bodenfeuchte und der
Bodentemperatur auf den mikrobiellen SOC-Abbau auswirken können. Dazu wird ein
mechanistisches Modell angewandt, das ihre kombinierten Auswirkungen entlang eines
vertikalen Bodengradienten entschlüsselt. In der ersten Studie wird ein einfaches Modell (das
DAMM-Modell) zur Beschreibung der Wechselwirkungen zwischen Bodenfeuchte,
Bodentemperatur und mikrobiellem Abbau eingeführt und auf Messungen der Bodenatmung
an einem Standort angewendet. Wir zeigen, dass neben der Bodentemperatur die
Einbeziehung der Bodenfeuchte entscheidend ist, um die beobachteten Bodenatmungsraten
korrekt zu modellieren, insbesondere nach Wiederbefeuchtungsereignissen, und erörtere,
welcher Prozess bei unterschiedlichen Bodenfeuchtebedingungen dominiert. Die zweite
Studie untersucht die Unterschiede in den von globalen Landoberflächen-Modellen
simulierten Veränderungen der Feuchte im Ober- und Unterboden und wie sich diese
Veränderungen auf die Atmungsraten in einem wärmeren Klima auswirken. Das wichtigste
Ergebnis ist, dass die Einbeziehung der Bodenfeuchte sowohl die Geschwindigkeit als auch
die Richtung der prognostizierten Zersetzungsraten unterschiedlich beeinflussen kann (bis zu
±20 %), verglichen mit einem reinen Temperaturansatz. Im Oberboden wird der Großteil
dieser Veränderungen durch die Substratverfügbarkeit bestimmt. In tieferen Bodenschichten
spielt die Sauerstoffverfügbarkeit eine relativ stärkere Rolle. Die Untersuchung zeigt, dass
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vertikale Modelldarstellungen der SOC-Dynamik aufgrund der unterschiedlichen Reaktionen
der oberen und unteren Bodenschichten auf klimatische Faktoren von entscheidender
Bedeutung sind.

Die dritte Studie dieser Arbeit beschreibt die dynamischen Wechselwirkungen zwischen
Bodenfeuchte, Bodentemperatur und Substrat in einem vertikal expliziten mikrobiellen
SOC-Umsatzmodell. Wir konzentrieren uns auf die Depolymerisation von Streu und
mikrobiellen Resten in verschiedenen Bodentiefen und ihre Sensitivitätin Bezug auf
Bodenerwärmung und unterschiedlichen Trockenheitsintensitäten. Das Hauptergebnis ist,
dass die Bodenerwärmung zu langfristigen SOC-Verlusten führt, dass aber je nach
SOC-Zusammensetzung und den damit verbundenen Temperaturempfindlichkeiten diese
Verluste entweder verringert oder weiter beschleunigt werden können, insbesondere im
Unterboden. Dürren können die Auswirkungen der Bodenerwärmung abmildern und die
SOC-Verluste verringern und sogar zu SOC-Gewinnen führen. Darüber hinaus kann eine
Kombination aus Trockenheit und der Verwendung unterschiedlicher
Temperaturempfindlichkeiten für die mit dem Abbau von Streu oder mikrobiellen
Rückständen verbundenen Halbsättigungskonstanten gegenläufige Auswirkungen auf die
Gesamtabbauraten des SOC haben. Während die absoluten SOC-Änderungen aufgrund von
Bodenerwärmung und Trockenheit im Oberboden am stärksten sind, reagiert der SOC im
Unterboden aufgrund der Wechselwirkungen zwischen der Halbsättigungskonstante,
Temperatur- und Bodenfeuchtigkeitsänderungen und dem mineralassoziierten SOC
empfindlicher auf Veränderungen.

Zusammenfassend lässt sich sagen, dass diese Arbeit neue Erkenntnisse über die komplexen
Rückkopplungen zwischen Klimawandel und SOC-Dynamik liefert, die die weitere
Entwicklung prozessbasierter Bodenmodelle unterstützen. Insbesondere zeigt die Arbeit, dass
die nächste Generation von Modellen von der Einbeziehung vertikaler Darstellungen von
Bodenprozessen mit mikrobieller Dynamik und Feuchtigkeitsfunktionen profitieren würde,
die unser mechanistisches Verständnis der Auswirkungen von Bodentrocknung und
-befeuchtung widerspiegeln. Die Einbindung solcher Modelle in gekoppelte Klima- oder
Landoberflächenmodelle wird es uns ermöglichen, die Auswirkungen und potenziellen
Rückkopplungen des Klimawandels auf die SOC-Bestände und die CO2-Freisetzung in die
Atmosphäre zu untersuchen.
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Chapter 1 – General introduction

1.1 Importance of SOC stocks for the terrestrial C cycle
An increase in atmospheric carbon dioxide (CO2) has been identified as the main cause of
global warming (IPCC, 2023). Soil organic carbon (SOC), as the largest terrestrial component
in the global carbon (C) cycle, has a large influence on the accumulation of CO2 in the
atmosphere, and thereby on climate change. Soil respiration, the C flux from the soil into the
atmosphere consisting of an autotrophic and a heterotrophic component, is currently
estimated to be 68–101 Pg C yr−1 globally (Jian et al., 2021a). This makes it the largest C flux
from the land surface into the atmosphere, and up to 10 times greater than the current
estimate of global anthropogenic atmospheric C emissions, which is around 9.6  Pg C yr−1

(Friedlingstein et al., 2023). Heterotrophic respiration (Rh) is produced by soil microbes, who
feed on existing SOC stocks as well as fresh plant litter inputs to the soil. Global estimates of
Rh fluxes are highly uncertain, but considered the dominant C loss from soils at an estimated
global mean loss of 47.2 - 58.9 Pg C yr-1 (Hashimoto et al., 2015; Jian et al., 2021b; Tang et
al., 2020; Warner et al., 2019).

Global SOC stock estimates range between ~650 to ~2400 Pg C until one meter depth (Fan et
al., 2022). Given the enormous size of SOC stocks, especially in northern and equatorial
regions (Crowther et al., 2019), even small relative SOC stock changes can have large
consequences for future C release to or removal from the atmosphere (Davidson, 2020;
Kirschbaum, 2006). Climate change is affecting SOC stocks by changing the complex
balance between C inputs to and outputs from the soil. Therefore, understanding SOC
dynamics and its sensitivities to ongoing global climate change is crucial to understand the
Earth’s current and future C balance. Whether soils will become a future C source or sink, is
largely determined by changes in Rh. Based on recent data-driven and modelled estimates, Rh

is expected to increase in the future mainly as a result of expected increases in plant gross
primary productivity (GPP, causing increased soil C inputs), and as a result of higher C
mineralisation rates by microbes (Bond-Lamberty et al., 2018). Soil microbes are the primary
agents of SOC decomposition and heavily influence SOC stocks: On the one hand, they are
responsible for the loss of SOC through Rh, while on the other hand, microbial residues are
recognised as important precursors for the formation of stable, mineral-associated SOC
(Cotrufo et al., 2013; Liang et al., 2017; Xiao et al., 2023).

1.2 Importance of temperature and soil moisture for microbial
SOC decomposition

Warming is expected to increase SOC decomposition rates and lead to SOC losses through
increased microbial activity (Walker et al., 2018). Microbial decomposition rates increase
with temperature until a certain maximum where enzymes start to break down (Hochachka &
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Somero, 2002; Nottingham et al., 2016), but only if sufficient soil moisture is available
(Sierra et al., 2017). Soil moisture is extremely important for SOC dynamics as it affects soil
physicochemical relationships in all phases: In solid form (e.g. reducing vertical transport and
creating drought conditions in frozen soils), in liquid form (e.g. by reducing heat fluctuations,
vertical transport, and by influencing soil microbes) and in gaseous form (e.g. many soil
organisms depend on the high relative humidity of soil). Soil moisture also highly impacts
microbial dynamics and thereby Rh (Fig. 1, Schimel, 2018; and Moyano et al., 2013): In dry
soils, water connectivity in soil pores is poor and results in lower substrate availability for
microbial decomposition. Additionally, microbes may experience osmotic stress under dry
soil conditions and reduce their activity or die (Manzoni & Katul, 2014; Schimel, 2018). As a
result, Rh rates are low (‘a’ in Fig. 1).

In very wet soils, soil pores become water-filled, restricting the diffusion of oxygen towards
the microbial surface and decreasing Rh rates (‘c’ in Fig. 1), because oxygen diffusion in the
gas phase is the main pathway to provide the necessary electron acceptor for organic C
oxidation (Yan et al., 2016). Between very dry and very wet soil moisture conditions, an
optimum exists where the availability of decomposable substrates as well as oxygen
concentrations are ideal for microbial SOC decomposition, leading to high Rh rates (“b” in
Fig. 1, Skopp et al., 1990). At this soil moisture optimum, temperature is the dominant driver
of SOC decomposition rates (Sierra et al., 2017).

Earth system models (ESMs) predict that soils will warm by a global mean of ~4.5 °C by the
end of the century under the RCP 8.5 emission scenario (Soong et al., 2020), but projected
future changes in soil moisture are more diverse (Berg et al., 2017) and highly dependent on
anthropogenic greenhouse gas and aerosol emissions (Y. Wang et al., 2022). Uncertainty in
soil moisture projections between ESMs is large, especially for near-surface soil moisture
(Berg et al., 2017; Berg & Sheffield, 2018; Cheng et al., 2017; Lu et al., 2019; Yuan &
Quiring, 2017). Additionally, soil moisture may not change in the same direction for surface
and deeper soil layers (Fig. 2 in Berg et al., 2017). Until now, the temperature sensitivity of
SOC decomposition has received a lot of attention, whereas the sensitivity to changes in soil
moisture, especially in the deep soil, has been relatively understudied (Hicks Pries et al.,
2023). Given the importance of soil moisture for SOC dynamics, and the considerable
feedback for SOC stock changes to climate warming, it is imperative to improve our
understanding of soil moisture and soil temperature controls on SOC decomposition, and to
study their impacts separately as well as simultaneously.
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Figure 1: Moisture effects on soil microbial activity under conditions ranging from (a) dry to (c) saturated.
Figure and caption taken directly from Schimel et al. (2018), who adapted it with permission from Moyano et al.
(2013). Black rectangles represent microbial cells, and orange lines represent substrates adsorbed onto soil
particles (grey spheres). The bottom panel shows the relationship between heterotrophic respiration (Rh, black
line) and moisture results from interacting effects, including diffusion and physiological, biochemical, and
ecological processes. ψ indicates the soil water potential, and π is the cell osmotic potential that would allow
maintaining a stable turgor pressure as ψ declines. ψ and π have negative values; to plot them on a positive axis,
they are plotted as their negative values. Reprinted with permission under a Copyright Clearance Center license
agreement (ID 1448651-1). © 2018 Annual Reviews, Inc.

1.3 Process representation in SOC decomposition models

Earth system models are very important tools to understand and predict the global C cycle in
light of climatic change. At the moment, the modelled response of SOC stocks to global
change is diverse and the largest source of uncertainty in ESMs (Ito et al., 2020; Todd-Brown
et al., 2013; Varney et al., 2023). Therefore, it is vital to improve our understanding and
representation of the key processes determining SOC dynamics in models.
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1.3.1 Traditional SOC decomposition models
Traditionally, SOC decomposition models are highly empirical and consist of various “fast”,
“slow” and/or “passive” C pools with their own intrinsic turnover rates, using first-order
decomposition rates adopted from the CENTURY approach (Parton et al., 1987). In these
models, turnover is only proportional to the size of each respective SOC pool. They are still
widely used; the majority of SOC models used in the Carbon Model Intercomparison Project
(CMIP) 6 use a first-order representation of the soil with two or more C pools (Table 1 in
Varney et al., 2023). The temperature sensitivity of these C pools is modelled using either a
monotonic Arrhenius-type or a Q10 (the rate of increase for every 10 °C rise in temperature)
function, so that respiration rates constantly rise with soil warming, and their soil moisture
sensitivity is either not included at all, or modelled empirically with linear or optimum
relationships (Sierra et al., 2015; Varney et al., 2023). Various models include an interaction
with the nitrogen (N) cycle, but not all of them consider the vertical distribution of the soil
carbon profile (Todd-Brown et al., 2013; Varney et al., 2023), which is important for
long-term dynamics of SOC stabilisation (Ahrens et al., 2015). So while these empirical
analytical models could potentially match current-day observations, in particular with regard
to long-term SOC dynamics (Parton et al., 2015), there is a mismatch between these
conceptual C pools and measurable SOC fractions (Abramoff et al., 2018). Additionally, due
to the lack of process-based descriptions of SOC dynamics, it is difficult to assign the
sensitivities of individual SOC decomposition processes to changes in climatic (e.g.
temperature, soil moisture) and environmental (e.g. litter inputs) drivers.

1.3.2 Microbially explicit SOC models
Over the last decades, the recognition of soil microbes as active agents in SOC formation,
preservation and loss (Cotrufo & Lavallee, 2022; Crowther et al., 2019), as well as
advancements in process-understanding of SOC dynamics, have led to the development of
soil models that take into account microbial (enzymatic) processes and sometimes
organo-mineral interactions (e.g. Abramoff et al., 2017; Sulman et al., 2014; Wieder et al.,
2014; Zhang et al., 2022). In these microbially explicit models, nonlinear kinetics describe
the various feedbacks between microbes, SOC substrate availability, and sometimes mineral
adsorption and desorption processes. Decomposition rates are limited as a function of SOC
substrate availability (forward kinetics) or microbial biomass (reverse kinetics, Le Noë et al.,
2023; Tang & Riley, 2019). The representation of temperature controls on microbial SOC
decomposition rates is generally done using an Arrhenius-type function to describe a
maximum reaction rate (Vmax) with the use of an activation energy for the substrate of interest
(Arrhenius, 1889). Moisture controls to describe the interactions between microbial activity
and the diffusion of C substrates, extracellular enzymes, and/or oxygen are approached with
e.g. forward and/or reverse Michaelis-Menten kinetics, Monod-type kinetics, or the
Equilibrium Chemistry Approximation (ECA) kinetics (summarised in Tang & Riley, 2019).

Microbes produce extracellular enzymes to break down soil organic matter. Some models
explicitly simulate the microbial production (and sometimes diffusion) of extracellular
enzymes to degrade organic matter and maximise microbial growth (e.g. Abramoff et al.,
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2017; Allison et al., 2010; Manzoni et al., 2016; Moorhead et al., 2012; Schimel &
Weintraub, 2003; Tang & Riley, 2014). Other models simulate microbial enzyme production
implicitly by calculating the amount of C substrates, proportional to the microbial biomass,
which can diffuse to a microbial surface (e.g. Ahrens et al., 2015; Davidson et al., 2012;
Robertson et al., 2019; Sihi et al., 2018a). The diffusion of substrates or enzymes through the
soil matrix depends on soil moisture, which can be included as volumetric water content or
soil matric potential (Ghezzehei et al., 2019; Runkles, 1956; Skopp et al., 1990). Many
enzymes that break down substrates are assumed to follow Michaelis-Menten kinetics, where
the reaction rate (V) is defined as:

V = Vmax[S]/(Km + [S]) (1)

Where Vmax is the maximum rate, [S] is the substrate concentration and Km is the
half-saturation constant, i.e. the value at which V is 50% of Vmax. Both Vmax and Km are
temperature sensitive (Atkin & Tjoelker, 2003; Berry & Raison, 1981). If, similar to Vmax, Km

increases with temperature, the reaction rate would be reduced because Km appears in the
denominator of the equation. In other words, reaction rates may slow down with increasing
temperatures, especially at lower [S]. This counteracting temperature effect has been
identified as a potentially important factor for future SOC dynamics (Davidson et al., 2006;
Davidson & Janssens, 2006). These modelling studies, however, did not consider a dynamic
substrate pool, i.e. there is no interaction between the microbial pool (with its own growth
and turnover rates) and the in- and outputs of different C substrate pools. A thorough search
of the relevant literature on microbially explicit SOC decomposition models to date yielded
no studies in which these interactions between the microbial pool and dynamic substrate
pools were explored. Firstly, because of a lack of data on the temperature sensitivity of Km,
and secondly, because most models do not consider the temperature sensitivity of Km and
only assign a temperature sensitivity to Vmax, usually in the form of a Q10 value or activation
energy (Wang et al., 2012).

A recent study reported the temperature sensitivities of different extracellular enzymes
involved in the degradation of soil organic matter (Allison et al., 2018). In this study, the
temperature sensitivities of the maximum reaction velocity (Vmax) as well as the
half-saturation constant (Km) were measured for nine different enzymes which are
representative of degrading various SOC substrate types. Temperature sensitivities, expressed
as Q10 values, ranged between 1.48 and 2.25 for Vmax, and between 0.71 and 2.80 for Km. The
latter values are particularly important, because values above 1 would lower the reaction rate
(V) with increasing temperatures, whereas values below one would further accelerate them.
This dataset allowed me to explore the interactions between temperature, soil moisture
changes and SOC substrate concentration in a dynamic model in more detail for this PhD
thesis.

1.3.3 Depth-dependent process representation of SOC dynamics
Carbon (C) is not distributed evenly within soil profiles: Globally, around 1500 Pg C is stored
in the first metre, but roughly 50% of this C resides in the top 30 cm (e.g. Blume et al., 2016).
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The vertical distributions of microbial biomass and SOC content are highly correlated, but the
relative proportions of microbial biomass (compared to total microbial biomass down to 1 m)
can be higher than that of SOC (compared to total SOC) in the top 10 cm (Sun et al., 2021).
In general, the topsoil is more directly influenced by climate, land use and vegetation,
whereas the deep soil is more influenced by mineral properties (Fig. 2, Hicks Pries et al.,
2023). In what Hicks Pries et al. (2023) call the ‘wedge’ concept, it becomes apparent that the
influence of biotic factors such as plant (root) litter inputs and microbial activity decreases
with depth, whereas the importance of organo-mineral interactions increases with depth. The
stabilisation of SOC on mineral surfaces is very important for SOC dynamics, because SOC
may be protected from rapid microbial decomposition when associated with minerals.
Microbes and mineral surfaces essentially compete for available SOC, and in the deep soil
more SOC is mineral-associated and thereby less available to microbes. This is an additional
C resource limitation on microbial decomposition, in addition to substrate diffusion limitation
through soil moisture availability. The sorption and desorption rates of SOC to and from
mineral surfaces are also sensitive to changes in temperature and soil moisture (Ahrens et al.,
2020; Wang et al., 2013).

Figure 2. Changes in biotic versus mineral influences with soil depth, taken directly from Hicks Pries et al.
(2023). a) Biotic influence (green wedge) declines with depth due to reduced plant (root) litter inputs and
microbial activity with depth. Mineral influence (brown wedge) increases with depth as a larger proportion of
SOC is associated with soil mineral surfaces (higher mineral-associated carbon (MAOC)). b) The different
proportions of root and microbial biomass, and the amount of SOC and MAOC found in surface (0 - 20 cm
depth) versus deep soils (> 20 cm depth). Reprinted with permission under the CC BY 4.0 licence:
https://creativecommons.org/licenses/by/4.0/deed.en#ref-appropriate-credit).

Most SOC models in ESMs do not consider the vertical distribution of SOC stocks or
mineral-organic associations, even though vertically explicit models have been around since
the late 1970’s (summarised by Ahrens et al., 2015). As a result, the vertical distribution of
root litter inputs, the vertical transport of C through leaching and bioturbation and their
effects on SOC dynamics have been ignored. Furthermore, these models typically do not
consider soil temperature and moisture interactions over a vertically resolved SOC profile,
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and as a result fail to capture observed climate sensitivities of soil carbon turnover times
(Koven et al., 2013, 2017). Even recently developed microbially explicit models
(DAMM-MCNIP by Abramoff et al., 2017; e.g. CORPSE by Sulman et al., 2014; MIMICS
by Wieder et al., 2014) typically only consider one soil depth, even though so many soil
properties change with depth.

To improve our understanding of long-term SOC dynamics to climate change, models are
needed that allow us to test the sensitivity of SOC to changes in soil moisture and
temperature while considering the vertical soil profile. In the final study of this thesis, we
used a newly developed SOC decomposition model which reconciles many of the
mechanistic concepts introduced in this chapter. The Jena Soil Model (JSM, Yu et al., 2020)
is vertically resolved, microbially explicit and includes representations of organo-mineral
interactions, as well as mechanistic descriptions of the various physiological processes
affecting microbial SOC decomposition. When calibrated for specific sites, the model
simulates SOC stocks and microbial biomass well, and was tested for its ability to simulate
the interactions of nutrient availability with SOC dynamics (Yu et al., 2020, 2023). As such, it
provides a novel framework for this PhD thesis in which the individual and combined effects
of soil moisture and temperature changes on microbial SOC dynamics can be studied.

1.4 Research objectives and questions

The general aim of this thesis is to better understand the effects that temperature and soil
moisture changes have on microbial SOC decomposition, and to explore what their potential
individual and combined effects are on SOC dynamics in a changing climate. To aid the
further development of process-based SOC models, different approaches suitable for model
implementation were investigated to answer the following research questions:

1. Can soil moisture mitigate or exacerbate temperature-driven changes in SOC
decomposition rates?

2. How do soil moisture and temperature interact with SOC substrates and subsequently
affect microbial SOC decomposition rates?

3. How do soil moisture and soil temperature effects on SOC decomposition vary along
a vertical soil gradient?

Chapter 2 provides a detailed summary with the key findings of the three studies included in
this PhD thesis, and highlights the connections between the individual studies. Chapter 3
answers the research questions and discusses the main findings of this thesis in a broader
context, followed by an outlook on future research directions. Finally, an overview of author
contributions for each study is provided, followed by the three full manuscripts including
their supporting information.
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Chapter 2 – Study design and key findings

This chapter summarises the different modelling approaches and key findings from the three
manuscripts that are part of this PhD thesis, and the connections between the respective
studies are discussed.

To answer the research questions from Chapter 1, each study investigates the combined and
individual effects of soil moisture and soil temperature on SOC dynamics from a different
perspective: In study I, site-level measurements are used for a bulk soil column approach,
without considering the vertical distributions of SOC over the soil profile. In the second
study, global climate model outputs are considered, as well as the vertical differences in soil
moisture, soil temperature and SOC content. In both studies, modelled changes are
instantaneous and do not consider the past history of the soil’s SOC content. The third study
does consider this dynamic feedback between the different carbon pools and changes in
temperature, soil moisture and temperature. For each study in this thesis, a figure is included
with the conceptual representations of the different soil moisture and soil temperature
controls for each modelling approach, highlighting the common thread between the three
studies.

2.1 Study I: Modelling soil moisture controls on soil respiration
through substrate and oxygen availability

In Study I, we applied the Dual Arrhenius Michaelis-Menten (DAMM) model (Davidson et
al., 2012) to site-level soil respiration measurements to disentangle how temperature and soil
moisture affected the observed soil CO2 efflux. The relative importance of substrate and
oxygen limitations on soil respiration at different time periods (summer drought, winter
flooding) were highlighted. We also compared and discussed our results in light of the
original DAMM model development for the temperate site Harvard Forest, to demonstrate
the model’s suitability for application in semi-arid ecosystems.

The study site Las Majadas, a semi-arid dehesa ecosystem located in Extremadura of Spain,
experiences strong temperature and soil moisture fluctuations throughout the year. We found
that considering soil moisture controls was crucial to model the dynamics in the observed soil
CO2 efflux. Changes in substrate availability were the main driver of the observed soil
respiration fluxes, and the DAMM model was able to reproduce the strong respiration pulses
observed after a drying and subsequent rewetting event, also known as the “Birch effect”
(Birch, 1958). If only soil temperature was considered as a driver of soil respiration, the
model was not able to reproduce the observed CO2 efflux well, and strongly overestimated
the observations.
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The DAMM model is based on the principle that at optimal soil moisture values, respiration
rates are driven by soil temperature and exponentially increase with temperature following an
Arrhenius function. This temperature-driven optimal maximum rate (often called ),𝑉

𝑚𝑎𝑥

obtained at a certain optimal soil moisture level, is reduced when soil moisture either
decreases or increases (Fig. 3): At low soil moisture, microbes are limited in the amount of
accessible substrates to decompose, whereas at high soil moisture, oxygen availability limits
microbial respiration rates.

Figure 3: Conceptual representation of the effects of soil temperature and soil moisture on microbial respiration
rates with the DAMM model (Davidson et al., 2012). The reaction rate (R) consists of a maximum rate ( )𝑉

𝑚𝑎𝑥
and two Michalis-Menten terms to calculate substrate availability and oxygen availability. The figure on the top
right depicts the temperature driven part of the equation: increases with higher temperatures. The figure on𝑉

𝑚𝑎𝑥
the bottom right depicts the moisture driven part of the equation, with the two Michaelis-Menten terms of the
DAMM model using the parameters from Davidson et al. (2012): When soils are dry, the availability of
substrate (red line) to microbes is low, while oxygen availability (blue line) is high. When soils are saturated,
oxygen availability is low while substrate availability increases. At optimal soil moisture (dotted vertical line),
the reaction rate (R, solid black line) is governed by temperature and is at its maximum rate ( ).𝑉

𝑚𝑎𝑥

The DAMM model requires information on soil temperature, soil moisture, soil C content,
and soil porosity as inputs to calculate , substrate availability, and oxygen availability𝑉

𝑚𝑎𝑥

(Study I, Eqs. 1–5). These data were measured at the study site. Substrate and oxygen
availability were calculated as Michaelis-Menten terms (Fig. 3), where the half-saturation
constants for oxygen and substrate were estimated from the data. Additionally, the activation
energy and pre-exponential factor (a measure for the ‘base respiration’ at the site), required to
calculate , were estimated from the data: These four parameters in the DAMM model𝑉

𝑚𝑎𝑥

were calibrated to the soil CO2 efflux measurements at Las Majadas. The half-hourly
measurements were taken over a 2.5 year period, with minimum soil temperatures at 5 cm
depth between 3.8 and 31.2 °C, and water-saturation between 9.4% and 98.2% during the
observation period (illustrated in Figs. 2b and 2c in Study I).
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We found that soil respiration rates modelled with the calibrated DAMM model captured the
observed fluxes at Las Majadas well (Fig. 4, green points). The observations repeatedly
showed strong respiration pulses after a drying and subsequent rewetting event, which were
well captured by the DAMM model. These soil respiration pulses could not be reproduced by
the model when the Michaelis-Menten terms for substrate and oxygen diffusion were set to a
fixed value of 1 (Fig. 4, pink points), i.e. by calculating the temperature-driven maximum rate
( ) only. This version of the DAMM model (“DAMM (MM = 1)”) strongly overestimated𝑉

𝑚𝑎𝑥

the observed soil CO2 efflux at the site and explained less than 0.1% of the variance (Fig. 4).
The demonstrated ability of the DAMM model to reproduce soil respiration pulses upon
rewetting was a significant finding of Study I, as such CO2 pulses can account for a large part
of long-term carbon losses from the soil in dry and semi-arid ecosystems (e.g. Jarvis et al.,
2007; Xu et al., 2004; Zhang et al., 2020).

Figure 4: DAMM model fitted to observations at Las Majadas between July 2015 and December 2017.𝑅
𝑠𝑜𝑖𝑙

Observed (black) and modelled soil CO2 efflux (g C m-2 day-1) for the full DAMM model (green, DAMM) and
DAMM model with both MM-terms set to 1 (pink, DAMM (MM = 1)). Goodness-of-fit values: Coefficient of
determination (R2) and root mean squared error (RMSE, g C m-2 day-1).

A detailed analysis of the Michaelis-Menten terms revealed that substrate diffusion limitation
was the dominant driver of the observed soil respiration fluxes at Las Majadas (Fig. 3 in
Study I), as the site experiences many drying and rewetting events. Significant CO2 fluxes
were observed during wintertime, even when the soil was highly saturated with soil moisture
(> 90% saturation). The DAMM model with the Michalis-Menten terms set to 1, could not
reproduce the observed fluxes well under these conditions (Fig. 4 in Study I). Compared to
this temperature only-driven model estimate, the full DAMM model matched the
observations better by imposing oxygen diffusion limitation on the estimated respiration
rates, but showed small mismatches (slight underestimation and overestimation) of the
observed fluxes under these extremely wet conditions (Fig. 4 in Study I). Underestimation of
the fluxes can be the result of ongoing autotrophic respiration, which is tightly coupled to
photosynthetic activity (Hopkins et al., 2013) and not explicitly simulated by the DAMM
model, as well as anaerobic CO2 production (Fairbairn et al., 2023). Fairbairn et al. (2023)
suggest that under these wet conditions, C substrate supply to microbes is high and provides
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ideal circumstances for anaerobic CO2 production. Additionally, the overestimation of the
fluxes can be caused by a temporal mismatch between CO2 production and the resulting soil
CO2 efflux, where water blocking the soil pores hinders the release of CO2 from the soil to
the atmosphere and can cause a drop in observed CO2 efflux (Maier et al., 2011). As the
DAMM model responds instantaneously to the temperature and soil moisture values at each
model timestep by simulating respiration, such temporal shifts cannot be accurately captured.
The results, however, showed that despite some temporal mismatches between the DAMM
model and the observations, the total CO2 release over the observational period was captured
very well by the calibrated DAMM model (Table 2 in Study I). Additionally, the results
indicate that substrate diffusion is extremely important to explain the observed variability in
soil respiration, especially during long dry periods and subsequent rewetting events.

Since its development, the DAMM was successfully used at the temperate forest sites at
which it was developed (e.g. Abramoff et al., 2017; Davidson et al., 2012; Sihi et al., 2018b).
Temperature is the main driver of the measured heterotrophic fluxes at these sites, as soil
moisture is close to optimal values most of the time. Overall, the results from this first study
demonstrated that the DAMM model is also a suitable framework to model soil moisture
controls on soil respiration rates at sites with highly dynamic changes in temperature and soil
moisture such as Las Majadas (and see Oirkawa et al. (2014) and Drake et al. (2018) for
applications in two extremely dry ecosystems).

Following these results, the scope of the second study moves from the instantaneous soil
moisture and temperature changes and their effects on soil respiration at one site, to changes
in future SOC decomposition rates using soil moisture and soil temperature projections
simulated by different Earth system models (ESMs) at a global scale. Additionally, Study II
considers the vertical distributions of the soil carbon content, as well as the vertical
differences in soil temperature and soil moisture changes with depth.

2.2 Study II: Vertically divergent responses of SOC decomposition
to soil moisture in a changing climate
In the second study, the DAMM model was used to model the combined and individual
impacts of projected temperature and soil moisture changes until the end of the century by
comparing future SOC decomposition rates driven solely by temperature changes to SOC
decomposition rates predicted by soil moisture and temperature changes. Study II was the
first to use the DAMM model for a vertically discretized application, so the model results
were successfully verified against independent observations.

The key finding of this study was that changes in soil moisture have the potential to not only
mitigate, but also accelerate predicted decomposition rates driven by future soil warming.
The analysis revealed that soil moisture changes have the potential to slow down or speed up
these temperature-driven SOC decomposition rates by as much as 20%. We also found that
the topsoil responded differently from the subsoil.
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As outlined in Chapter 1, the role of soil moisture for organic matter decomposition remains
poorly understood and represented in Earth system models (ESMs). In order to quantify the
impacts of future soil moisture and temperature changes on SOC decomposition rates using a
mechanistic model framework, we used historic and future soil moisture and soil temperature
simulated by 4 different ESMs at a global scale from the Coupled Model Intercomparison
Project 5 (CMIP5) model ensembles (Taylor et al., 2012). Additionally, a data-driven global
dataset of SOC stocks and soil porosity was used from the SoilGrids database (Hengl et al.,
2014, 2017) as inputs to the DAMM model (Fig. 5).

Figure 5. Conceptual representation of the temperature and soil moisture driven parts of the DAMM model,
specifying the different data inputs that were used to calculate the SOC decomposition rate . DAMM model𝑅
inputs consisted of two data-driven products (SOC stocks and soil porosity from SoilGrids) and two CMIP5
model outputs (soil temperature and soil moisture) from four different ESMs, at multiple soil depths between 0
and 100 cm. SoilGrids data were spatially re-gridded to match the respective CMIP5 model’s spatial resolution.
CMIP5 model outputs were vertically re-gridded to match the five soil depth intervals from the SoilGrids
dataset: 0–5, 5–15, 15–30, 30–60, 60–100 cm depth, respectively.

A unique aspect of Study II is the consideration of SOC density, soil porosity and soil
moisture and temperature changes at multiple soil depths until 1 m. To gain insight in SOC
decomposition rate changes in a changing climate, we calculated the temperature- and soil
moisture driven decomposition rate changes between a historic (1976–2005) simulation
period and a future climate change period (2070–2099), following Representative
Concentration Pathway 8.5 (RCP8.5). These calculations were done at global scale for each
soil depth interval, so that the various temperature and soil moisture driven effects on SOC
decomposition rates between the topsoil layer (0–5 cm depth) and a deep soil layer (60–100
cm depth) could be compared (Fig. 6).
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Figure 6. Probability density functions (PDFs) for global changes in decomposition rate in the topsoil (0–5 cm;
a,c) and bottom soil layer (60–100 cm; c,d) for a single CMIP5 model (CESM1-BGC). The PDFs show changes
(in %) in SOC decomposition rates between the historic and RCP8.5 simulation period. Each PDF shows the
respective contribution of soil moisture (SM only); temperature (T only); soil moisture and temperature (Full
DAMM); O2 availability; and substrate availability. Blue cells indicate a slowdown, and red cells indicate an
acceleration of the modelled decomposition rate between the two simulation periods.

Between the historic and future simulation period, the global mean soil temperature changed
by 2.8 – 4.2 K between the different CMIP5 models. As a result, SOC decomposition rates
accelerated by 20% – 120%, driven by rising soil temperatures alone (Fig. 6a,b). The analysis
revealed that moisture has the potential to slow down or speed up these temperature-driven
SOC decomposition rates by as much as 20% (Fig. 6, SM only).

Our finding that soil moisture has the ability to further accelerate temperature-driven
decomposition rates contrasted with results from earlier modelling studies. For example,
Falloon et al. (2011), reported that temperature-driven decreases in soil carbon by the year
2100 tended to be opposed by soil moisture, implying a slowdown of conventional SOC
turnover rates in response to soil moisture. The work of this thesis, however, showed that the
direction of change is very dependent on the initial soil moisture conditions, as well as the
existing SOC content. These results hold particular significance: Firstly, initial soil moisture
conditions are important to consider, because it implies that soil drying does not always lead
to a slowdown of decomposition rates, but can also accelerate them. In such cases, a
reduction in soil moisture moves the decomposition rates closer to the potential maximum
rate ( ) under optimum soil moisture conditions, by increasing the availability of oxygen.𝑉

𝑚𝑎𝑥

Secondly, we found that considering the initial SOC content (which affects substrate
availability) is important, as SOC content changes with soil depth and conventional SOC
decomposition models generally do not consider this nonlinear feedback between soil
moisture, soil temperature and SOC content across multiple soil depths.

Study II indeed revealed that the response to soil moisture changes in the topsoil was very
different from the response of the deep soil layer. In the topsoil, the majority of the predicted
SOC decomposition rate changes were driven by changes in substrate availability (Fig. 6c).
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In the majority of cases, soil drying led to a decrease in substrate availability for
decomposition and reduced the predicted decomposition rates (Table 2 in Study II). However,
in more than 25% of the grid cells, an increase in soil moisture led to a further acceleration of
the temperature driven decomposition rates. In the deep soil layer, this number increased to
more than 34%, indicating that deep soil layers are very important in the feedback between
SOC dynamics and climate warming.

While changes in substrate availability dominated the response to soil moisture in the top soil
layers, Study II showed that changes in oxygen availability are increasingly important in the
deeper soil layers (Fig. 6d). In particular, slowdown of the decomposition rates in the deeper
soil corresponded with reductions in oxygen availability as a result of soil wetting (Table 2 in
Study II).

It is important to note that within the full CMIP5 model ensemble there is a large spread in
model results for both the initial (historic) soil model conditions, as well as in the projected
soil moisture changes under the RCP8.5 scenario (Berg et al., 2017; Cheng et al., 2017;
Lorenz et al., 2016; Orlowsky & Seneviratne, 2013). But while the four models considered in
Study II varied in their soil moisture patterns (Fig. S4 in Study II), both spatially and
vertically, the bi-directional nature of the modelled SOC decomposition rate response to soil
moisture was found for all models and at all soil depths (Figs. S3 and S5 in the supporting
information for Study II).

This study was the first to use the DAMM model in a depth-discretized application.
Therefore, to demonstrate the DAMM model’s suitability for a vertically resolved
application, we compared the DAMM model to a set of soil respiration observations at
different soil depths up to 1 m (Hicks Pries et al., 2017). Using the same parameters and
sensitivities to soil moisture as in the DAMM model application on the CMIP5 model data,
the DAMM model was able to match the observations well at each soil depth, but only when
a vertically varying SOC content was used. Additionally, the robustness of the results for the
DAMM model application on the CMIP5 model data was tested. As discussed previously, the
model results were very sensitive to different initial soil moisture conditions, as well as the
SOC content. The model results were neither sensitive to a ±20% difference in parameter
values, nor were they sensitive to a decline of oxygen concentration in air with soil depth.

Summarising, Study II showed that while future soil moisture changes are uncertain, they
have strong potential to mitigate or accelerate SOC decomposition rates driven by soil
warming by the end of this century. Changes in substrate availability will dominate the future
SOC dynamics, especially in top soil layers. In the deeper soil layers, oxygen availability
becomes increasingly important. Owing to the different soil moisture controls with soil depth,
Study II also highlighted that the development of the next generation of SOC decomposition
models would benefit from including vertical representations of soil processes, with moisture
sensitivity functions that reflect our mechanistic understanding of the effects of soil drying
(and a reduction in substrate availability) and soil wetting (and the reduction of oxygen
availability).
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In Study I and Study II of this thesis, the DAMM model was applied as a function where a
fixed fraction of the existing SOC content determined substrate availability, without
considering the dynamic changes in SOC content over time. As a next step, Study III focused
on studying the interactions between soil moisture, soil temperature and substrate availability
in a dynamic model, where the feedback between the different carbon pools and microbial
dynamics affect the SOC dynamics over time.

2.3 Study III: Drought counteracts soil warming more strongly in
the subsoil than in the topsoil according to a vertical microbial
SOC model
In the third study of this thesis, the dynamic interactions between soil moisture, soil
temperature and substrate were investigated at different soil depths. Since SOC, microbial
biomass and mineral-associated SOC are not distributed evenly within soil profiles, the
interactions between soil moisture, microbes and substrates were expected to vary with depth.
To test these interactions, we used a model with vertically resolved, mechanistic descriptions
of microbially driven decomposition and organo-mineral interactions so that C substrate
depletion by microbes or sorption could be explicitly simulated at different soil depths.

The main finding of the study was that soil warming leads to long-term SOC losses, but that
depending on the SOC substrate composition and its associated temperature sensitivities,
these losses could be either reduced or further accelerated, especially in the subsoil. We also
showed that drought could alleviate the effects of soil warming and reduce SOC losses from
the soil.

The model used in this study was the Jena Soil Model (JSM: developed by Ahrens et al.,
2015, 2020; Yu et al., 2020), where we focussed on the depolymerisation of litter and
microbial residues at different soil depths, and its sensitivities to soil warming and different
drought intensities. Based on the theory and parameterisation of substrate kinetics for SOC
decomposition (Tang & Riley, 2019) , JSM represents microbial depolymerisation of the litter
pools with reverse Michaelis-Menten (MM) kinetics. Effectively, this means that the
depolymerisation rate of the litter pools is limited by the microbial biomass pool (Fig. 7). In
JSM, microbial depolymerisation rates are also indirectly affected by the sorption and
desorption of DOC and microbial residues onto mineral surfaces, as this affected the
availability of microbial residues for depolymerisation and the amount of DOC available for
microbial growth. In the model, the adsorbed DOC and adsorbed microbial residues
(mineral-associated carbon, MAOC) are protected from microbial decomposition. We
calculated SOC stocks (% increase or decrease) over a simulation period of 100 years
between 0 and 50 cm depth, and compared results from a topsoil layer (0–6 cm) to those of a
subsoil layer 36–50 cm.
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Figure 7: Conceptual representation of the effects of soil temperature and soil moisture on microbial
depolymerisation rates within the Jena Soil Model. The depolymerisation flux (R) consists of a maximum
depolymerisation rate ( ) and a reverse MM-term to calculate microbial limitation on the depolymerisation𝑉

𝑚𝑎𝑥
rate of the two litter pools in JSM: polymeric litter and microbial residues. The figure on the right depicts the
effects of soil moisture and different Q10,Km values on the MM-term: When the soil gets drier or Q10,Km > 1, the
MM-term is reduced (red line), lowering the depolymerisation rate. When the soil gets wetter or Q10,Km < 1, the
MM-term is reduced (red line), lowering the depolymerisation rate. When soil moisture stays the same, or Q10,Km

= 1, the MM-term follows the black line. Overall, temperature and soil moisture effects on the MM-term are
stronger at low microbial biomass.

Similar to Studies I and II, the maximum depolymerisation rate was driven by temperature
(Fig. 7). Soil moisture affected the reverse MM-term for the depolymerisation through the
half-saturation constant in the denominator of the MM-term (Fig. 7): Soil drying reduced the
depolymerisation rate, reflecting microbial enzymatic diffusion limitation on the available
SOC substrates (Tang & Riley, 2019). In the previous two studies of this thesis, the
half-saturation constant (kMS) did not vary with temperature. A novel aspect of the third
study in this thesis was the additional investigation of the effects of the half-saturation
constant’s sensitivity to soil temperature on SOC dynamics. Based on recent literature
(Allison et al., 2018), different temperature sensitivities for the half-saturation constant,
expressed as Q10 values, were tested in Study III. One value represented microbial
depolymerisation of polymeric litter (Q10,Km,P= 1.3) and one value represented microbial
depolymerisation of microbial residues (Q10,Km,R= 0.7). Q10 values above 1 lower the
depolymerisation rate with increasing temperatures, whereas values below 1 further
accelerate it (Fig. 7).

Prescribed litter inputs to the model were identical for each model experiment. This allowed
us to individually test soil warming and drying effects on long-term SOC stocks, without the
potentially confounding effects from changes in plant productivity. In line with the results
from Study II, we found that soil warming accelerated SOC losses and that the topsoil
responded differently from the subsoil (Fig. 8): Warming-induced SOC losses were
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proportionally higher in the topsoil than in the subsoil when soil moisture was kept at
ambient levels (Fig. 8a and 8b, SM * 1.0).

Figure 8. Combined temperature and soil moisture effects on long-term changes in modelled SOC stocks (%
SOC lost since simulation year 0) for different model experiments in a) the topsoil layer (0 - 6 cm) and b) a
subsoil layer (36 - 50 cm). In all model runs, the soil was warmed by 4.5 K and the half-saturation constants
were sensitive to temperature changes: Q10,Km was 1.3 for the depolymerisation of polymeric litter and Q10,Km

was 0.7 for depolymerisation of microbial residues.

We also found that drought could alleviate the effects of soil warming: when available soil
moisture was reduced, less SOC was lost from the soil as a result of soil warming. With
stronger drought intensity warming-induced SOC losses turned into SOC gains (Fig. 8),
which occurred at less severe drying levels for the deep soil layer (SM * 0.8) compared to the
topsoil layer (SM * 0.7).

Study III additionally revealed that the individual temperature sensitivities of the half
saturation constants for polymeric litter and microbial residues counteracted each other,
which led to SOC losses from the soil comparable to those found when the half-saturation
constants were not sensitive to temperature. We also found, however, that the subsoil was
more sensitive to different temperature sensitivities of the half-saturation constants than the
topsoil. Given that the composition of SOC substrates likely differs between topsoils and
subsoils, with topsoils receiving more polymeric litter inputs and subsoils containing a
relatively larger proportion of microbial residues, our results indicated that the temperature
sensitivity of the half-saturation constant can have a significant impact on deep SOC
dynamics.

Study III demonstrated that in a vertically explicit, dynamic model system like JSM, complex
feedbacks arise between microbial dynamics, organo-mineral interactions and substrate
availability. Firstly, microbes and mineral surfaces compete for the same carbon substrates,
dissolved organic carbon (DOC) and microbial residues. At lower depths, the amount of

21



mineral-associated SOC (MAOC) increased compared to the amount of particulate organic
carbon (POC), which is not associated with mineral surfaces. Additionally, microbial biomass
reduced with depth, which strongly increased the significance of the half-saturation constant
for the depolymerisation rates (Fig. 7; Davidson et al., 2006; Davidson & Janssens, 2006).
Overall, with our isolated experiments, we were able to demonstrate that subsoils are
potentially more sensitive to soil warming and droughts.

The results from this study are important, as recent research has shown that the chances of
drought coinciding with high soil temperatures will further increase in the future
(García-García et al., 2023). As a result, the counteracting effects of the temperature
sensitivities of the half-saturation constants and drought may be at their strongest, and
ecosystems dominated by infrequent moisture inputs may show very strong sensitivities to
soil warming and drought.
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Chapter 3 – Discussion and outlook

In this final discussion the research objectives and related research questions outlined in
Chapter 1.4 are revisited. The aims of this PhD thesis were to: 1) better understand the effects
that temperature and soil moisture changes have on microbial SOC decomposition; 2) explore
what their potential individual and combined effects are on SOC dynamics in a changing
climate; and 3) to aid the further development of process-based SOC models by investigating
different approaches suitable for model implementation.

The following research questions were coupled to these three objectives:

Q1: Can soil moisture mitigate or exacerbate temperature-driven changes in SOC
decomposition rates?

Q2: How do soil moisture and temperature interact with SOC substrates and subsequently
affect microbial SOC decomposition rates?

Q3: How do soil moisture and soil temperature effects on SOC decomposition vary along a
vertical soil gradient?

The contributions to these questions and the insights this thesis has provided are discussed,
followed by an outlook on further research directions.

3.1 Changes in soil moisture can mitigate or accelerate SOC
decomposition rates

Q1: Can soil moisture mitigate or exacerbate temperature-driven changes in SOC
decomposition rates?

This thesis demonstrated that changes in soil moisture have the potential to mitigate or further
accelerate SOC decomposition rates in a warming climate through various mechanisms. All
three studies contributed to finding the answer to this first research question. Firstly, Study I
showed that low values of soil moisture could mitigate the temperature-driven soil respiration
rates, primarily by limiting C substrate diffusion, especially during the summer period. Under
highly water-saturated conditions, oxygen diffusion limited soil respiration rates, which
mainly occurred in the winter period. Furthermore, we found that soil moisture not only
restricted temperature-driven soil respiration rates, but also stimulated them: Upon rewetting
after a period of drought, the observed high pulses in CO2 efflux were captured by the
DAMM model by lifting the substrate diffusion limitation, whereas a purely
temperature-driven model estimate did not capture these dynamics.
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Secondly, Study II found that the inclusion of soil moisture controls had diverging effects on
both the speed and direction of projected decomposition rates (up to ±20%), compared to a
temperature-only approach. In the topsoil, the majority of these changes were driven by
substrate diffusion limitation. In deeper soil layers, oxygen availability played a relatively
stronger role. This study also demonstrated that the initial soil moisture conditions were
crucial to determine whether decomposition rates accelerate or slow down the projected
temperature-driven rates. Depending on the initial soil moisture condition, the modelled
decomposition rate can either increase or decrease for the same absolute change in water
content (Fig. 9). The closer the initial soil moisture condition lies to an optimal soil moisture
value, the smaller the impact of soil moisture changes will be on the overall decomposition
rates (Fig. 9, ‘SM only’). In soils, however, where soil moisture is already low or high,
further drying or wetting will have very strong impacts on the decomposition rates.

The findings of Studies I and II are particularly important for drier ecosystems that
experience strong drying-rewetting cycles, because both the initial moisture status, the
strength of soil rewetting, as well as the length and frequency of drying-rewetting events
affect how much C will be released into the atmosphere (Liang et al., 2021; Rousk &
Brangarí, 2022). For wet ecosystems though, the reverse is true: If they wet further, oxygen
availability would be further restricted, but drying could lead to higher SOC decomposition
as oxygen becomes more easily available for microbial decomposition. E.g., in warming
peatland soils, which store massive amounts of SOC, water table depth is extremely
important to determine if they act as C sources or sinks. Peatland soils are rich in phenolic
compounds, which are mainly degraded under aerobic conditions by the enzyme
phenol-oxidase. As such, increased oxygen supply in drying peat soils could lead to
substantial further SOC losses (Freeman et al., 2001), although these amplified warming
effects can partly be mitigated by lower methane emissions (Kwon et al., 2022). Recently, the
DAMM model framework was extended to simulate methane consumption and production
(Sihi et al., 2020, 2021). Phenolic compounds could be added as an additional substrate (or as
a lignified litter) pool, so that this framework provides further opportunities to explore
peatland drying and wetting effects.

Thirdly, Study III found that soil warming led to SOC losses and that drought had the
potential to mitigate warming losses considerably. Drought decreased microbial
depolymerisation rates through decreased diffusion of enzymes, which led to a slowdown of
the overall SOC decomposition rates. These results are in line with the first two studies of
this thesis, as well as other modelling studies (e.g. Todd-Brown et al., 2014; Wieder et al.,
2018) and data-driven studies (M. Wang et al., 2022). We also found that soil warming could
have a mitigating effect on SOC decomposition rates through the temperature sensitivity of
the half-saturation constants, especially in deeper soil layers where microbial biomass is low
and the importance of the half-saturation constants is higher (Davidson et al., 2006; Davidson
& Janssens, 2006).
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Figure 9. Importance of initial soil moisture conditions: Change in reaction rate (%) in response to soil moisture
changes at reference temperature ( = 283.15 °K, black line) and increased temperature (+3.7 °K, grey line).𝑇

𝑟𝑒𝑓
Arrows indicate the change in reaction rate when soil moisture does not change (T only, black arrows),
decreases by 3% (blue arrows), or increases by 3% (red arrows). The light blue and red arrows indicate the soil
moisture (SM) only change (no temperature change) to a 3% decrease/increase in soil moisture, respectively.
Around optimal SM (dotted line), temperature changes dominate the change in the reaction rate. The
half-saturation constants of the MM-terms are not sensitive to temperature or soil moisture changes in this
depiction. Figure included in this thesis as Fig. S1 (supplement of Study II), where a warming of +3.7 °K
reflects the average mean soil warming projected by the different ESMs that were used in the study.

The findings of this thesis suggest that without better inter-model agreement of current and
future soil moisture projections by ESMs (e.g. see Hsu & Dirmeyer, 2023; Lu et al., 2019), it
will be difficult to determine future SOC dynamics and estimate the related carbon fluxes
from the soil into the atmosphere that contribute to further warming. At present, however, soil
moisture measurements are still sparse compared to soil temperature, and only representative
of a smaller area (Berg et al., 2017). This also restricts the validation of satellite-derived soil
moisture measurements (e.g. Gruber et al., 2020; O. & Orth, 2021), which can be useful as
input for SOC decomposition models. Additionally, reliable simultaneous measurements of
soil moisture, soil temperature and soil (heterotrophic) respiration rates from sites that cover a
wide range of climatic conditions are needed to better estimate the shape of the soil moisture
response curve. In Study I of this thesis, we showed that the range of soil moisture values for
which the models are calibrated is important for their functional shape, and that it might be
dangerous to extrapolate parameter values beyond calibration range. In Study II, we used the
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parameter values from the original DAMM model study (Davidson et al., 2012), but a
sensitivity analysis revealed that our model results were not very sensitive to large changes (±
20%) in these parameters. Rather than to the parameter values, the results were very sensitive
to the projected relative changes in soil moisture, which are extremely uncertain (Berg et al.,
2017). Therefore, the results demonstrated the importance of coherent soil moisture
projections from ESMs and support a call for simultaneous measurements of soil moisture,
soil temperature, and soil CO2 fluxes.

3.2 Interactions between temperature, soil moisture and substrate
availability in a dynamic system

Q2: How do soil moisture and temperature interact with SOC substrates and subsequently
affect microbial SOC decomposition rates?

In the first two studies, a fixed fraction of a static SOC pool was used to determine the
substrate availability. While this provided insights in the ability of soil moisture and soil
temperature to mitigate or accelerate SOC decomposition rates (Section 3.1), it was not
possible to determine how the resulting changes in substrate availability over time would
additionally affect SOC dynamics. Therefore, an important and novel aspect of the third
study of this thesis was that within the Jena Soil Model, the dynamic feedback between the
SOC substrate pools (dissolved organic C, polymeric litter, and microbial residues), microbial
biomass, mineral sorption, and temperature and soil moisture could be studied.

In the third study, we found that soil warming led to long-term SOC losses, but that
depending on the SOC substrate composition and its associated temperature sensitivities,
these losses could be either reduced or further accelerated, especially in the subsoil. That
temperature could potentially offset SOC losses through the temperature sensitivity of the
half-saturation constant was previously theorised (Davidson et al., 2006; Davidson &
Janssens, 2006), but never studied in a dynamic model as shown in this thesis. This
temperature effect becomes increasingly important at low microbial biomass concentrations,
as the depolymerisation rates are limited by the size of the microbial biomass pool (Fig. 7).
Microbial biomass decreases with soil depth, while at the same time, the amount of SOC that
is protected from decomposition by sorption to mineral surfaces increases. The latter is
important because mineral-associated SOC has a lower temperature sensitivity than the
particulate organic C pools: In JSM, the temperature sensitivities of the mineral-associated
pools are implemented based on observations following Wang et al. (2013; Table 1 in Study
III), which is supported by recent data-driven studies that have shown that unprotected SOC
pools are more affected by temperature increases than mineral-protected SOC, so that
temperature effects on SOC storage are higher in soils with higher proportions of unprotected
carbon (Georgiou et al., 2024; Hartley et al., 2021). We demonstrated that this vertical
gradient in microbial biomass and mineral-associated SOC led to different sensitivities of the
overall SOC stocks to soil warming in the topsoil and subsoil layers: In the topsoil, there is
more particulate SOC, and absolute SOC losses driven by soil warming were higher than in
the subsoil. The subsoil contained a smaller proportion of particulate SOC, but the amount
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that was there was found to be more sensitive to warming. Depending on the type of litter
depolymerised by microbes (microbial residues or polymeric litter in this study) and its
assigned temperature sensitivity, this mitigated (polymeric litter) or accelerated (microbial
residues) the warming-induced SOC losses.

Study 3 also showed that drought could alleviate the effects of soil warming and reduce SOC
losses from the soil. The drought led to such strong limitations on microbial depolymerisation
that the effect of soil warming could be completely mitigated. In these simulations the litter
inputs were not reduced in response to soil drying, so that the isolated effects of drought on
SOC dynamics could be studied. It can be expected, though, that long-term soil drying
reduces root and leaf litter inputs as plant productivity decreases (Deng et al., 2021).

Throughout the study, we observed stronger model responses to drought and the assigned
temperature sensitivity values associated with the half-saturation constant for the
depolymerisation of the litter pool in subsoils than in topsoils. This was related to the lower
microbial biomass in subsoils, leading to stronger microbial limitation on depolymerisation in
the subsoil than in the topsoil. Additionally, at low microbial biomass ( ) the value of the𝐶

𝐵

half-saturation constant became increasingly important (Fig. 7). At the same time, microbial
depolymerisation rates only affected the POC pools (polymeric litter and microbial residues)
and not the mineral-associated organic carbon pools (MAOC). Since the ratio of POC:MAOC
was lower in the subsoil than the topsoil, total SOC losses were lower from the subsoil than
the topsoil in our study, despite the higher sensitivity to the different Q10 values of the
half-saturation constants for depolymerisation. When the Q10 value of the half-saturation
constant was < 1, SOC losses were further accelerated in response to warming. In our study,
this lower Q10 value was associated with the breakdown of proteins from the microbial
residues pool. Data derived studies have shown that the contribution of microbial residues in
the deep soil to total SOC is highly significant and can be up to 54% in grasslands (e.g. Wang
et al., 2021). So, if free POC in deep soils is indeed more sensitive to warming as a result of
low microbial biomass, our model results support the finding that deep soils rich in microbial
residues are more temperature sensitive than those that contain less microbially-derived POC
contents, due to the lower Q10 values of the half-saturation constants for the breakdown of
polypeptides. However, compared to plant-derived POC, microbial residues have a high
mineral sorption potential (Buckeridge et al., 2022; Liu et al., preprint) and could therefore be
more protected from decomposition.

Study III demonstrated for the first time how the interplay between the half-saturation
constants, temperature and soil moisture changes, and mineral-associated SOC, can affect
SOC dynamics. While recently reported lab-based values for the temperature sensitivities of
the half-saturation constants (Allison et al., 2018) were used, it remains unclear how these
might change in field conditions, especially in the deep soil. Additionally, other enzymes with
different temperature sensitivities may dominate microbial depolymerisation rates depending
on the litter type and quality. For example, microbes in soils that are high in microbial
necromass could also utilise a chitin-degrading enzyme, which was found to have a very high
temperature sensitivity value of the half-saturation constant (Q10 value of 2.8, Allison et al.
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(2018)). Overall, our results have shown that more research is needed on the response of deep
soils to warming (and see Hicks Pries et al., 2023), in particular on the breakdown of deep
soil particulate organic carbon, as the intricate interplay between microbes,
mineral-associated carbon and changing climatic conditions affect the apparent Q10 values
reported for deep soil studies (Gentsch et al., 2018). Zhang et al. (2024) recently showed that
apparent Q10 values for SOC mineralisation are mainly dominated by the mineralisation of
labile carbon, similar to what we observed in our study. They found that the apparent
temperature response was governed by substrate availability under limited carbon
availability, and was governed by substrate quality when carbon availability was not limiting.
The work of this thesis opens up new possibilities to further explore these effects of different
substrate types and substrate availability on microbial decomposition of SOC.

3.3 Importance of vertical process-representation in SOC
decomposition models

Q3: How do soil moisture and soil temperature effects on SOC decomposition vary along a
vertical soil gradient?

A key outcome of the research in this PhD thesis was that SOC decomposition models should
consider vertical representations of SOC dynamics because topsoil and subsoil layers respond
differently to changes in soil temperature, soil moisture and the interlinked substrate changes.
Studies II and III both showed that soil moisture modifies the temperature-driven
decomposition rate differently in the topsoil compared to the subsoil. Study II showed that in
the topsoil, a stronger slowdown of the decomposition rates was found as a result of stronger
substrate diffusion limitation. If decomposition rates in the topsoil increased, this was also
mainly driven by an increase in substrate availability. In the subsoil, however, a different
pattern was found: Slowdowns were mostly caused by increased oxygen limitation, but
acceleration happened both in response to lifting the oxygen limitation (drying) and by
increased substrate availability (wetting), with large differences between different ESMs.
While subsoil moisture will be less variable over time than topsoil moisture and has a smaller
impact on the decomposition rates than topsoil moisture, this study showed that the impact of
soil moisture in these lower layers was strongly bi-directional. Many existing SOC
decomposition models, however, consider only one soil depth with an average temperature
and soil moisture change (Koven et al., 2017), and there are large differences between
reported soil moisture values and projections when only the top 10 cm of the soil are
considered versus a ”whole column” approach (Berg et al., 2017).

Besides soil moisture changes, the results from studies II and III in this thesis also showed
that changes in substrate concentration are important along a vertical gradient. In study II, we
found that the DAMM model results were very sensitive to the SOC content: When the
model was confronted with vertically explicit measurements, it could only reproduce the
observed CO2 fluxes well if a vertically varying SOC density was used. Furthermore, the
amount of SOC that could go into solution was a static fraction within the DAMM model
(Studies II and II). In reality, however, an increasing contribution of SOC is not dissolved but
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sorbed to mineral surfaces with depth (Schrumpf et al., 2013), which can create a solubility
gradient with depth and thereby modify the response to moisture. Therefore, Study III
considered these dynamic links between substrate availability, microbial biomass and mineral
sorption, and the response of SOC stocks to changes in temperature and soil moisture. The
third study confirmed that the topsoil and subsoil displayed different responses to soil
warming and drying: While absolute SOC changes driven by soil warming and drought were
highest in the topsoil, SOC in the subsoil was more sensitive to the (sometimes
counteracting) interplay between the half-saturation constants for depolymerisation,
temperature and soil moisture changes, and mineral-associated SOC. Furthermore, this
depth-resolved modelling approach had the advantage of representing other vital processes
that drive substrate availability: Root litter inputs enter the soil at different depths, and
organic matter is transported between soil layers through leaching and bioturbation.

This thesis showed that resolving vertical gradients in SOC models will be essential for
representing future changes in SOC dynamics. This is especially the case for soils with strong
depth gradients in temperature, such as permafrost soils, as well as with strong depth
gradients in soil physical heterogeneity: E.g., mineralogical changes with depth will
determine how much of SOC will be protected from microbial decomposition, and soil
structure will be an important determinant for water connectivity through soil pores (Fisher &
Koven, 2020). The studies in this thesis support the growing insight that deep soils can
significantly contribute to the global carbon-climate feedback, and should be incorporated
into both measurements and models to study SOC decomposition under climate change
(Hicks Pries et al., 2023). The integration of new scientific knowledge can help build
confidence in future soil carbon decomposition models (Wieder et al., 2019), even if
increased model complexity comes with added uncertainty (Shi et al., 2018). Only in such
modelling frameworks will it be possible to study and disentangle the individual and joint
effects of soil moisture controls on SOC decomposition rates.

3.4 Conclusions
This thesis and the three different studies included in it have shown that: (1) Soil moisture
changes have the potential to either slow down or accelerate SOC decomposition rates under
a warming climate. Additionally, increased soil temperatures can have a mitigating or further
accelerating effect on SOC decomposition rates through the temperature sensitivity of the
half-saturation constants for depolymerisation of SOC substrates (2) Soil moisture changes
mainly impact SOC decomposition rates through changes in C substrate availability for
microbes, although oxygen diffusion limitation can play a significant role too. (3) Vertically
resolved model representations of SOC decomposition dynamics are very important, as
topsoils and subsoils respond differently to changes in soil moisture and temperature. We
showed that this is the result of a complex interplay between microbial biomass and
mineral-associated SOC changes with depth, and the effects of temperature and soil moisture
changes on the depolymerisation rates of different litter sources.
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These insights were obtained by applying a mechanistic modelling framework, the DAMM
model, on observations (Study I) and on vertically resolved Earth system model outputs
(Study II), and then by studying the dynamic interactions between C substrate availability and
climatic changes within a mechanistic, vertically resolved SOC decomposition model (Study
III). We demonstrated that warming-induced decomposition rates can be mitigated by
droughts as a result of C substrate limitation. Furthermore, by separating the effects of
temperature and soil moisture driven changes on SOC decomposition, we were able to
demonstrate that not only soil moisture, but also soil warming alone can partially mitigate
SOC decomposition rates through the temperature sensitivities of the different enzymes
involved in the breakdown of organic matter (Study III).

Overall, this thesis provided new insights into the complex feedback between climate change
and SOC dynamics to aid the further development of process-based soil models. The work
demonstrated that the next generation of models would benefit from including vertical
representations of soil processes, with microbial dynamics and moisture functions that reflect
our mechanistic understanding of the effects of soil drying and wetting. Incorporating such
models into coupled climate or land surface models will enable us to study the effects and
potential feedbacks of climate change on SOC stocks and CO2-release to the atmosphere.

3.5 Outlook
The third study of this thesis showed that drought can mitigate warming-induced SOC losses
and even result in SOC accumulation over the simulation period. The confounding effects of
changes in litter inputs were eliminated from the study on purpose to isolate the effects of soil
temperature and soil moisture changes on the modelled SOC stocks. While results from
short-term data-driven studies support the model finding that SOC stocks can increase under
drought (e.g. Brunn et al., 2023), long-term drought studies generally show a decline in SOC
stocks, which can be mainly attributed to the effects of soil warming and decreased litter
inputs (e.g. Deng et al., 2021; Meier & Leuschner, 2010). In this light, follow-up studies
could focus on studying the feedback between a coupled soil and vegetation model. The
model used in this work, JSM, is part of the land surface model QUINCY (Thum et al.,
2019). For Study III, forcing files were generated by QUINCY for a static application of
JSM. A dynamic coupling between the vegetation model in QUINCY with JSM is nearing
completion at the writing of this thesis. In this coupled model, the feedbacks between climate
change, vegetation functioning and SOC dynamics can be further explored mechanistically.
For example, rising atmospheric CO2 concentrations, warming, and drought will alter plant
productivity, thereby altering the substrate-soil moisture dynamics in the soil system.
Additionally, the effects of rising temperature and atmospheric CO2 concentrations on plant
productivity will be constrained by nutrient availability (Fleischer & Terrer, 2022; Terrer et
al., 2019). Plants can plastically adapt their leaf nutrients, which is incorporated for nitrogen
in the QUINCY model (Caldararu et al., 2020), so that in a coupled model simulation, plant
litter inputs to the soil will change in quality and quantity under a changing climate.
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The impacts of soil moisture on SOC decomposition can be further explored, as there are
several other decomposition processes which are sensitive to soil moisture that were beyond
the scope of this thesis, but may impact SOC dynamics. For example, in JSM the microbial
turnover into the microbial residues pool is currently defined as a fixed fraction of the
existing microbial biomass (Yu et al., 2020). Microbial activity and death, however, are both
sensitive to soil moisture and could be linked through soil matric potential (Ghezzehei et al.,
2019; Manzoni & Katul, 2014). As mortality increases with drought intensity, the microbial
residue pool would increase under drought and store additional C substrates for microbes to
access upon soil rewetting. Another process which depends on soil moisture is the
solubilisation of DOC from litter. While this leaching rate is represented in JSM using a fixed
loss fraction from the soluble litter pool, Yan et al (2018) describe a function where this loss
term is multiplied with a soil moisture dependent optimum curve so that losses are highest at
optimum soil moisture levels. Such a function, however, would need careful calibration, e.g.
after Currie and Aber (1997).

Soils are extremely heterogeneous environments. In this thesis, the importance of including
vertical heterogeneity of soils in model process representations was highlighted. In addition,
the consideration of soil heterogeneity effects on microbial access to SOC substrates could be
a focus of new research. Yan et al. (2018) introduce a collocation factor related to soil
porosity and water-connectivity, which describes the physical separation of microbes from
SOC associated with mineral surfaces. This factor depends linearly on soil clay content, so
that soils with higher clay content have a stronger degree of separation between microbes and
C substrates absorbed to mineral surfaces. As data on soil clay content are relatively well
reported, such an additional microbial limitation on substrate accessibility could be explored
in a follow-up study.

Another possible continuation of the work presented in this thesis would be the integration of
different substrate types into nonlinear SOC decomposition models. In this thesis, microbes
had access to two different kinds of litter to depolymerise: polymeric litter and microbial
residues. The contents of the polymeric litter pool are driven by input from plant litter, and
therefore, by the vegetation type used for the simulation. It would therefore be possible to,
rather than having one polymeric litter pool, partition the plant litter into different subpools
containing different substrates. Needle-leaf evergreen leaves would then enter a different
subpool than for example a broadleaf summergreen leaf, and each subpool could be assigned
its own temperature sensitivities based on the main chemical properties of the litter entering
it.

Process-based non-linear microbial SOC models such as JSM provide opportunities to study
the interactions between microbial communities, SOC and soil minerals independently of
abiotic drivers (this thesis; Jian et al., 2021b). The difficulty, however, is that they require
additional data from field or lab experiments to constrain their parameters which may not
always be available, which is reflected by the low number of non-linear kinetic models which
have been independently validated (Le Noë et al., 2023). Furthermore, inclusion of additional
processes comes at the cost of higher model computational demands and model uncertainty,
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so that a balance between model complexity and representation of key processes for SOC
decomposition needs to be found (Shi et al., 2018). Therefore, it is important to test and
compare different model formulations to advance the development of process-based SOC
models based on the latest scientific insights. This remains a critical step in the advancement
of our understanding of long-term SOC dynamics.
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Study I

Modelling soil moisture controls on soil
respiration dynamics through substrate and
oxygen availability

This study is included as a manuscript to be submitted as a journal article:

Pallandt, M. , Lange, H., Meissner, H., Schrumpf, M. Reichstein, M. , and Ahrens, B.

Modelling soil moisture controls on soil respiration through substrate and oxygen availability.

Abstract
Soil organic carbon losses through microbial respiration can create a considerable feedback
on climate warming. As a result of climate change, soils are expected to warm considerably,
with the potential of accelerating decomposition rates if sufficient soil moisture is available.
In non-mesic ecosystems, however, soil moisture may mitigate these warming effects by
limiting decomposition rates, by restricting the diffusion of carbon (C) substrates (in dry
soils) or the diffusion of oxygen (in very wet soils). This study uses the Dual Arrhenius
Michaelis-Menten (DAMM) model which mechanistically links simultaneous changes in soil
temperature and soil moisture to estimate soil respiration. We calibrate the DAMM model to
soil CO2 efflux measurements collected at Las Majadas, a semi-arid site in Spain which
experiences strong temperature and soil moisture fluctuations throughout the year. The
calibrated DAMM model successfully captures observed temporal variability in soil
respiration, highlighting its suitability for savanna ecosystems like Las Majadas. Our results
demonstrate that soil moisture exerts very strong controls on observed soil CO2 efflux at the
site. The observed C flux dynamics cannot be accurately captured without including C
substrate and oxygen diffusion limitations on the temperature-driven respiration rates. At Las
Majadas, C substrate diffusion limitation is the dominant driver in explaining the
observations, especially during the summer period. Additionally, we find that oxygen
diffusion limitation affects respiration rates under very wet soil conditions, which is not
accurately captured by temperature driven model estimates. Lastly, comparing our calibrated
soil moisture control function with the original DAMM model calibration emphasises the
need for careful parameter estimation, particularly when extrapolating beyond the model's
calibration range. Overall, this study enhances our understanding of the complex interactions
between soil temperature, moisture, and respiration rates, offering valuable insights to
improve the modelling of soil C dynamics in non-mesic ecosystems.
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1 Introduction
Soil respiration ( ), the soil-to-atmosphere flux of carbon dioxide (CO2) generated by soil𝑅

𝑠𝑜𝑖𝑙

microbes and plant roots, is an important flux in the global carbon (C) cycle. reflects the𝑅
𝑠𝑜𝑖𝑙

linked processes of plant primary productivity, which generates the autotrophic respiration
flux, and microbial mineralization of litter and soil organic matter, which generates the
heterotrophic (microbial) respiration flux. Next to soil temperature, soil moisture is the most
important climatic factor controlling (Davidson & Janssens, 2006; Moyano et al., 2013;𝑅

𝑠𝑜𝑖𝑙

Yan et al., 2018). As a result of climate change, it is expected that soils will warm by ~4.5
degrees by the end of the century (Soong et al., 2020), but projected future changes in soil
moisture are more diverse (Berg et al., 2017) and highly dependent on anthropogenic factors
(Wang et al., 2022). At the same time, and despite long-standing evidence that soil moisture
is an important driver of rates (Greaves & Carter, 1920; Skopp et al., 1990),𝑅

𝑠𝑜𝑖𝑙

biogeochemical models of soil organic matter decomposition, and the heterotrophic and
autotrophic components of soil respiration are often highly empirical with a strong focus on
temperature (e.g. through the use of functions) which reduces their predictive capabilities𝑄

10

(Davidson et al., 2012; Moyano et al., 2013; Sierra et al., 2015; Yan et al., 2018).

Soil moisture variations confound temperature effects on , lowering the high apparent𝑅
𝑠𝑜𝑖𝑙

values that can be observed under optimal soil moisture conditions as soils dry out or get𝑄
10

wetter (Davidson et al., 2014). So, to independently describe the effects of soil temperature
and soil moisture changes on , Davidson et al. (2012) developed a simple modelling𝑅

𝑠𝑜𝑖𝑙

framework that mechanistically links simultaneous changes in soil temperature and soil
moisture to the heterotrophic component of . Their Dual Arrhenius Michaelis-Menten𝑅

𝑠𝑜𝑖𝑙

(DAMM) model is based on the principle that at optimal soil moisture values, respiration
rates are driven by soil temperature and exponentially increase with temperature following an
Arrhenius function. This temperature-driven optimal maximum rate (often called ) is𝑉

𝑚𝑎𝑥

reduced when soil moisture decreases or increases below this optimum (Fig. 1): At low soil
moisture, microbes are limited in the amount of accessible substrates to decompose, whereas
at high soil moisture, oxygen availability limits microbial respiration rates. The diffusion of
solutes through the soil matrix in the liquid phase is the main pathway by which organic C
substrates can reach microbial surfaces, and for substrate-degrading enzymes produced by
microbes to reach the substrate. Low soil moisture impedes the diffusion of these solutes,
thereby limiting microbial activity. Oxygen diffusion in the gas phase is the main pathway to
provide the necessary electron acceptor for organic C oxidation (Yan et al., 2016). So when
high soil moisture fills soil pores with water, oxygen diffusion through air to microbes is
restricted and microbial respiration rates decrease.
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Figure 1: Conceptual representation of the combined effects of soil temperature and soil moisture on microbial
respiration rates with the DAMM model (Davidson et al., 2012). When soils are dry, the availability of
substrates to microbes is low, while oxygen availability is high. When soils are saturated, oxygen availability is
low while substrate availability increases. At optimal soil moisture (dotted line), the reaction rate (solid black
line) is governed by temperature and at its maximum ( ).𝑉

𝑚𝑎𝑥

The DAMM model is developed to simulate changes in the heterotrophic component of 𝑅
𝑠𝑜𝑖𝑙

and was successfully calibrated to data from field trenching experiments, where the
autotrophic component from root respiration was experimentally excluded (Abramoff et al.,
2017; Davidson et al., 2012; Sihi et al., 2018). Such trenching experiments, data-driven
partitioning methods, and results from laboratory incubation experiments, however, suggest
that heterotrophic respiration makes a large contribution to (Bond-Lamberty et al., 2018;𝑅

𝑠𝑜𝑖𝑙

Jian et al., 2021b, 2021a; Oikawa et al., 2014; Sihi et al., 2018). In this study, we calibrate the
DAMM model directly to measurements, and assume that root respiration can be𝑅

𝑠𝑜𝑖𝑙

modelled as a function of soil temperature and moisture with the same functional form as in
DAMM.

Since its development, the DAMM model is successfully used at the temperate forest sites at
which it was developed (e.g. Abramoff et al., 2017; Davidson et al., 2012; Sihi et al., 2018).
Temperature is the main driver of the measured heterotrophic fluxes there. When soil
moisture controls dominate the response, for example during the summer, variations in
substrate availability are the main driver, because the soil is very well drained and does not
experience extremely wet conditions (Davidson et al., 2012). The DAMM model, with
calibration of some of its parameters, was also successfully used at other ecosystems, e.g. at a
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dry site in Australia with highly variable rainfall (Drake et al., 2018), and an irrigated
agricultural site in a Californian desert climate (Oikawa et al., 2014).

In this study, we calibrate the DAMM model to soil respiration measurements with high
temporal resolution from a semi-arid site in Spain which experiences strong seasonal
variations in soil temperature and soil moisture to 1) demonstrate that soil moisture controls
are very important to estimate in such dynamic systems; 2) highlight the relative𝑅

𝑠𝑜𝑖𝑙

importance of substrate and oxygen limitations on at different time periods (summer𝑅
𝑠𝑜𝑖𝑙

drought, winter flooding); and 3) compare and discuss our results from a semi-arid site in
light of the original DAMM model development from the temperate site Harvard Forest
(Davidson et al., 2012).

2 Methods

2.1 Study site and measurements
The research site Majadas de Tiétar, also known as ‘Las Majadas’, is located in a publicly
accessible area in the Extremadura of Spain (39°56′ N; 5°46′ W, 258 m above sea level). The
site is classified as a typical Iberian dehesa ecosystem and the main vegetation consists of
widely spaced oak trees (mainly Quercus ilex, ~20 trees ha-1) and a highly diverse herbaceous
layer on which cattle graze from early December to late June. The climate at the site is
continental Mediterranean with mild winters and a mean annual temperature of 16.7 °C
(El-Madany et al., 2018). Annual precipitation has large interannual variability but averages
around 650 mm yr-1. Most rain falls between winter and early spring, occasionally flooding
the site. In the summer the soil can get very dry as rain days are rare (only 5-10 days per
summer) and usually with less than 10 mm rain day-1 (El-Madany et al., 2018). The total soil
profile is approximately 90-100 cm deep and classified as an Abruptic Luvisol (WRB 2015).
The topsoil is sandy (6% clay, 20% silt, 74% sand, Morris et al. (2022)), followed by a
horizon with higher clay contents starting at variable depths between 30 - 60 cm (El-Madany
et al., 2020; Nair et al., 2023). The highest SOC contents are found in the upper 15 cm, and
strongly decline with depth (Casals et al., 2011). The research site is part of the FLUXNET
network of eddy-covariance measurements with three different towers. The eddy covariance
measurements and further site characteristics are described in detail by El-Madany et al.
(2018, 2020) and Morris et al. (2019, 2022). In May 2015, semi-automated soil respiration
measurement chambers were installed at the site. Soil respiration measurements are taken
every 30 minutes, and a more detailed description of the chamber design and experimental
setup is summarised in Wutzler et al. (2020). Soil temperature and soil moisture are measured
at 5, 10, and 20 cm depth, respectively (Paulus et al., 2022). Our time series includes
half-hourly measurements recorded between 1 July 2015 until 30 November 2017 of soil
temperature (°C) at 5 cm depth, soil moisture (volumetric, %) at 5 cm depth, and total CO2

efflux (g C m-2 d-1) from a soil respiration measurement chamber located in an open canopy
gras area close to the northernmost eddy covariance flux tower. Gap-filled records or
measurements with a poor data quality flag were removed from our dataset prior to analysis,
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creating several gaps in the time series but increasing confidence in measurement accuracy
(Wutzler et al., 2020).

2.2 The Dual Arrhenius Michaelis-Menten (DAMM) model
The Dual Arrhenius Michaelis-Menten (DAMM) model simulates the effects of soil
temperature and soil moisture on soluble substrate supply for microbial decomposition of
organic matter. For easy comparability of parameter estimates (Section 2.3), we follow the
original units of the DAMM model by Davidson et al. (2012) to calculate the soil respiration
rate ( , g C cm-3 soil day-1):𝑅

(1)𝑅 =  𝑉
𝑚𝑎𝑥

 ×  [𝑆]
𝑘𝑀

𝑆
 + [𝑆] ×

[𝑂
2
]

𝑘𝑀
𝑂2

 + [𝑂
2
]

where is an Arrhenius function for the maximum reaction rate of (g C cm-3 soil day-1),𝑉
𝑚𝑎𝑥

𝑅

which is multiplied by two Michaelis-Menten terms to represent the moisture controls on
substrate ( ) and oxygen ( ) diffusion for microbial depolymerisation of plant litter and soil𝑆 𝑂

2

organic matter. The maximum reaction rate, , depends on soil temperature and is𝑉
𝑚𝑎𝑥

expressed as:

(2)𝑉
𝑚𝑎𝑥

 =  α ×  𝑒𝑥𝑝 −
𝐸𝑎

𝑅
𝑔𝑎𝑠

 × 𝑇
𝑠𝑜𝑖𝑙

 ⎡⎢⎣
⎤⎥⎦

where is a pre-exponential factor descriptive of the base respiration rate (mg C cm−3 soilα
day−1; Sihi et al. 2018, 2020), is the activation energy (kJ mol−1), is the universal gas𝐸𝑎 𝑅

𝑔𝑎𝑠

constant (kJ K−1 mol−1), and is the soil temperature (K).𝑇
𝑠𝑜𝑖𝑙

To calculate the substrate concentration at the reaction site:[𝑆]

(3)[𝑆] =  𝑝 ×  [𝑆
𝑡𝑜𝑡𝑎𝑙

] ×  𝐷
𝑙𝑖𝑞

 ×  θ3

a fixed fraction of the total soil C content ( ,g C cm-3 soil) can diffuse into the liquid𝑝 [𝑆
𝑡𝑜𝑡𝑎𝑙

]

phase, where is the diffusion coefficient of the substrate in liquid phase, and (cm3 H2O𝐷
𝑙𝑖𝑞

θ

cm-3 soil) is the volumetric soil moisture content. The oxygen concentration at the reaction
site, , is also calculated as a diffusivity function, using soil porosity and volumetric water[𝑂

2
]

content to calculate the air-filled pore space (Millington, 1959):

(4)[𝑂
2
] =  𝐷

𝑔𝑎𝑠
 ×  𝑂

2,𝑎𝑖𝑟𝑓𝑟𝑎𝑐
 ×  𝑎

4
3
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where is the diffusion coefficient for oxygen in air, is the fraction of oxygen in𝐷
𝑔𝑎𝑠

𝑂
2,𝑎𝑖𝑟𝑓𝑟𝑎𝑐

air (L O2 L−1 air), and is the air-filled porosity which is calculated by subtracting the𝑎
volumetric water content ( ) from total porosity as follows:θ

(5)𝑎 =  1 −  𝐵𝐷
𝑃𝐷  −  θ

where total porosity is calculated from soil bulk density and particle density (1 - divided𝐵𝐷
by ) . When a site’s total porosity is unknown, it can also be estimated from the observed𝑃𝐷
maximum volumetric water content, provided that the soil reaches saturation during the
observed time period. In Eq. 1, (g C cm-3 soil) and (cm3 O2 cm-3 air) are the𝑘𝑀

𝑠
𝑘𝑀

𝑂2

corresponding half-saturation constants for substrate and oxygen diffusion limitation,
respectively. Lastly, the calculated soil respiration rate ( , g C cm-3 soil day-1, Eq. 1) is𝑅
converted to a respiration flux (g C m-2 day-1) using an effective soil depth of 10 cm
(Davidson et al., 2012).

2.3 Model fitting and parameter estimation
The values for the input parameters discussed above are listed in Table 1. These were taken
from Davidson et al. (2012), or taken from field measurements near the chamber (T.𝑅

𝑠𝑜𝑖𝑙

Hammer, personal communication, 2018): soil bulk density, particle density and soil C
content. Four parameters were used to fit the DAMM model to the field data , , , andα 𝐸𝑎 𝑘𝑀

𝑆

. As the initial parameter values (prior to fitting) we used the values reported by𝑘𝑀
𝑂2

Davidson et al. (2012, Table 1). We then run the DAMM model for a first estimate of 𝑅
𝑠𝑜𝑖𝑙

and define a cost function where we try to minimise sum of squared residuals between
modelled and observed :𝑅

𝑠𝑜𝑖𝑙

(6)𝑐𝑜𝑠𝑡 =  ∑(𝑅
𝑠𝑜𝑖𝑙,𝑚𝑜𝑑

− 𝑅
𝑠𝑜𝑖𝑙,𝑜𝑏𝑠

)2 

where is the soil CO2 efflux modelled by the DAMM model using Eqs. 1-5 at an𝑅
𝑠𝑜𝑖𝑙,𝑚𝑜𝑑

effective soil depth of 10 cm, and where is the measured soil CO2 efflux. We use the𝑅
𝑠𝑜𝑖𝑙,𝑜𝑏𝑠

function modFit from the R package FME (Soetaert & Petzoldt, 2010, version 1.3.6.3) with
its default “Nelder-Mead” optimisation method to find the best set of parameter values that
minimises the cost function (Eq. 6). We constrained our parameter estimates with a lower
boundary of 0 to ensure no negative values could be fitted, but specified no upper boundary.
Using the fitted parameter values, we calculated the goodness of fit metrics for the DAMM
model as an R2 value, and calculated the RMSE between modelled and observed using𝑅

𝑠𝑜𝑖𝑙

the function ‘rsme’ from the R package ModelMetrics (Hunt, 2022). To highlight the
difference between the temperature and soil moisture controls on modelled , we also𝑅

𝑠𝑜𝑖𝑙

calculate values for the DAMM model while switching the soil moisture controls off, i.e. by
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setting the two Michaelis-Menten terms from Eq. 1 to a value of 1. For plotting, we
calculated the water-saturation of the soil as the ratio of the volumetric soil moisture content
and the total porosity, i.e. as . All analyses were done in Rstudio (RStudioθ/(1 − 𝐵𝐷/𝑃𝐷)
Team, 2018), using R version 4.3.2 (R Core Team, 2023) and latest versions of the additional
R packages scales (Wickham et al., 2023) and ggplot2 (Wickham, 2016).

3 Results

3.1 Soil temperature and soil moisture dynamics at Las Majadas
Soil temperature at 5 cm depth follows a clear daily and seasonal cycle at Las Majadas (Fig.
2), varying between 3.8 and 31.2 °C, with a mean temperature of 16.0 °C (median 15.3 °C).
Please note our observation period spans a little under 2.5 years from July 2015 until
November 2017, which covers three summer and two winter periods. Soil moisture (SM) at 5
cm depth is highly variable at the site: The lowest observed mean volumetric SM is 0.043 and
the maximum 0.448, with a mean of 0.193 (median 0.179). The site’s total soil porosity,
calculated from measured soil bulk density and particle density (Eq. 5, Table 1) is 0.456. As a
result, the water-saturation of the soil is between 9.4% and 98.2% during the observation
period (Fig. 2c) with a median and mean value of 39.3% and 42.4%, respectively. This
illustrates that the site experiences both extremely dry and extremely wet soil moisture
conditions throughout the year.

3.3 Soil temperature and soil moisture effects on 𝑅
𝑠𝑜𝑖𝑙

Soil respiration rates modelled with DAMM after fitting its parameters capture the observed
fluxes at Las Majadas well (Fig. 2a, green points), explaining 55% of the variance in
observed with an RMSE of 1.0 g C m-2 day-1 (Table 2). Periods with low rates𝑅

𝑠𝑜𝑖𝑙
𝑅

𝑠𝑜𝑖𝑙

coincide with low temperatures (Fig. 2b) or low water-saturation (Fig. 2c) at the site. The
strength of the DAMM model’s two moisture controls, substrate diffusion and oxygen
diffusion, is calculated with the two MM-terms from Eq. 1 and shown in Fig. 2d: Values
close to one indicate no diffusion limitation and values close to zero indicate severe diffusion
limitation of either C substrate (red points) or oxygen (blue points). Our results show that
substrate diffusion is extremely important to explain the observed variability in ,𝑅

𝑠𝑜𝑖𝑙

especially during long dry periods and subsequent rewetting events. The importance of SM
controls for explaining the observed variability is further confirmed by our results from a
model simulation where soil moisture is not limiting modelled rates: We ran the DAMM𝑅

𝑠𝑜𝑖𝑙

model using a fixed value of 1 for both Michaelis-Menten terms for substrate and oxygen
diffusion (Eq. 1), i.e. calculating the temperature-driven maximum rate ( ) only. This𝑉

𝑚𝑎𝑥

version of the DAMM model (“DAMM (MM = 1)”, Fig. 2a, pink points) explained less than
0.1% of the variance in observed with an RMSE of 4.41 g C m-2 day-1 (Table 2).𝑅

𝑠𝑜𝑖𝑙

Additionally, the DAMM model with its MM-terms set to 1 clearly overestimates when𝑅
𝑠𝑜𝑖𝑙

soil temperature is high and SM is low. For example, in the period shortly before April 2017
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and November 2017 the DAMM model with SM controls consistently reproduces the
observed peaks, whereas it severely overestimates the fluxes when the MM-terms are set𝑅

𝑠𝑜𝑖𝑙

to 1. The DAMM model with its MM-terms set to 1 captures observed well when soil𝑅
𝑠𝑜𝑖𝑙

temperatures are low and SM is at intermediate levels (Fig. 2a). This indicates that when SM
is not limiting the diffusion of C substrates or oxygen, temperature is the main driver of 𝑅

𝑠𝑜𝑖𝑙

at our study site.

Figure 2: DAMM model fitted to observations at Las Majadas. a) Observed (black) and modelled soil CO2𝑅
𝑠𝑜𝑖𝑙

efflux (g C m-2 day-1) for the full DAMM model (green, DAMM) and DAMM model with both MM-terms set to
1 (pink, DAMM (MM = 1)); b) Soil temperature (°C); c) Soil water-saturation (%); d) Michaelis-Menten (MM)
terms for substrate availability (red) and oxygen availability (blue).
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Table 1: Parameters and constants for the DAMM model. Four parameters were estimated in
this study, we report their initial value before (default value) and after model fitting (fit
value).

Parameter/
Constant Units Default

value

Fit

value
Description

α g C cm-3 soil d-1 1.29 × 107a 1.24 × 106 base rate (pre-exponential factor)

𝐸𝑎 kJ mol-1 72.76a 57.67 activation energy for C substrate

𝑘𝑀
𝑆 g C cm-3 soil 9.95 × 10-7 a 4.34 × 10-8 half-saturation constant for

substrate

𝑘𝑀
𝑂

2
cm3 O2 cm-3 air 0.121a 1.06 × 10-3 half-saturation constant for O2

BD g cm-3 1.37b bulk density

PD g cm-3 2.52b particle density

𝑆
𝑡𝑜𝑡𝑎𝑙 g cm-3 0.027925b total soil C content

𝑝
𝑆

𝑥
- 4.14 × 10-4a soluble C substrate fraction

𝐷
𝑙𝑖𝑞 - 3.17a diffusion coefficient for soil C

substrate in liquid phase

𝐷
𝑔𝑎𝑠 - 1.67a diffusion coefficient for O2 in air

𝑅 kJ K-1 mol-1 8.314a universal gas constant

𝑂
2,𝑎𝑖𝑟𝑓𝑟𝑎𝑐 L O2 L-1 air 0.209a fraction of oxygen in air

a Values from Davidson et al. (2012). b Values measured at Majadas (T. Hammer, personal communication
2018).
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Table 2: Cumulative observed and modelled over the full simulation period with𝑅
𝑠𝑜𝑖𝑙

goodness of fit metrics.

Cumulative Rsoil

(kg C m-2)

R2 RMSE

(g C m-2 d-1)

Observed 1.43

DAMM 1.41 0.551 1.00

DAMM (MM = 1) 3.02 0.001 4.41

The product of the two MM-terms for C substrate and oxygen diffusion (Eq. 1) indicates the
strength of the soil moisture controls at the site (Fig. 3), because is multiplied by𝑉

𝑚𝑎𝑥

substrate oxygen diffusion limitation. Strong SM controls (low substrate oxygen× ×
diffusion) often coincide with low water-saturation at the site, which indicates that C
substrate diffusion limitation during dry soil conditions is the dominant SM control at Las
Majadas. Oxygen diffusion limitation, however, also plays an important role during
wintertime (Fig. 3). In February 2017, for example, the site’s water-saturation was extremely
high and reached values close to full saturation (> 98% , Fig. 4c). As a result, in the DAMM
model is reduced by ~65% due to oxygen diffusion limitation, posing a strong moisture𝑉

𝑚𝑎𝑥

control on modelled (Fig. 3). Despite slightly overestimating observed rates when𝑅
𝑠𝑜𝑖𝑙

𝑅
𝑠𝑜𝑖𝑙

water-saturation is above 90% at the beginning of the month, the DAMM model captures the
observations much better than the DAMM model with the MM-terms set to 1 (Fig. 4).
Overall, measured CO2 efflux is low during this period but can still reach values up to 2 g C
m-2 day-1. As SM levels reduce in the last few days of February, the DAMM model with
MM-terms set to 1 also captures the observations reasonably well again.

Besides the importance of SM controls to explain under extremely dry and wet soil𝑅
𝑠𝑜𝑖𝑙

moisture conditions at the site, our results further indicate that soil rewetting events are
important in explaining peaks observed throughout the observation period (Fig. 2a): For𝑅

𝑠𝑜𝑖𝑙

example, in October 2015 and between May and December 2017, the DAMM model without
soil moisture controls is not able to capture observed at all, while the DAMM model𝑅

𝑠𝑜𝑖𝑙

with SM controls follows the observations well.
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Figure 3: Strength of SM controls at Las Majadas, expressed as substrate x oxygen limitation, which is the
product of the two Michaelis-Menten terms for C substrate and oxygen diffusion from Eq. 1. Points are coloured
by % water-saturation (% ws), ranging from dry (9.4% ws) to very wet (98.2% ws) soil conditions.

Figure 4: Subset of Fig. 2, from 1 - 28 Feb 2017. DAMM model fitted to observations at Las Majadas. a)𝑅
𝑠𝑜𝑖𝑙

Observed (black) and modelled soil CO2 efflux (g C m-2 day-1) for the full DAMM model (green, DAMM) and
DAMM model with both MM-terms set to 1 (pink, DAMM (MM = 1)); b) Soil temperature (°C); c) Soil
water-saturation (%); d) Michaelis-Menten (MM) terms for substrate availability (red) and oxygen availability
(blue).
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To further quantify the impact of soil moisture on fluxes at Las Majadas, we calculated𝑅
𝑠𝑜𝑖𝑙

the cumulative total soil CO2 efflux during the observation period (1/7/2015 - 30/11/2017)
with active measurements for 1) the observations; 2) the DAMM model; and 3) the DAMM
model with both MM-terms set to one (Table 2). The observed cumulative total soil CO2

efflux was 1.43 kg C m-2. The DAMM model closely captures the observed cumulative total
soil CO2 efflux at 1.41 kg C m-2, which is only 1% less than the observed value. Because the
DAMM model is fitted on the data small deviations are expected, and can be caused by an
underestimation of during periods with sufficient SM availability, where the DAMM𝑅

𝑠𝑜𝑖𝑙

model is not able to capture peaks in observed (Fig. 2a). Such peaks can be caused by𝑅
𝑠𝑜𝑖𝑙

variations in autotrophic respiration that are tightly coupled to plant photosynthetic activity
(Hopkins et al., 2013), which is not explicitly simulated by the DAMM model. Another
possible explanation is that the soil moisture and soil temperature measurements in our
dataset are taken at 5 cm soil depth. Additional CO2 is produced in deeper soil layers with
different moisture and temperature. The DAMM model, however, closely matches the
observed cumulative fluxes and observed temporal variations in . In contrast, the version𝑅

𝑠𝑜𝑖𝑙

of the DAMM model without SM controls (DAMM (MM = 1), Fig. 2a) would clearly
overestimate rates when soil temperatures were high and the soil was dry. This large𝑅

𝑠𝑜𝑖𝑙

overestimation would result in a modelled cumulative total soil CO2 efflux of 3.02 kg C m-2,
which is more than double of the observations (112% overestimation). Overall, our results
show that soil moisture poses a very strong control on soil respiration fluxes at Las Majadas
and that the DAMM model is able to capture these dynamics well.

3.3 Parameter estimation and strength of soil moisture controls
To fit the DAMM model to the observations we estimated four parameters, , , , andα 𝐸𝑎 𝑘𝑀

𝑆

, using a cost function that minimises the sum of squared residuals between modelled𝑘𝑀
𝑂2

and observed (Eq. 6). The fitted values for the pre-exponential factor ( ), activation𝑅
𝑠𝑜𝑖𝑙

α

energy ( ), and the half-saturation constant for substrate diffusion ( ) are lower than𝐸𝑎 𝑘𝑀
𝑆

their initial values (Table 1). The estimated activation energy, , is 57.67 kJ mol-1, a value𝐸𝑎
comparable to measured activation energies reported for e.g. β-glucosidase which is involved
in the breakdown of cellulose (Allison et al., 2018; Davidson et al., 2012). The fitted value
for the half-saturation constant for oxygen diffusion ( ) is 1.06 10-3 cm3 O2 cm-3 air. This𝑘𝑀

𝑂2

is much lower than the default value of 0.121 cm3 O2 cm-3 air from Harvard forest, which was
not calibrated against data in the original study by Davidson et al. (2012), but taken as the
value of [O2] calculated from Eq. 4 at mean observed at this site. To visually andθ
quantitatively compare the difference between the moisture controls at Las Majadas and the
original parameterisation from Harvard Forest, we plotted the individual substrate and
oxygen diffusion terms as well as the product of both MM-terms along a 0 - 100%
water-saturation gradient (Fig. 5), while correcting for each site’s soil C content ( , Eq. 3)𝑆

𝑡𝑜𝑡𝑎𝑙

and total porosity (Eq. 5). At Las Majadas, substrate diffusion poses a gradual but strongly
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increasing control on the modelled rates as water-saturation declines, while oxygen𝑅
𝑠𝑜𝑖𝑙

diffusion limitation only affects the modelled rates at very high water-saturation (>80%).𝑅
𝑠𝑜𝑖𝑙

Interestingly, there is a wide range of SM values during which modelled rates are not severely
limited by SM. We have high confidence in the fitted parameters in our study, as the number
of observations on which they were optimised is high (n= 26824): The median
water-saturation at Las Majadas is 39.3%, so that the fitted value for , which imposes the𝑘𝑀

𝑆

strong decline in substrate diffusion under dry soil conditions, is constrained by at least 50%
of all data points. For oxygen diffusion and the estimation of the number of data points𝑘𝑀

𝑂2

is smaller, but still includes 22% of all observations where water-saturation is larger than the
optimum SM value (marked with an asterisk in Fig. 5).

Figure 5: Difference between simulated SM controls in the DAMM model at Las Majadas (solid lines) and
Harvard Forest (dashed lines) from 0 - 100% water-saturation. The MM-terms (black) are the product of the
MM term for substrate diffusion (red) and the MM term for oxygen diffusion (blue) from Eq. 1, where optimal
water-saturation is marked with an asterisk. The vertical dotted lines denote the respective SM ranges on which
the parameters for the MM-terms are calibrated: Between ‘a’ and ‘d’ at Las Majadas, and between ‘b’ and ‘c’ at
Harvard Forest.

At Harvard Forest, the substrate and oxygen diffusion MM-terms, as well as their product
indicating the strength of the modelled SM controls, look very different from those at Las
Majadas. Most striking is the strong oxygen diffusion limitation that affects modelled 𝑅

𝑠𝑜𝑖𝑙

rates across the full SM range. Even when soil water-saturation is extremely low, oxygen
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diffusion limits the rates by more than 35%. In their study, parameter was not𝑘𝑀
𝑂2

calibrated against the observations, and its high value severely limits modelled respiration at
this site. To place these results into context, we calculated the range of water-saturation
values over which each site’s parameters were estimated (Fig. 5, vertical lines with labels ‘a’
- ‘d’). In our study at Las Majadas, parameters were estimated over data points between 9.4
and 94.2% water-saturation (Fig. 5, ‘a’ - ‘d’). At Harvard Forest, parameters were estimated
between a much smaller range from ~29 - 44% water-saturation (Fig 5, ‘b’ - ‘c’; SM values
were estimated from Fig. 5 in Davidson et al. (2012)). For both sites, the ‘optimal SM value’,
i.e. where the product of the two MM-terms is at its maximum value, is denoted with an
asterisk (Fig. 5). At Las Majadas, optimal SM is at ~68% water-saturation, and at 51% for
Harvard forest. Please note that the optimum SM value for Harvard Forest falls outside of the
model’s calibration range.

The shape of the calibrated SM control function at Las Majadas (Fig. 5, MM-terms) shows a
wide range of SM values during which modelled rates are not severely limited by SM. At
optimum SM (denoted with an asterisk), the product of the MM-terms reaches a value close
to 1 (0.99), so that the modelled soil CO2 efflux is very close to . Therefore, at SM𝑉

𝑚𝑎𝑥

values close to optimum SM, the model exercise where we set both MM-terms to 1 is a good
indicator what the estimated fluxes would look like if the model was fitted as a ‘temperature
only model’, i.e., only fitting the data to estimates of (Eq. 1). At Harvard Forest, such a𝑉

𝑚𝑎𝑥

comparison would not be possible without recalibrating parameters and , as the currentα 𝐸𝑎
parameters are fitted in such a way that the product of the MM-terms can never reach values
close to 1.

4 Discussion
We calibrated the DAMM model to observed soil CO2 efflux data at a semi-arid site with
large temperature and soil moisture fluctuations. We show that this model, with its inclusion
of soil temperature and soil moisture controls, captures the observed fluxes well at Las𝑅

𝑠𝑜𝑖𝑙

Majadas. Our results demonstrate that the inclusion of SM controls is essential for capturing
the observed large temporal variability in , while temperature only dominates rates𝑅

𝑠𝑜𝑖𝑙
𝑅

𝑠𝑜𝑖𝑙

when sufficient soil moisture is available (usually during winter time). This adds to mounting
scientific evidence that models of and subsequently, models of soil organic matter𝑅

𝑠𝑜𝑖𝑙

decomposition, should include soil moisture representations to accurately predict microbially
driven soil CO2 fluxes and subsequent changes in organic matter stocks (e.g. Liang et al.,
2021; Wang et al., 2020; Zhang et al., 2022).

We show that changes in C substrate availability are the dominant soil moisture control at Las
Majadas, and that moisture-driven reductions in C substrate availability need to be considered
to correctly model rates during dry periods at this site. Such changes in C substrate𝑅

𝑠𝑜𝑖𝑙

availability are especially important upon rewetting after a dry period, when rapid increases
in CO2 efflux are observed at the site. This respiration pulse after rewetting is also known as

57



the “Birch effect” (Birch, 1958). Both the duration and frequency of drying and rewetting
cycles (and the resulting stress on microbial communities) are important factors that
determine the size of the observed soil CO2 pulse following a rewetting event (Brangarí et al.,
2021; Rousk & Brangarí, 2022). The DAMM model was able to capture these observed
spikes in soil CO2 efflux at Las Majadas, whereas the model estimates without SM controls
did not capture such dynamics.

While C substrate diffusion is the dominant soil moisture control explaining rates at Las𝑅
𝑠𝑜𝑖𝑙

Majadas, oxygen availability also impacted rates, especially during winter time when𝑅
𝑠𝑜𝑖𝑙

SM values can get extremely high. Interestingly, the observations at Las Majadas show that
even when the soil is close to full saturation, CO2 soil efflux can still reach values as high as
~2 g C m-2 day-1. This can be the result of continuing autotrophic respiration, which is closely
linked to plant photosynthetic activity (Hopkins et al., 2013), although lower oxygen
concentrations also inhibit autotrophic respiration rates (Ben-Noah & Friedman, 2018;
Rankin et al., 2022). Substantial CO2 efflux from fully saturated soils has been observed in
earlier studies (e.g. Ghezzehei et al., 2019; Moyano et al., 2012, 2018; Wickland & Neff,
2008), but this is not what most mechanistic models linking volumetric SM with C diffusion
of substrate and oxygen for microbial respiration, including the DAMM model, assume. In
these models, oxygen diffusion (almost) fully restricts modelled respiration rates when soils
are fully saturated with moisture (Fig. 5; Davidson et al. (2012); Yan et al. (2018), but see
Ghezzehei et al. (2019) for an alternative formulation with a minimum aerobic respiration
rate). Recent evidence from soil incubation experiments, however, suggests that anaerobic
CO2 production above 80% water-saturation is a significant contributor to soil CO2 efflux,
and that at 100% water-saturation observed values reached up to 1.9 g CO2 m-2 day-1

(Fairbairn et al., 2023). The authors suggest that under these wet conditions, C substrate
supply to microbes is high and provides ideal circumstances for anaerobic CO2 production. In
our study, the DAMM model slightly overestimated the observations under these very wet
soil conditions in February 2017, in particular at the beginning of the month and following a
gap in the input data. This is likely caused by a temporal mismatch between CO2 production
and the resulting soil CO2 efflux, where water blocking the soil pores hinders the release of
CO2 from the soil to the atmosphere and can cause a drop in observed CO2 efflux (Maier et
al., 2011). As the DAMM model responds instantaneously to the temperature and SM values
at each model timestep by simulating respiration, such temporal shifts cannot be accurately
captured. Our results, however, show that despite some temporal mismatches between the
DAMM model and the observations, the cumulative C budget over the observational𝑅

𝑠𝑜𝑖𝑙

period was captured very well by the calibrated model (Table 2). As a way to bridge the
knowledge gap between the observed significant CO2 fluxes under well-saturated soil
moisture conditions and the functional shape of the soil moisture response curves which
predict little to no CO2 production when soils are saturated with moisture, we recommend
that future research focuses on better constraining parameter at high water-saturation𝑘𝑀

𝑂2

levels, especially in field conditions. For example, by applying the DAMM model, or similar
mechanistic modelling frameworks, on respiration measurements from sites which regularly
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experience water-saturated conditions: Three additional sites in Norway covering soil
moisture and respiration measurements from 2016 to 2020 will be used in a further study to
model the impact of moisture on respiration. Contrary to Majadas, they are mostly wet to
very wet, so we expect limitation due to restricted oxygen diffusion to be an important
process at these sites. To account for the effects of autotrophic respiration under saturated soil
conditions, additional measurements would ideally also include heterotrophic respiration, e.g.
from trenching experiments similar to those conducted at Harvard Forest. Such trenching
experiments, data-driven partitioning methods, and results from laboratory incubation
experiments, however, suggest that heterotrophic respiration makes a large contribution to

and that variations in autotrophic respiration are mainly driven by changes in plant𝑅
𝑠𝑜𝑖𝑙

productivity (Bond-Lamberty et al., 2018; Jian et al., 2021b, 2021a; Oikawa et al., 2014; Sihi
et al., 2018). Better constraints on parameter would be particularly important for𝑘𝑀

𝑂2

understanding and modelling soil carbon dynamics in boreal regions, where soils are rich in
soil organic carbon and soil warming is expected to be higher than the global average (Soong
et al., 2020), while precipitation is expected to increase (Christensen et al., 2022).

Overall, our results confirm that the DAMM model is a suitable framework to model SM
controls on at a site with highly dynamic changes in temperature and soil moisture such𝑅

𝑠𝑜𝑖𝑙

as Las Majadas. But our comparison to the original parameterisation at Harvard Forest
reveals that it is important to estimate the parameters for the MM-terms, which determine the
strength of the moisture control, over a wide range of SM values. At this site, soil moisture
does not have a strong control on heterotrophic respiration and only explains a small
additional part of the observed variability in C efflux compared to temperature (Abramoff et
al., 2017; Davidson et al., 2012). Using parameter values outside of the SM range over which
they were calibrated, could lead to over- or underestimation of soil moisture controls at more
extreme soil moisture values. Additionally, it is known that SM can confound
temperature-based parameters estimates (Davidson et al., 2006; Davidson & Janssens, 2006;
Reichstein et al., 2005; Sierra et al., 2015). Our results demonstrate that the use of
site-specific parameters for other model applications beyond the original calibration range
should be done with care, especially in areas which experience extremely dry and/or wet soil
moisture conditions.

5 Conclusions
Soil moisture, through the diffusion of C substrate and oxygen diffusion, strongly controls the
observed soil CO2 effluxes at Las Majadas. Our results demonstrate that considering
temperature alone is not sufficient in capturing variability, especially under very dry and𝑅

𝑠𝑜𝑖𝑙

very wet soil moisture conditions. Furthermore, including soil moisture dynamics is essential
to reproduce the observed spikes in soil CO2 efflux during drying and rewetting events. We
demonstrate that the DAMM model, calibrated against the observations, is a suitable
framework to model soil respiration dynamics at a site which experiences extreme
fluctuations in soil moisture and soil temperatures. Our study also identified a knowledge gap
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in the understanding of the effects of oxygen limitation on modelled rates, which can be𝑅
𝑠𝑜𝑖𝑙

overcome by applying the DAMM model (or likewise mechanistic formulations) on
observations from sites which experience very wet conditions throughout the year. This way,
estimates for the control on oxygen diffusion through parameter can be better𝑘𝑀

𝑂2

constrained, which can help modelling efforts in, for example, boreal regions with high soil
organic carbon stocks, which are expected to become warmer and wetter.
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Introduction

This supporting information file includes a conceptual visualization of the DAMM model
(Fig. S1); parameters of the DAMM model used in this study (Table S1); a map of SOC
content from SoilGrids at multiple depths (Fig. S2); CMIP5 mean historic soil moisture and
mean soil moisture changes between the historic and RCP8.5 simulation period (Fig. S4);
sensitivity of DAMM model to different total substrate concentrations ( ) and an𝑆

𝑥,𝑡𝑜𝑡𝑎𝑙

absolute change in water content between the historic and RCP8.5 simulation period; and
model results similar to Figs. 1 and 2 for the additional CMIP5 models in this study (Figs. S3
and S5, Table S2). All methods and data used to produce these figures and tables are
described under “Data and Methods” (Section 2) of the main manuscript. R-code to run the
DAMM model with CMIP5 data can be downloaded from
https://git.bgc-jena.mpg.de/mpalla/pallandt_etal2020_jgrbg_decomposition_sm_response.git.
This supporting information file further includes a comparison of the DAMM model to site
level observations from Hicks Pries et al. (2017) at multiple soil depth intervals to 1 m (Text
S1 and Fig. S6). The methods and results are described in detail in the supporting information
as they support, but are not essential to, the main manuscript. The data were downloaded with
the original manuscript as provided by Hicks Pries et al. (2017).

Text S1. Comparison of DAMMmodel to observations at multiple
depths

Methodology
Hicks Pries et al. (2017) measured soil C flux (g C m−3 h−1), soil temperature, soil moisture
at the five following mid-point depths: 7.5, 22.5, 40, 60, 80 cm. Soil C properties were
measured at 10 cm depth intervals from 0 – 100 cm. Gomez et al. (2002) measured porosity
at 15 cm depth intervals from 0– 45 cm. Similar to Section 2.3, soil C stocks were
recalculated to densities (g C cm−3) and together with soil porosity calculated as a weighted
average for each layer at the 5 midpoint depths. The DAMM model was ran thrice: 1)
Standard DAMM model run, using the measured SM, soil temperature, porosity and soil C
content as inputs for each depth interval; 2) As the standard model run, but using a fixed soil
C content (calculated as the mean measured soil C content between 0 – 100 cm) for each soil
layer, to test how sensitive the model is to changes in substrate availability; 3) As the
standard model run, but with a linearly declining value for the oxygen fraction in air (

from 0.21 to 0.04 between 0 and 100 cm soil depth, to test the sensitivity of the𝑂
2,𝑎𝑖𝑟𝑓𝑟𝑎𝑐

model to a reduced oxygen gradient in the deeper soil. Reported measurements of oxygen
concentrations at multiple depth intervals up to 100 cm depth are rare, and values vary highly
with soil type, soil moisture content and time of measurement (Hu & Linnartz, 1972;
Runkles, 1956; Silver et al., 1999). Our back of the envelope calculation, using a minimum
value of 0.04, is based on some of the reported lower values. The parameter , whichα

𝑆𝑥

describes the base respiration at the site, was refitted using the ‘modFit’ function of the R
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package FME (methods “L-BFGS-B” and “Marq” to avoid local minima) by minimizing the
residuals between the observed soil CO2 fluxes and the values predicted by the DAMM
model. DAMM model parameters , , , and all constants (Table S1) were not𝐸𝑎

𝑆
𝑥

𝑘𝑀
𝑆

𝑥

𝑘𝑀
𝑂

2

refitted,  but remained the same as in our application of the DAMM model on the CMIP5
data (values taken directly from Davidson et al. (2012)). All analyses were done in RStudio
(RStudio Team, 2018) using packages ModelMetrics and FME).

Results
When running the DAMM model with the same parameters as listed in Table S1, only
refitting parameter , the model captures the observed fluxes relatively well (Fig. S6), withα

𝑆𝑥

an R2 of 0.52 and RMSE of 0.19. At lower depths, the model slightly overestimates the
observed fluxes, but these are generally very small (close to zero). The model is very
sensitive to changes in substrate availability: When using a constant value for C density
(calculated as the mean C density between 0 and 100 cm depth), the DAMM model was no
longer able to capture the observed fluxes at any given depth (Fig S6, R2 = 0, RMSE is 0.27).
The model was not at all sensitive to changes in the oxygen fraction in air (𝑂

2,𝑎𝑖𝑟𝑓𝑟𝑎𝑐

declining from 0.21 to 0.04), or other estimates of the half saturation constant for oxygen:
Both model runs had the same rounded R2 (0.58) and RMSE (0.18) as for the standard model
run. Therefore, from this simple site-level exercise we can see that DAMM is capable of
modeling the CO2 efflux throughout the soil profile relatively well, and that substrate
availability dominates the modeled response. A smaller role of the oxygen term at this site is
in line with our expectations, as the soil seems to be well drained most of the time: The soil
porosity at this site is high (0.62), but the maximum observed soil moisture is only 0.38. We
did not find observations for this site’s soil porosity below 45 cm depth, but it is likely that
porosity further declined with soil depth with lower SOC content and compaction (Maier et
al., 2010). The slight overestimation of modeled fluxes from the two deepest soil layers might
be related to uncertain estimates of the available C substrate. A deep analysis of the specific
causes, however, falls outside of the scope of this paper.
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a)

Figure S1a. Conceptual visualizations of the DAMM model. a) Change in Michaelis-Menten (MM) terms in
response to soil moisture (SM). In a dry soil, substrate availability (MMSx , red line) increases with increases in
soil moisture. As the soil gets wetter and more saturated, oxygen availability (MMO2, blue line) declines. The
combined SM effect (MMSx * MMO2 , black line) is a gradual, non-symmetrical change from a substrate
limited domain (pink shade) into an oxygen-limited domain (light blue shade) as a soil becomes wetter. At
optimal SM (dotted line), the SM-effect is at its maximum rate.
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b)

Figure S1b. Conceptual visualizations of the DAMM model. b) Change in reaction rate (%) in response to SM
changes at reference temperature (Table S1: = 283.15 °K, black line) and increased temperature (+3.7 °K,𝑇

𝑟𝑒𝑓

grey line). Arrows indicate the change in reaction rate when soil moisture does not change (T only, black
arrows), decreases by 3% (blue arrows), or increases by 3% (red arrows). The light blue and red arrows indicate
the SM only change (no temperature change) to a 3% decrease/increase in SM, respectively. Around optimal SM
(dotted line), temperature changes dominate the change in the reaction rate.
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Figure S2. Soil organic carbon (SOC) content (Sx,tot, Eq. 4) in g C cm−3 from SoilGrids. Five depths until 1m are
shown, at the spatial resolution of CMIP5 model CESM1-BGC.
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Figure S3a. Changes in modelled decomposition rates in top- and bottom soil layers for CMIP5 model
INM-CM4, due to soil moisture changes (SM only); due to temperature changes (T-only); due to soil moisture
and temperature changes (Full DAMM). Breaks and colors same as Fig. 1.
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Figure S3b. Changes in modelled decomposition rates in top- and bottom soil layers for CMIP5 model
NorESM-1M, due to soil moisture changes (SM only); due to temperature changes (T-only); due to soil moisture
and temperature changes (Full DAMM). Breaks and colors same as Fig. 1.
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Figure S3c. Changes in modelled decomposition rates in top- and bottom soil layers for CMIP5 model
GFDL-ESM2M, due to soil moisture changes (SM only); due to temperature changes (T-only); due to soil
moisture and temperature changes (Full DAMM). Breaks and colors same as Fig. 1.
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Figure S4a. Mean soil moisture ( ) for historic period (1976–2005) and mean soil moisture differences (∆ )𝑆𝑀 𝑆𝑀
between historic and RCP8.5 (2070–2099) simulation period, for CESM1-BGC.

90



Figure S4b. Mean soil moisture ( ) for historic period (1976–2005) and mean soil moisture differences (∆ )𝑆𝑀 𝑆𝑀
between historic and RCP8.5 (2070–2099) simulation period, for INM-CM4.

91



Figure S4c. Mean soil moisture ( ) for historic period (1976–2005) and mean soil moisture differences (∆ )𝑆𝑀 𝑆𝑀
between historic and RCP8.5 (2070–2099) simulation period, for NorESM-1M.
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Figure S4d. Mean soil moisture ( ) for historic period (1976–2005) and mean soil moisture differences (∆ )𝑆𝑀 𝑆𝑀
between historic and RCP8.5 (2070–2099) simulation period, for GFDL-ESM2M.
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Figure S5a. Changes in modelled decomposition rates in top- and bottom soil layers for INM-CM4, due to
changes in oxygen availability (top panel); due to changes in substrate availability (middle panel); and the
combined soil moisture effect (SM only: O2 x Substrate availability, bottom panel). Breaks and colors same as
Fig. 2.
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Figure S5b. Changes in modelled decomposition rates in top- and bottom soil layers for NorESM-1M, due to
changes in oxygen availability (top panel); due to changes in substrate availability (middle panel); and the
combined soil moisture effect (SM only: O2 x Substrate availability, bottom panel). Breaks and colors same as
Fig. 2.
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Figure S5c. Changes in modelled decomposition rates in top- and bottom soil layers for GFDL-ESM2M, due to
changes in oxygen availability (top panel); due to changes in substrate availability (middle panel); and the
combined soil moisture effect (SM only: O2 x Substrate availability, bottom panel). Breaks and colors same as
Fig. 2.
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Figure S6. Comparison of different DAMM model runs to observations at different soil midpoint depths
(cm). The top panel shows a time series with the observations (black points), the DAMM model run using
measured C densities for each soil layer (DAMM model, blue points) and the DAMM model run using a
constant C density for each soil layer (DAMM model mean Cdens, orange points). For figure clarity, the
DAMM model run with declining oxygen (DAMM model O2 decline) is not shown in the upper panel as
the data points overlay with the standard model run. The bottom panel shows the goodness of fit between
observations and all three DAMM model runs: DAMM model (using measured C densities per soil layer),
DAMM model mean Cdens (using a constant mean C density per soil layer), and DAMM model O2 decline
(using a linearly declining O2 gradient per soil layer). Points are colored by soil midpoint depth.
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Figure S7. Sensitivity of DAMM model "SM only" to different total substrate concentrations ( ) and an𝑆
𝑥,𝑡𝑜𝑡𝑎𝑙

absolute change in water content between the historic and RCP8.5 simulation period. Similar to Fig. 3,
divergence in the reaction rate due to the initial soil moisture conditions is visible as initial soil moisture content
(init. θ) increases from 0.15 to 0.4 in each sub panel. Shading represents the sensitivity range (Q05 – Q95: 5th –
95th percentile) to ± 20% changes in the DAMM parameters used in this study ( , , and ,α

𝑆𝑥
𝐸𝑎

𝑆𝑥
𝑘𝑀

𝑆𝑥
𝑘𝑀

𝑂2

Table S1). CMIP5 models' historic mean soil moisture ranges from 0.24 – 0.29 (Table S2).
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Figure S8a. Comparison of ’SM only’ results between a model run with constant (at 0.21) and a run𝑂
2,𝑎𝑖𝑟𝑓𝑟𝑎𝑐

with linear oxygen decline (0.21 – 0.04 between 0 – 100 cm depth). Values are in percent point for three different
soil depths, for model CESM1-BGC (left panel) and INM-CM4 (right panel).
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Figure S8b. Comparison of ’SM only’ results between a model run with constant (at 0.21) and a run𝑂
2,𝑎𝑖𝑟𝑓𝑟𝑎𝑐

with linear oxygen decline (0.21 – 0.04 between 0 – 100 cm depth). Values are in percent point for three different
soil depths, for model NorESM-1M (left panel) and GFDL-ESM2M (right panel).
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Parameter/Constant Description Value Units

α
𝑆

𝑥
Base rate (pre-exponential factor) 5.38 E10 mg C cm-3 soil h-1

𝐸𝑎
𝑆

𝑥
Activation energy for substrate 72.76 kJ mol-1

𝑅 Universal gas constant 8.314 kJ K-1 mol-1

𝑇
𝑟𝑒𝑓 Reference temperature 283.15 K

𝑘𝑀
𝑆

𝑥
Michaelis constant for C substrate 9.95 E-7 g C cm-3 soil

𝑝
𝑆

𝑥

Fraction of C substrate which is
soluble 4.14 E-4

𝐷
𝑙𝑖𝑞

Diffusion coefficient of C substrate
in liquid phase 3.17

𝑘𝑀
𝑂

2
Michaelis constant for oxygen 0.121 cm-3 O2 cm-3 air

𝐷
𝑔𝑎𝑠

Diffusion coefficient for oxygen in
air 1.67

𝑂
2,𝑎𝑖𝑟𝑓𝑟𝑎𝑐 Fraction of oxygen in air 0.209 L O2 L-1 air

Table S1. Parameter values and constants used in this study. Values are identical to Davidson et al. (2012)
except for , following Wang et al. (2012).𝑇

𝑟𝑒𝑓
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Model
name

Model
Centre or
Model
Groups

Num
ber of
soil
layers

Spatial
resolution 𝑆𝑇 ∆𝑆𝑇 𝑆𝑀 ∆𝑆𝑀

CESM1-
BGC

Community
Earth
System
Model
Contributors

7 192 x 228 284.6 ±
10.7 3.7 ± 1.0 0.27 ±

0.08
0.0017 ±
0.01

INM-C
M4

Institute for
Numerical
Mathematics

13 120 x 180 280.8 ±
10.4 2.8 ± 1.1 0.29 ±

0.08
-0.006 ±
0.01

NorES
M-1M

Norwegian
Climate
Centre

7 96 x 144 283.3 ±
11.3 4.2 ± 1.6 0.27 ±

0.07
0.0005 ±
0.01

GFDL-
ESM2M

NOAA
Geophysical
Fluid
Dynamics
Laboratory

10 90 x 144 282.0 ±
13.3 3.7 ± 1.2 0.24 ±

0.08
-0.002 ±
0.02

Table S2. CMIP5 models used in this study. Models were selected for their availability of layered soil moisture
(mrlsl) and soil temperature (tsl) data, and their vertical resolution in the first meter (≥ 5 soil layers). and𝑆𝑇 𝑆𝑀
are the global mean soil temperature and soil moisture values predicted for the historical simulation period
(1976 – 2005). and are the predicted mean soil temperature and soil moisture changes between the∆𝑆𝑇 ∆𝑆𝑀
RCP8.5 (2070 – 2099) and historical simulation period.
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Study III

Drought counteracts soil warming more
strongly in the subsoil than in the topsoil
according to a vertical microbial SOC
model

This study is under review with the journal Biogeosciences and available as a preprint:
Pallandt, M., Schrumpf, M., Lange, H., Reichstein, M., Yu, L. and Ahrens, B. Drought
counteracts soil warming more strongly in the subsoil than in the topsoil according to a
vertical microbial SOC model, EGUsphere [preprint],
https://doi.org/10.5194/egusphere-2024-186, 2024.

This is an open access preprint article, reprinted with permission under the terms of the
Creative Commons Attribution License: http://creativecommons.org/licenses/by/4.0/
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