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Abstract. Soil organic carbon (SOC) is the largest terrestrial carbon pool, but it is still uncertain how it will respond to climate 10 

change. Especially the fate of SOC due to concurrent changes in soil temperature and moisture is uncertain. It is generally 

accepted that microbially driven SOC decomposition will increase with warming, provided that sufficient soil moisture, and 

hence enough C substrate, is available for microbial decomposition. We use a mechanistic, microbially explicit SOC 

decomposition model, the Jena Soil Model (JSM), and focus on the depolymerisation of litter and microbial residues by 

microbes at different soil depths, and its sensitivities to soil warming and different drought intensities. In a series of model 15 

experiments we test the effects of soil warming and droughts on SOC stocks, in combination with different temperature 

sensitivities (𝑄10 values) for the half-saturation constant 𝐾𝑚 (𝑄10,𝐾𝑚) associated with the breakdown of litter or microbial 

residues. Microbial depolymerisation rates of litter and residues are proportional to microbial biomass (reverse kinetics), so 

that at low microbial biomass, the temperature sensitivity of 𝐾𝑚 plays a more prominent role. We find that soil warming leads 

to long-term SOC losses, but depending on SOC composition and its associated 𝑄10,𝐾𝑚 values, these losses can be either 20 

reduced or further accelerated, especially in the subsoil where microbial biomass is low. Droughts can alleviate the effects of 

soil warming and reduce SOC losses, and even lead to SOC gains, provided unchanged litter inputs. Furthermore, a 

combination of drought and different 𝑄10,𝐾𝑚 values associated with the breakdown of litter or microbial residues can have 

counteracting effects on the overall decomposition rates. In this study, we show that while absolute SOC changes driven by 

soil warming and drought are highest in the topsoil, SOC in the subsoil is more sensitive to the (sometimes counteracting) 25 

interplay between 𝐾𝑚, temperature and soil moisture changes, and mineral-associated SOC. 

1 Introduction 

Soils are an important component of the global carbon (C) cycle as they store large quantities of C. Soils can act as C sources 

or sinks, depending on the balance between C inputs and outputs over time. Apart from plant litter inputs, microbial residues 

are recognised as important precursors for the formation of stable, mineral-associated soil organic carbon (Cotrufo et al., 2013; 30 

Liang et al., 2017; Xiao et al., 2023). Therefore, to determine whether soils are a net C source or sink, the speed at which soil 

organisms decompose litter inputs and existing soil organic carbon (SOC) stocks including microbial residues is of particular 

importance (Kallenbach et al., 2016). Soil temperature and soil moisture are the two most important controlling factors of 

microbial decomposition rates, and thereby the carbon turnover rate of soils (Davidson and Janssens, 2006; Moyano et al., 

2013; Yan et al., 2018). The interaction between microbial SOC decomposition and (de)stabilisation of SOC to mineral 35 

surfaces is another important factor determining the fate of SOC stocks (Ahrens et al., 2020; Dwivedi et al., 2017; Sokol et al., 

2022). As SOC decomposition and its future variations depend on soil properties as well as climate, understanding and 
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representing the complex feedbacks between climate change and SOC decomposition in models is extremely important for 

future climate projections. 

Microbes process SOC by depolymerizing a wide array of C substrates such as plant litter and microbial residues that greatly 40 

differ in their chemistry (Buckeridge et al., 2022; Cotrufo and Lavallee, 2022). In models, the microbial depolymerisation rate 

can be described using reverse Michaelis-Menten (MM) kinetics (Tang and Riley, 2019), where a maximum depolymerisation 

rate (𝑉𝑚𝑎𝑥) is multiplied with a MM-term that describes the diffusion of extracellular enzymes to a C substrate. A simple 

formulation of the MM-term is depicted in conceptual Fig. 1 with the term 𝐶𝐵/(𝐾𝑚 + 𝐶𝐵), where 𝐶𝐵 is the microbial biomass 

and 𝐾𝑚 is the half-saturation constant for the reaction. Both 𝑉𝑚𝑎𝑥 and 𝐾𝑚 are temperature sensitive, where 𝑉𝑚𝑎𝑥  increases with 45 

higher temperatures. The temperature sensitivity of 𝐾𝑚, however, has been shown to be negative or positive depending on 

which enzymes are involved in the breakdown of C substrates: Allison et al. (2018b) reported 𝑄10,𝑉𝑚𝑎𝑥  values between 1.48 - 

2.24, and 𝑄10,𝐾𝑚 values between 0.7 - 2.8., where a value below  denotes a negative temperature sensitivity. 𝑄10,𝐾𝑚 can modify 

𝐾𝑚 by the relationship: 

𝐾𝑚  = 𝐾𝑚,𝑟𝑒𝑓  ×  𝑄10,𝐾𝑚
(𝑇− 𝑇𝑟𝑒𝑓)/10            (1) 50 

Where 𝑇 and 𝑇𝑟𝑒𝑓  are the soil temperature and a reference temperature, respectively. The MM-term also depends on soil 

moisture, where lower soil moisture values result in stronger microbial limitation on enzymatic depolymerisation (Zhang et 

al., 2022). 

𝐾𝑚  =  𝐾𝑚,𝑟𝑒𝑓  ×  (
𝜃

𝜃𝑓𝑐
)

−3

            (2) 

Where 𝜃 and 𝜃𝑓𝑐 are volumetric soil moisture and volumetric soil moisture at field capacity, respectively. Additionally, high 55 

soil moisture values result in lower oxygen availability - which can be described by a second MM-term (Skopp et al., 1990; 

Davidson et al., 2012). Global mean soil warming is expected to be 4.5 °C ± 1.1 °C by the end of this century (Soong et al., 

2020), but for projected soil moisture changes there is much more uncertainty. While in mediterranean climates and desert 

ecosystems temperature and soil moisture may be inversely correlated (e.g. García-García et al., 2023; Zhang et al., 2020), 

projected global lateral and vertical distributions of future soil moisture are more diverse (Berg et al., 2017) and highly depend 60 

on anthropogenic greenhouse gas and aerosol emissions (Wang et al., 2022b).  

The effect of soil moisture on substrate availability, and thus on the MM kinetics under a warming climate, depends on the 

value of 𝑄10,𝐾𝑚.  This interplay between different 𝑄10,𝐾𝑚 values and soil moisture has the potential to lead to counteracting 

effects on the overall decomposition rates, where the short-term responses on heterotrophic respiration have been shown in 

modelling studies (Davidson et al., 2006; Davidson and Janssens, 2006; Sierra et al., 2015). More specifically, at low microbial 65 

biomass and 𝑄10,𝐾𝑚 values > 1, an increase in 𝐾𝑚 as a result of warming can ‘compensate’ or counteract the expected increase 

in SOC decomposition rates through 𝑄10,𝑉𝑚𝑎𝑥 (Davidson et al., 2006). These model studies, however, highly simplify the 

system as they do 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. To understand changes in SOC stocks on 

longer time scales, however, the microbial dynamics have to be included as well.  70 
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Figure 1: 

Figure 1: Conceptual depiction of the relationship between microbial biomass ( 𝑪𝑩 ) and the Michaelis-Menten (MM) term 

𝑪𝑩/(𝑲𝒎  +  𝑪𝑩)  to represent microbial limitation of depolymerisation. Soil moisture & temperature effects on half-saturation 75 
constant 𝑲𝒎 can increase or decrease the MM-term through Eqs. 1 and 2. The black line shows the MM-term when 𝑸𝟏𝟎,𝑲𝒎 = 1 and 

soil moisture is unchanged. The MM-term decreases when the soil gets drier or when 𝑸𝟏𝟎,𝑲𝒎 > 1 (red line), and increases when the 

soil gets wetter or 𝑸𝟏𝟎,𝑲𝒎 < 1 (blue line). 

 

Besides the inclusion of microbial dynamics, it is important to consider soil moisture and temperature changes along a vertical 80 

gradient (Pallandt et al., 2022), because projected soil moisture may not change in the same direction for surface and deeper 

soil layers (Fig. 2 in Berg et al., 2017). As SOC, microbial biomass and mineral-associated SOC are also not distributed evenly 

within soil profiles, the interactions between soil moisture, microbes and substrates will vary with depth. This requires a model 

which includes vertically resolved, mechanistic descriptions of microbially driven decomposition and organo-mineral 

interactions so that C substrate depletion by microbes or sorption can be explicitly simulated. However, the vast majority of 85 

SOC decomposition models integrated in coupled climate models are highly empirical and have very simple process 

representation using first-order decomposition rates adopted from the CENTURY approach (Parton et al., 1987). Recent 

insights have led to the development of SOC decomposition models which 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). Another limitation of these models as well as the classic ones is that they generally only consider one soil depth (Wieder 90 

et al., 2015) and as a result, can fail to capture observed climate sensitivities of soil carbon turnover times (Ahrens et al., 2015; 

Braakhekke et al., 2011; Koven et al., 2013, 2017; Pallandt et al., 2022). 

https://doi.org/10.5194/egusphere-2024-186
Preprint. Discussion started: 29 January 2024
c© Author(s) 2024. CC BY 4.0 License.



 

4 

 

In this study, we bridge these gaps by applying the C cycle version of the Jena Soil Model (JSM, Yu et al., 2020) to investigate 

the interplay between microbial depolymerisation and climate change. JSM is a vertically resolved, mechanistic SOC 

decomposition model. It includes organo-mineral interactions, is microbially explicit, and uses mechanistic descriptions of the 95 

various physiological processes affecting microbial SOC decomposition affected by temperature and soil water content, such 

as substrate and oxygen availability. JSM’s modular structure offers the opportunity to study the various soil temperature and 

soil moisture controls on SOC decomposition either individually or simultaneously. We focus on the following research 

questions: 1) How do temperature and soil moisture changes affect modelled SOC decomposition through 𝑉𝑚𝑎𝑥  and the 

Michaelis-Menten term?; and 2) Do top- and subsoil layers respond differently to warming and drought? In a series of model 100 

experiments we test the effects of soil warming and droughts on SOC stocks, in combination with different 𝑄10,𝐾𝑚  values 

which are associated with the depolymerisation of the polymeric litter pool or of microbial residues.  

2 Methods 

2.1 Model description 

JSM is a vertically explicit soil organic matter (SOM) decomposition model with microbial interactions on SOM 105 

decomposition, and representation of organic matter (de)sorption to mineral surfaces. For this study, we represent and describe 

the C cycle, but JSM is also capable of simulating the coupled C,N and P cycles and isotope (13C, 14C, 15N) tracking. A full 

mathematical description of JSM and its coupled nutrient cycles can be found in the supplement material of Yu et al. (2020). 

Here, we summarise the most important C cycle processes relevant to this study, with a conceptual overview in Fig. 2 and 

parameters and units listed in Table 1. 110 

Above- and belowground non-woody litter inputs are partitioned into soluble and polymeric litter following Parton et al. 

(1993). JSM does not explicitly simulate enzyme production, but these are implicitly described using Michaelis-Menten (MM) 

kinetics. For the depolymerisation steps reverse Michaelis-Menten kinetics are used, as Tang and Riley (2019) found these to 

be more appropriate than traditional, forward MM-kinetics. The depolymerisation of litter or microbial residues to the 

dissolved organic carbon (DOC) pool is described as: 115 

𝑓𝑑𝑒𝑝𝑜𝑙𝑦,𝑋  =  𝑉𝑚𝑎𝑥,𝑋  × 𝑓𝑉𝑚𝑎𝑥,𝑋
 (𝑇𝑠𝑜𝑖𝑙)  × 𝐶𝑋  ×  

 𝐶𝐵

𝐾𝑚𝑋 × 𝑓𝐾𝑚𝑋
(𝑇𝑠𝑜𝑖𝑙 ,𝜃) + 𝐶𝐵

        (3) 

so that the depolymerisation rate is limited by the size of the microbial biomass pool (𝐶𝐵). 𝑋 is either the polymeric litter pool 

(𝑃) or the microbial residues pool (𝑅), 𝑉𝑚𝑎𝑥,𝑋 is the maximum specific depolymerisation rate of 𝑋, 𝐶𝑋 is the respective litter 

pool 𝑋, and 𝐶𝐵 is the microbial biomass pool. 𝑓𝑉𝑚𝑎𝑥,𝑋
 (𝑇𝑠𝑜𝑖𝑙) is an exponential function expressed with a 𝑄10 base (Wang et 

al., 2012): 120 

 𝑓𝑉𝑚𝑎𝑥,𝑋
 (𝑇𝑠𝑜𝑖𝑙)  = 𝑄10,𝑉𝑚𝑎𝑥,𝑋

𝑇𝑠𝑜𝑖𝑙−𝑇𝑟𝑒𝑓

10           (4) 

where 𝑄10,𝑉𝑚𝑎𝑥,𝑋 is the temperature sensitivity of the maximum specific depolymerisation rate of litter pool 𝑋, and 𝑇𝑠𝑜𝑖𝑙  and 

𝑇𝑟𝑒𝑓  are the soil temperature or reference temperature, respectively.  

 

 125 
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Figure 2: Schematic representation of the C cycle in JSM, after Yu et al. (2020), showing C pools (rectangles) and C fluxes (line 

arrows) between pools. DOC: Dissolved Organic Carbon, qmax: maximum sorption capacity for sorption of DOC and microbial 

residues to mineral surfaces. The dotted lines are heterotrophic respiration (RH) fluxes. The coloured hourglasses represent different 

soil moisture controls on SOC decomposition steps: microbial limitation of depolymerisation (red), and oxygen limitation (blue) on 130 
microbial uptake. 

 

Table 1: Parameter values related to temperature sensitive processes in JSM. 

Parameter Value Unit Reference 

𝑉𝑚𝑎𝑥,𝑃 0.1849 yr-1 Yu et al. 2020 

Vmax,R 0.2317 yr-1 Yu et al. 2020 

Vmax,U 95.76 day-1 Yu et al. 2020 

Km,P and Km,R 3.70 mmol C m-3 Yu et al. 2020 

Km,U 85.26 mol C m-3 Yu et al. 2020 

Q10,Vmax.U 1.98  Allison et al. (2010) 

Q10,Vmax,P and Q10,Vmax,R 2.16  Wang et al. (2012) 

Q10,Km.P 1.31*  Allison et al. (2018b) 

Q10,Km.R 0.7*  Allison et al. (2018b) 

Q10,adsorption 1.08  Wang et al. (2013) 

𝑄10,𝑑𝑒𝑠𝑜𝑟𝑝𝑡𝑖𝑜𝑛 1.34  Wang et al. (2013) 

R 8.314 J K−1 mol−1  

Tref 293.15 K Wang et al. (2012) 
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The 𝑄10 coefficient is the ratio of reaction rates when temperature increases by 10 °C. For use within JSM, all 𝑄10 values were 

converted to activation energies (𝐸𝑎) following Eq. (7) from Wang et al. (2012): 

𝑄10  =  𝑒𝑥𝑝 [
𝐸𝑎

𝑅×𝑇𝑟𝑒𝑓
 ×  

10

𝑇𝑠𝑜𝑖𝑙
]          (5) 

where 𝑅 is the universal gas constant, and 𝑇𝑠𝑜𝑖𝑙  and 𝑇𝑟𝑒𝑓  are the soil temperature and reference temperature, respectively. 

Inclusion of soil moisture is done through Eq. (6):  140 

𝑓𝐾𝑚,𝑋 (𝑇𝑠𝑜𝑖𝑙 , 𝜃)  = 𝑄10,𝐾𝑚,𝑋

𝑇𝑠𝑜𝑖𝑙−𝑇𝑟𝑒𝑓

10  × (
𝜃

𝜃𝑓𝑐
)

−3

          (6) 

This is a function to describe the sensitivity of the half-saturation constant (𝐾𝑚𝑋) to soil moisture and temperature, where 

𝑄10,𝐾𝑚.𝑋  is the temperature sensitivity of the half-saturation constant of 𝐶𝑋, and where 𝜃 and 𝜃𝑓𝑐 are the volumetric water 

content and water content at field capacity, respectively. 

Microbial C uptake for growth is described using traditional, forward MM-kinetics (Tang and Riley, 2019): 145 

𝑓𝑈𝑝𝑡𝑎𝑘𝑒  =  𝑉𝑚𝑎𝑥,𝑈  × 𝑓𝑉𝑚𝑎𝑥,𝑋
 (𝑇𝑠𝑜𝑖𝑙)  ×  𝐶𝐵  ×  

𝐶𝐷𝑂𝐶

𝐾𝑚,𝑈 + 𝐶𝐷𝑂𝐶 
 ×

𝑎4/3

𝐾𝑚,𝑂2 + 𝑎4/3 
       (7) 

so that the uptake rate is limited by the size of the available substrate (𝐶𝐷𝑂𝐶) and by the air-filled pore space (𝑎), which is 

calculated as  

𝑎 =
 𝜃𝑓𝑐 − 𝜃

𝜃𝑓𝑐
              (8) 

and functions as a proxy to describe the amount of oxygen available for the reaction (Davidson et al., 2012).  𝑉𝑚𝑎𝑥,𝑈 is the 150 

maximum uptake rate of DOC by 𝐶𝐵, 𝐶𝐷𝑂𝐶  is the dissolved organic C pool, 𝐾𝑚,𝑈 is the half-saturation constant for the uptake 

of DOC by 𝐶𝐵 and 𝐾𝑚,𝑂2 is the half-saturation constant of the reaction with oxygen. DOC and microbial residues can be 

protected from microbial decomposition by sorption to mineral surfaces (Fig. 2). In JSM, adsorption and desorption rates are 

temperature sensitive (𝑄10 values reported in Table 1), with a full description of the process implementation in Ahrens et al. 

(2020). * 𝑄10 values are reported for the model’s reference temperature (𝑇𝑟𝑒𝑓) of 20 °C, and their respective activation energies 155 

were calibrated for JSM in an earlier study (Yu et al., 2020), or taken from literature by Ahrens et al. (2020). Values marked 

with * are unique to this study and taken from Allison et al. (2018b), and measured at a reference temperature of 16 °C. 

Activation energies for JSM were adjusted accordingly using Eq. (5). 

2.2 Modelling protocol 

The stand-alone application of JSM requires depth-specific soil temperature, soil moisture and litterfall forcing data at a half 160 

hourly time step as input. These were generated by running the QUINCY model for 500 years beforehand using meteorological 

forcing data from 1901 - 1930, and then starting a transient simulation in combination with FLUXNET3 forcing data from 

1901 - 2012 as described in Thum et al. (2019), for a temperate forest site in Germany (DE-Hai). These site-specific soil 

forcing data are then used for model spinup for 500 years, where soil forcing data from 2000 - 2012 are used repeatedly. After 

spinup, JSM is run for 100 simulation years for each model experiment (Section 2.4).  165 
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2.3 Choice of 𝑸𝟏𝟎,𝑲𝒎 values for polymeric litter and microbial residues 

Microbes process SOC by depolymerizing a wide array of C substrates derived from plant litter or microbial residues, which 

greatly differ in their chemistry (Buckeridge et al., 2022; Cotrufo and Lavallee, 2022). In JSM, the polymeric litter and 

microbial residues pool are depolymerised by extracellular enzymes produced by the microbial pool (𝐶𝐵) to enter the DOC 

pool (Fig. 2, Eq. (3)). Enzyme production is not explicitly simulated, but assumed to be proportional to the size of the microbial 170 

biomass pool. The half-saturation constants for depolymerisation of polymeric litter and microbial residues (𝐾𝑚,𝑋, Eq. (3)) are 

sensitive to temperature, but knowledge about their value is restricted to laboratory studies of individual enzymes. In this study, 

we explore different temperature sensitivities, expressed as 𝑄10 values, for our model’s half-saturation constants for microbial 

depolymerisation of polymeric litter (𝐾𝑚,𝑃) and microbial residues (𝐾𝑚,𝑅). We base these 𝑄10 values on a study from Allison 

et al. (2018b), who give an extensive overview of the temperature sensitivities of different enzymes and their substrate targets. 175 

We chose values from this study that would likely be, or closely resemble, the main enzymes involved in the breakdown of 

our model’s polymeric litter (𝐶𝑃) and microbial residue (𝐶𝑅) pools. For the depolymerisation of 𝐶𝑃 we targeted a 𝑄10,𝐾𝑚,𝑃 

value measured for the enzymes β-xylosidase and total oxidase, as these are involved in the degradation of hemicellulose, 

lignin and phenolics. For the depolymerisation of 𝐶𝑅  we selected a 𝑄10,𝐾𝑚,𝑅  value measured for the enzyme leucine 

aminopeptidase, which is involved in the degradation of polypeptides, the main component of microbial cell walls. In the 180 

various model experiments (described in more detail in section 2.4), we explore the effects of these different temperature 

sensitivities on SOC decomposition individually, or combined.   

2.4 Model experiments 

During the first model run, ambient soil moisture and soil temperature are used repeatedly for a 100-year simulation. We do 

this to check whether the SOC pools between 0 - 50 cm depth still increase/decrease over the simulation period, i.e. to verify 185 

that the SOC pools reached steady state after the 500 year spinup period. Then, to investigate the effects of soil warming on 

SOC decomposition, we run the first set of soil warming experiments. Soils, including the deep soil up to 1m, are expected to 

warm by 4.5°C by the end of the century under representative concentration pathway (RCP) 8.5 (Soong et al., 2020), so we 

increased all ambient soil temperatures by 4.5 K throughout the 100 year simulation period, keeping the original seasonality 

in the ambient input data intact without altering the ambient soil moisture (SM) values. To test the sensitivity of SOC 190 

decomposition to warming and to investigate the potential feedbacks through the temperature sensitivity of the Michaelis-

Menten term, we ran each warming experiment using different values for 𝑄10,𝐾𝑚,𝑃 and 𝑄10,𝐾𝑚,𝑅 (Table 1): Both 𝑄10,𝐾𝑚,𝑃 and 

𝑄10,𝐾𝑚,𝑅 values are 1 (i.e. not temperature sensitive); Individual 𝑄10 values for the breakdown of the microbial residue pool 

and the polymeric litter pool, where 𝑄10,𝐾𝑚,𝑅  is set to 0.7 and 𝑄10,𝐾𝑚,𝑃  is set to 1.3; Both 𝑄10,𝐾𝑚,𝑃  and 𝑄10,𝐾𝑚,𝑅  are 0.7 

(representing the breakdown of microbial residues); Both 𝑄10,𝐾𝑚,𝑃 and 𝑄10,𝐾𝑚,𝑅 are 1.3 (representing the breakdown of the 195 

litter pool);. All model experiment settings are summarised in Table 2.  

Then, to investigate the effects of soil warming and drying on SOC decomposition, we run the first set of drought experiments, 

where we keep all 𝑄10,𝐾𝑚,𝑋 values at 1 and use ambient soil temperature + 4.5 K. Soil drying is expected for most of the globe 

(Wang et al., 2022b and references therein), but drought intensity is uncertain and may vary locally (Cook et al., 2020; Hsu 

and Dirmeyer, 2023). Therefore, we compare three simple model drought scenarios, where the model’s ambient SM inputs are 200 

reduced by 10% : In three model experiments, each ambient SM value is multiplied by 0.9, 0.8 or 0.7, respectively (Table 2). 

As with the warming experiment, the original seasonality in the ambient SM input values is kept intact.  
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As a last step, we investigate the combined effects of soil warming and drying on SOC decomposition including the feedback 

through the half-saturation constants’ temperature sensitivities. Similar to the first set of 3 drought experiments, ambient soil 

temperature is raised by 4.5 K, and three different drought intensities are simulated (SM * 0.9, SM * 0.8 and SM * 0.7). 205 

Reflecting the most likely realistic combination of 𝑄10,𝐾𝑚 values for microbial depolymerisation, as soil will contain both 

microbial residues as well as polymeric litter for microbes to depolymerise, we used the two individual 𝑄10 values from Allison 

et al. (2018b) for the breakdown of the microbial residue pool and the polymeric litter pool (𝑄10,𝐾𝑚,𝑅 = 0.7 and 𝑄10,𝐾𝑚,𝑃 = 

1.3).  

2.5 Model output analyses 210 

Each model experiment was run for 100 simulation years, yielding daily output files for different soil variables. We calculate 

SOC stocks as the sum of the soluble litter, polymeric litter, DOC, microbial residues, adsorbed DOC and absorbed microbial 

residues pools (Fig. 2). Woody litter is excluded as it is considered part of the aboveground litter layer. To calculate the annual 

changes in SOC stocks, expressed as percentage change (%) since the start of the simulation, we used SOC values from the 

last day of each simulation year. All analyses and plots were done using packages “tidyverse”, “ggplot2” and “viridis” under 215 

R version 4.3.1 in Rstudio (Garnier et al., 2023; R Core Team, 2023; RStudio Team, 2018; Wickham, 2016; Wickham et al., 

2019). 

3 Results 

3.1 Warming effects on SOC decomposition 

3.1.1 Modelled SOC stock changes at ambient and elevated soil temperatures 220 

To check whether JSM reached steady state after spinup, one model run was continued with ambient soil temperatures and soil 

moisture, and with 𝑄10,𝐾𝑚,𝑋 values of 1 (not temperature sensitive), i.e., the same setup as during spinup. The first 6 soil layers 

(0 - 50 cm) are in steady state at Hainich forest, as there is no SOC loss or gain over the complete simulation period (Fig. 3, 

dark blue). The small interannual variability in modelled SOC stocks reflects the interannual variability in the litter inputs and 

other forcing. Warming the soil by 4.5 K in a model experiment leads to SOC losses for all simulation years (Fig. 3, purple) 225 

until 5.1% of initial stocks are lost by the end of the simulation period (Table 2). The topsoil loses more SOC (- 6.2%) than 

the subsoil (- 3.9%), which is related to the fact that mineral-associated organic C (MAOC) increases with depth which leaves 

less available substrates for microbes to depolymerise in the subsoil (Fig. A1), as well as the lower microbial biomass in these 

layers which strongly reduces the Michaelis-Menten term for the depolymerisation rates (Fig. 1). Additionally, the processes 

of adsorption and desorption have lower temperature sensitivities than microbial processes in JSM so that warming affects the 230 

topsoil layers more strongly than the deeper layers where more SOC is mineral-associated. The soil warming effect is strongest 

at the beginning of the simulation period, but reduces as the model returns to a new steady state after roughly 100 simulation 

years.  
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Table 2: Model experiments and settings with simulated changes (%) in SOC stocks at three different depth intervals 

Experiment ST SM 𝑄10,𝐾𝑚,𝑅   𝑄10,𝐾𝑚,𝑃 
Δ SOC (%) 

0 - 50 cm 

Δ SOC (%) 

0 - 6 cm 

Δ SOC (%) 

36 - 50 cm 

1. Ambient model 

run 
+ 0.0 K SM * 1.0 1 1 0 0 0 

2. Warming 

experiments 
+ 4.5 K SM * 1.0 1 1  -5.1 -6.2 -3.9 

 + 4.5 K SM * 1.0 0.7 0.7 -6.8 -7.3 -5.6 

 + 4.5 K SM * 1.0 1.3 1.3 -4.0 -5.5 -2.8 

 + 4.5 K SM * 1.0 0.7 1.3 -5.2 -6.4 -3.9 

3. Drought 

experiments 
+ 4.5 K SM * 0.9 1 1 -3.0 -4.4 -1.9 

 + 4.5 K SM * 0.8 1 1  +1.0 -1.1 +1.6 

 + 4.5 K SM * 0.7 1 1 +6.8 +3.8 +7.1 

4. Combined 

experiments 
+ 4.5 K SM * 0.9 0.7 1.3 -3.1 -4.6 -2.0 

 + 4.5 K SM * 0.8 0.7 1.3 +0.5 -1.5 +1.2 

 + 4.5 K SM * 0.7 0.7 1.3 +5.8 +3.1 +6.1 

 235 

3.1.2 Temperature sensitivity of half-saturation constants  

To study the effects of temperature on SOC decomposition through the half-saturation constant for depolymerisation 

(𝑄10,𝐾𝑚,𝑋), the model was run using three different combinations of 𝑄10,𝐾𝑚,𝑋 values for the depolymerisation of the polymeric 

litter and microbial residues pools (Table 2): Both 𝑄10,𝐾𝑚,𝑋 are 0.7; both 𝑄10,𝐾𝑚,𝑋 are 1.3; or 𝑄10,𝐾𝑚,𝑅 is 0.7 and 𝑄10,𝐾𝑚,𝑃  is 

1.3. Using a 𝑄10  value for half-saturation constants 𝐾𝑚,𝑃  and 𝐾𝑚,𝑅  of 0.7 (reflecting the temperature sensitivity of the 240 

depolymerisation of microbial residues) substantially accelerates SOC losses in response to warming. SOC losses until 50 cm 

depth reach 6.8% (Fig. 3, pink points). The topsoil loses more SOC than the subsoil (-7.3 % and -5.6 %, respectively), but 

when comparing with the run that uses 𝑄10,𝐾𝑚,𝑋 values of 1 the relative difference in the subsoil is larger than in the topsoil. 
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This indicates that in the subsoil, where microbial biomass is lower, the relative importance of 𝑄10,𝐾𝑚,𝑋 is larger than in the 

topsoil.  245 

Contrastingly, using a 𝑄10 value for half-saturation constants 𝐾𝑚,𝑃  and 𝐾𝑚,𝑅  of 1.3 (reflecting the temperature sensitivity of 

the depolymerisation of the polymeric litter pool) counteracts the warming effect and reduces SOC losses from the soil. The 

result is still a net loss: SOC stocks in the top 50 cm deplete by 4%, with higher SOC losses from topsoil compared to the 

subsoil (- 5.5 and - 2.8%, respectively,  Fig. 3, orange points). Similar to the model run where 𝑄10,𝐾𝑚,𝑋 is 0.7, the temperature 

sensitivity of 𝐾𝑚 in the model run where both 𝑄10,𝐾𝑚,𝑃 and 𝐾𝑚,𝑅  are 1.3 has a relatively larger impact in the subsoil than the 250 

topsoil. 

Using individual 𝑄10 values for the half-saturation constant for the depolymerisation of microbial residues (𝐾𝑚,𝑅 ) of 0.7 and 

of 1.3 for the polymeric litter pool (𝐾𝑚,𝑃 ) results in SOC losses from the top 50 cm (- 5.2%, Fig.3, yellow). In comparison to 

the run where 𝑄10,𝐾𝑚,𝑋 = 1 this result is very similar (5.1% loss from warming alone), indicating that the opposing temperature 

sensitivities of depolymerisation of microbial residues and polymeric litter pool cancel each other out. The topsoil loses more 255 

SOC (- 6.4%) than the subsoil (- 3.9%), but in comparison the run where 𝑄10,𝐾𝑚,𝑋 = 1 the losses from the topsoil layer are 

slightly higher in the subsoil (-0.2%) similar in subsoil (0% difference).  

3.2 Drought effects on SOC decomposition 

Inducing a drought strongly dampens the warming effect on SOC (Fig. 4). Depending on the drought intensity, the top 50 cm 

loses less SOC, or even acts as a sink and starts accumulating SOC over the course of the simulation period. A 10% reduction 260 

in SM results in a SOC loss of 3%, whereas at 80% and 70% SM, the soil column accumulates 1.0% or 6.8% SOC, respectively 

(Table 2). Stronger drought intensity led to a larger difference in modelled SOC stocks at 0-50 cm, from -5.1% at the original 

SM, to + 6.8% at 70% SM, a difference of 11.9 percentage points. This increased drought response on SOC decomposition is 

a direct result of the increase in the value of 𝑓𝐾𝑚,𝑋 (𝑇𝑠𝑜𝑖𝑙 , 𝜃) with decreasing SM (𝜃, Eq. (4)). Again, the topsoil and subsoil 

layers show a different response: In the topsoil, there is high microbial biomass and therefore, the effect of the drought on 265 

microbial depolymerisation is not as strong as in the subsoil. Additionally, drought decreases the amount of MAOC in the 

subsoil, while POC accumulates (Fig. A1). As a result, the ratio of POC:MAOC increases, especially in the topsoil (Fig. A2). 

In 0 - 6 cm, SOC losses are 4.4% at 90% SM, 1.1% at 80% SM, and a 3.8% SOC gain at 70% SM. In the subsoil layer between 

36 - 50 cm, there is a loss of 1.9% SOC at 90% SM, and 1.6% and 7.1% SOC gains at 80% and 70% SM, respectively. At 80% 

SM the drought has an opposite effect in the topsoil (a net source) than in the subsoil (a net sink). The whole column response, 270 

however, is a net sink, highlighting the strong contribution of the subsoil to the overall response. 
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Figure 3: Temperature effects on long-term changes in modelled SOC stocks (% SOC lost since simulation year 0) for different 

model experiments in a) a whole soil column (0 - 50 cm), b) the topsoil layer (0 - 6 cm) and c) a subsoil layer (36 - 50 cm). In all runs, 275 
ambient SM (SM * 1.0) was used.  
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Figure 4: SM effects on long-term changes in modelled SOC stocks (% SOC lost since simulation year 0) for different model 

experiments in a) a whole soil column (0 - 50 cm), b) the topsoil layer (0 - 6 cm) and c) a subsoil layer (36 - 50 cm). Soil moisture is 280 
reduced in 10% steps from ambient (SM * 1.0) to 70% (SM * 0.7). In all runs, 𝑸𝟏𝟎,𝑲𝒎,𝑿 = 1 (not temperature sensitive). 
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Figure 5: Combined temperature and SM effects on long-term changes in modelled SOC stocks (% SOC lost since simulation year 285 
0) for different model experiments in a) a whole soil column (0 - 50 cm), b) the topsoil layer (0 - 6 cm) and c) a subsoil layer (36 - 50 

cm). In all model runs, the soil was warmed by 4.5 K and 𝑸𝟏𝟎,𝑲𝒎,𝑷 was 1.3 for depolymerisation of litter and 𝑸𝟏𝟎,𝑲𝒎,𝑹 was 0.7 for 

depolymerisation of microbial residues.  
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3.3 Combined effects of drought and temperature sensitivity of half-saturation constants on SOC decomposition 

To investigate the potentially counteracting responses of temperature sensitivity of 𝐾𝑚 and droughts, we also run the model 290 

for the three different drought intensities in conjunction with a 𝑄10,𝐾𝑚,𝑃 value of 1.3 for the polymeric litter pool and a 𝑄10,𝐾𝑚,𝑅 

value of 0.7 for the microbial residues pool. At ambient SM conditions, the temperature sensitivity of both 𝐾𝑚,𝑋 values only 

marginally amplified the warming effects (Figs. 3 and 5, yellow points). When SM is reduced, however, this slows down the 

decomposition rates (Fig. 5, Table 2): At a 10% reduction in available SM, less SOC is lost from the top 50 cm (-3.1%) than 

when SM is kept at ambient levels (-5.2%). At 80 and 70% SM the soil starts gaining SOC (+0.5% and 5.8%, respectively). 295 

Generally, modelled SOC stocks for this combination of temperature sensitivities of 𝐾𝑚  and different drought intensities 

closely resemble the simulated drought response (Fig. 4), with the temperature sensitivity of 𝐾𝑚 counteracting the drought 

effects: when 𝐾𝑚 is temperature sensitive, SOC losses are always higher, and SOC gains are always smaller than when 𝐾𝑚 is 

not temperature sensitive (Table 2). Similar to the drought experiments (Section 3.2), the differences in modelled SOC stocks 

at 0-50 cm increase with stronger drought intensity. Interestingly, the temperature sensitivity effect through 𝑄10,𝐾𝑚,𝑃  and 300 

𝑄10,𝐾𝑚,𝑅 also increases with stronger drought intensity: For example, at ambient SM, SOC stocks decreased by 5.1% when 

both 𝑄10,𝐾𝑚,𝑋 are 1, and decreased by 5.2% when 𝑄10,𝐾𝑚,𝑅 = 0.7  and 𝑄10,𝐾𝑚,𝑃 = 1.3, a difference of 0.1 percentage point 

(Table 2). But at 70% SM, SOC stocks increase to 6.8% when both 𝑄10,𝐾𝑚,𝑋 are 1, and increase to 5.8% when 𝑄10,𝐾𝑚,𝑅= 0.7 

and 𝑄10,𝐾𝑚,𝑃 = 1.3, a difference of 1.0 percentage point. The same trend is also visible for both the topsoil (relative difference 

from 0.2 percentage point at SM = 1.0 to 0.7 percentage point difference at SM = 0.7) and the subsoil (no difference at SM = 305 

1.0 to 1.0 percentage point difference at SM = 1.0). At the same time, the ratio POC:MAOC did not change much compared 

to the model run where 𝐾𝑚,𝑋 was not temperature sensitive (Fig. A2, yellow and pink). This indicates that rather than causing 

a shift in the litter and microbial residues C pools, microbial limitation is strong under dry conditions (low 𝐶𝐵, Fig. 1), which 

in turn increases the importance of  𝑄10,𝐾𝑚,𝑅 and 𝑄10,𝐾𝑚,𝑃 for the overall SOC decomposition rates. Contrasting to the results 

from the isolated warming and drought experiments, the differences in SOC stock changes between the topsoil and subsoil are 310 

not very large: From a -6.4% SOC loss to +3.1% SOC gain, which is a 9.5 percent point change in the topsoil, to -3.9 to +6.1, 

which is a 10 percentage point change in the subsoil (Table 2). These results indicate that the combined sensitivity of SOC 

stocks to moisture and temperature in topsoil and subsoil is similar due to the counteracting effects of temperature and soil 

moisture on 𝐾𝑚  (Eq. (6)): higher temperatures promote SOC decomposition rates due to the stronger influence of 

depolymerisation of microbial residues (which has a 𝑄10,𝐾𝑚,𝑅 value of 0.7), whereas drought decreases SOC decomposition 315 

rates.  

 

 

 

4 Discussion 320 

4.1 Warming effects on SOC decomposition 

We find that warming the soil by 4.5 K accelerates SOC losses, and these losses are proportionally higher in the topsoil than 

in the subsoil. This is expected, as higher soil temperature increase maximum depolymerisation rates and microbial growth 

rates through 𝑄10,𝑉𝑚𝑎𝑥.𝑋 (Eq. (4)). Our findings are also consistent with other modelling studies that investigate isolated soil 

warming effects (e.g. Pallandt et al., 2022; Todd-Brown et al., 2014; Wieder et al., 2018), as well as with results from a recent 325 

large meta-analysis of SOC profiles (Wang et al., 2022a), which reports higher losses of SOC stock and SOC content from 

topsoil (0-30 cm) than subsoils (0.3 - 1m). In our study, during the warming experiments, the topsoil almost always loses more 
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SOC than the subsoil, except when 𝑄10,𝐾𝑚,𝑃 and 𝑄10,𝐾𝑚,𝑅 are both set to 0.7 and SOC losses are accelerated in the subsoil (-

5.6% loss). Two depth-dependent model processes play an important role in these top- and subsoil differences. Firstly, 

microbial biomass ( 𝐶𝑏 ) decreases with depth, and as microbial biomass declines, the Michaelis-Menten term for 330 

depolymerisation decreases (Fig. 1, Eq. (3)), thereby limiting the depolymerisation rates at lower depths. Secondly, SOC is 

protected from microbial decomposition by sorption to mineral surfaces, and mineral-associated organic carbon (MAOC, 

consisting of adsorbed DOC and microbial residues) strongly increases with soil depth (Fig. A1). In JSM, the 𝑄10 value of the 

mineral-associated C pools are 1.08 for adsorption and 1.34 for desorption, which is much lower than the 𝑄10 values of the 

particulate organic carbon (POC) pools: The 𝑄10  value for microbial depolymerisation of polymeric litter and microbial 335 

residues is 2.16, and 1.98 for microbial C uptake (Table 1, Allison et al., 2010; Wang et al., 2012, 2013). As the ratio of MAOC 

to POC strongly increases in the subsoil, this leads to an overall lower apparent temperature sensitivity of SOC pools in the 

subsoil. Total SOC losses consist of DOC, POC, and MAOC from the 36 - 50 cm subsoil layer, so the overall SOC losses may 

be relatively small as the majority of SOC in this layer consists of protected MAOC - which decreases its overall temperature 

sensitivity. 340 

Whether or not the apparent temperature sensitivity of SOC declines with depth, as we observe in this study, is still a topic of 

debate. According to kinetic theory subsoils may have lower apparent 𝑄10 values when they contain less complex, necromass 

derived substrates (Davidson and Janssens, 2006; Hicks Pries et al., 2023). Contrastingly, the same argument is used to explain 

higher temperature sensitivities in subsoils when they may contain molecules with higher activation energies (e.g. Li et al., 

2020). These observed higher temperature sensitivities could be the result of deriving the apparent 𝑄10 values from bulk soil 345 

samples containing both POC and MAOC, whereas several other studies demonstrated that this trend can be counteracted by 

the strong mineral protection of SOC in subsoils (Gentsch et al., 2018; Gillabel et al., 2010; Qin et al., 2019) and that reported 

high apparent 𝑄10 values originate from the decomposition of POC (Soong et al., 2021). In a recent review, Hicks Pries et al. 

(2023) conclude that the temperature response of deep soils is likely to be context dependent, and that subsoils with high POC 

content, or with low reactive mineral content are likely to be more susceptible to warming than soils with limited POC or with 350 

highly reactive mineral surfaces which protect SOC from microbial decomposition. In our model experiments, MAOC strongly 

increased with soil depth, which resulted in smaller total SOC losses from the topsoil than the subsoil layer in response to 

warming. 

 

We observe stronger model responses to different 𝑄10,𝐾𝑚,𝑋  values in subsoils than in topsoils, firstly, because microbial 355 

limitation is stronger in subsoils than in topsoils. At low microbial biomass (𝐶𝐵), the value of 𝐾𝑚,𝑋 becomes increasingly 

important (Fig. 1, Eq. (3)). At the same time, depolymerisation rates only affect the POC pools (𝐶𝑃 and 𝐶𝑅) and not the MAOC 

pools (adsorbed DOC and adsorbed microbial residues). Since the ratio of POC:MAOC is low in subsoils (Fig. A2), the total 

SOC losses from subsoils are lower from the subsoil than the topsoil, despite the higher sensitivity to different 𝑄10,𝐾𝑚,𝑋 values. 

So, when 𝑄10,𝐾𝑚,𝑋 < 1, SOC losses can be further accelerated, especially in the deep soil. In our study, this lower 𝑄10 was 360 

associated with the breakdown of proteins from the microbial residues pool. The contribution of microbial residues in the deep 

soil to total SOC is highly significant and can be up to 54% in grasslands (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,𝐾𝑚 value of the breakdown of polypeptides. However, compared to plant-derived POC, microbial residues 365 

have a high mineral sorption potential (Liu et al., preprint; Buckeridge et al., 2022) and could therefore be more protected from 

decomposition. 
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4.2 Drought effects on SOC decomposition 

Our results show that soil drying can alleviate the losses of SOC from soil warming. In our model, this is the result of the soil 

moisture sensitivity of the half-saturation constants for microbial depolymerisation (𝐾𝑚,𝑅  and 𝐾𝑚,𝑃 , Eq. (6)): Lower soil 370 

moisture reduces the Michaelis-Menten term for depolymerisation (Fig. 1), which lowers the SOC decomposition rates. 

Microbial C uptake for growth is also sensitive to changes in soil moisture through changes in the air-filled pore space (Eqs. 7 

and 8), but this would result in faster SOC decomposition rates as microbial growth is less affected by oxygen limitation, which 

was not the case for any of the modelled drought experiments. Generally, SOC decomposition peaks at intermediate soil 

moisture, but most soils are below these optimal soil moisture levels and as a result, drying leads to reduced decomposition 375 

rates due to stronger microbial limitation, whereas wetting the soil leads to an acceleration of the decomposition rates until 

oxygen limitation limits SOC decomposition rates (Davidson et al., 2012; Moyano et al., 2018; Pallandt et al., 2022; Skopp et 

al., 1990). In our model framework, substrate and oxygen limitation is split between two processes: we simulate moisture-

driven diffusion limitation on the microbial depolymerisation rates (reverse MM-kinetics, Eq. (6)), and oxygen and DOC 

availability affect microbial growth (forward MM-kinetics, Eq. (7)). We found that soil drying consistently reduced modelled 380 

SOC losses compared to SOC losses due to soil warming alone, indicating that microbial limitation of depolymerisation is 

more important than oxygen limitation on microbial growth in our study. Additional support for strong microbial limitation on 

SOC decomposition comes from our observation that particulate organic C (POC) accumulates in both the topsoil and subsoil 

layers in response to the most intense drought scenario (SM= SM * 0.7, Fig. A1). If microbes were not limited by the drought, 

they would degrade POC quickly in response to warming. 385 

Our finding that microbial SOC decomposition consistently declines in response to drought is in agreement with other studies 

that explore drought effects on SOC decomposition using microbially explicit models (Liang et al., 2021; Wang et al., 2020; 

Zhang et al., 2022). In the topsoil, we find that the impact of each 10% reduction in SM has a relatively small impact on 

alleviating SOC losses through warming, compared to the subsoil (Fig. 4). These observed differences in the drought response 

between top- and subsoil can mainly be explained by the vertical differences in microbial biomass concentration (𝐶𝐵), which 390 

is higher in the topsoil than the subsoil. Therefore, at low 𝐶𝐵 , the relative impact of drought on the MM-term for 

depolymerisation is larger in the subsoil than the topsoil, making the modelled subsoil SOC stocks more sensitive to drought. 

For example, at 80% SM, modelled SOC stocks in the topsoil reduce in response to soil warming (from -6.2% to -1.1% as SM 

reduces to 80%, a net difference of 5.1 percent points ), whereas subsoil SOC stocks decrease at ambient SM but increase at 

80% SM (from -3.9.% to +1.6%, a difference of 5.5 percent points). As discussed in section 4.1, the relatively higher sensitivity 395 

of the subsoil to not only warming but also to drought, is also related to the strong increase in MAOC with depth and its lower 

temperature sensitivity compared to that of the POC pools. In order to focus completely on drought effects on microbial SOC 

decomposition, adsorption and desorption rates were not sensitive to changes in soil moisture during our experiments. Drought 

favours the stabilisation of SOC on mineral surfaces (Blankinship and Schimel, 2018), thereby protecting it from microbial 

depolymerisation. Therefore, if we would consider the moisture sensitivity of adsorption and desorption rates in our model, 400 

we expect a further decrease in the SOC decomposition rates in response to drought. The formulation of moisture sensitivity 

of adsorption and desorption, however, is not well established to our knowledge.  

Overall, our model results indicate a potential for net SOC gains in 0 - 50 cm depth when SM is reduced to 80% or 70% of its 

original values, and that a large part of the whole soil column response is driven by the subsoil. While data-driven deep soil 

drying studies are rare, our simulation results are supported by a recent study (Brunn et al., 2023), where total annual 405 

precipitation throughfall was reduced by 70% for 5 consecutive years and both SOC stocks and SOC stability increased 

between 0 - 30 cm. They found that the majority of the SOC stock increase occurred in the top 5 cm as a result of higher root 

exudates, but we do not consider this in our experiment. We found that the largest SOC stock increase occurred in the subsoil, 
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because of the higher sensitivity of subsoil to drought at low microbial biomass concentrations and the strong protection of 

MAOC from microbial depolymerisation. Our finding that SOC stocks can potentially increase with drought despite the 410 

expected losses through warming, is mainly the result of lower microbial depolymerisation (Eq. (6), Fig. 1). Indeed, short term 

studies indicate that SOC stocks may increase under drought, as a strong reduction in microbial activity may dominate over 

the effect of reduced litter and root inputs (Brunn et al., 2023; Deng et al., 2021; Moyano et al., 2013). While results from 

short-term data-driven studies support our modelling results, 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 415 

and Leuschner, 2010). An advantage of our stand-alone soil model environment with prescribed litter inputs is that it allows 

us to individually test soil warming and drying effects on long-term SOC stocks, while eliminating the potentially confounding 

effects from changes in plant productivity. 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 𝐾𝑚 and 

drought may be at their strongest, and ecosystems dominated by infrequent moisture inputs may show strong sensitivities to 420 

soil warming and drought. 

4.3 Combined effects of drought and temperature sensitivity of half-saturation constants on SOC decomposition 

We show that soil drying in combination with temperature sensitivity of the half-saturation constants for depolymerisation of 

polymeric litter and microbial residues, can both increase or decrease SOC stocks, and that the direction and magnitude of the 

effect on SOC stocks depends on drought intensity. The combined effects of soil drying and temperature sensitivity of the half-425 

saturation constants for depolymerisation on SOC stocks closely resembled that of the drought response, which indicates that 

microbial limitation on depolymerisation poses a strong control on modelled SOC stocks and that drought can indeed alleviate 

SOC losses in response to soil warming. While the effect of drought on modelled SOC stocks is strong, the temperature 

sensitivity of 𝐾𝑚,𝑋 can counteract these effects: Compared to the model runs without temperature sensitivity of 𝐾𝑚,𝑋, SOC 

losses are higher and SOC gains are smaller. This indicates that the breakdown of microbial residues, which had a 𝑄10,𝐾𝑚,𝑅 430 

value of 0.7, is important for the overall results because a 𝑄10 value lower than 1 increases the MM-term for depolymerisation, 

and accelerates SOC decomposition. Furthermore, this counteracting effect of 𝑄10,𝐾𝑚,𝑋 is stronger with increased drought 

intensity while the ratio POC:MAOC does not change much when compared to the model run where 𝑄10,𝐾𝑚,𝑋  is not 

temperature sensitive. In line with our results from the isolated drought experiments (Section 4.2), this supports the conclusion 

that microbial limitation increases under drought, so that 𝑄10,𝐾𝑚,𝑋 becomes more important for the overall depolymerisation 435 

rates.  

Unlike the individual warming and drought experiments, we only find small differences in SOC stock changes between the 

top- and subsoil for the combination of drought and temperature sensitivity of 𝐾𝑚,𝑅 and 𝐾𝑚,𝑃. This shows that drought and 

temperature sensitivity can both play a strong role, and counteract each other so that the overall changes in SOC stocks appear 

similar. This is an important result, because long-term warming can accelerate soil drying, especially at the soil surface (Berg 440 

and Sheffield, 2018; Fan et al., 2022; García-García et al., 2023). Our results show divergent responses of top and subsoil SOC 

stocks to concurrent soil warming and drying, in particular at a 20% SM reduction, where modelled SOC stocks in the topsoil 

increase but decrease in the subsoil. While we only explored the effects of evenly drying out the soil column in this study, the 

long-term response of SOC stocks to soil moisture changes could be even more non-linear as top- and subsoils may not dry 

out evenly (Berg et al., 2017). Using multi-model predictions, Berg et al. (2017) show that surface soil moisture decreases by 445 

the end of the century, while subsoils, especially in the northern hemisphere, diverge with either less severe drying or wetter 

conditions. On top of soil warming, such dynamic vertical changes in soil moisture have a strong potential of further 

accelerating or slowing down SOC decomposition rates in the deep soil by microbial limitation or oxygen diffusion limitation 
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(Pallandt et al., 2022). We call for modelling studies that address such changes simultaneously by running ‘new generation’ 

models with future climate forcing datasets.  450 

4.4 Microbial response to substrate changes in the POC/MAOC framework 

The duration of our experiments is 100 simulation years, but the values of 𝑄10,𝑉𝑚𝑎𝑥  and 𝑄10,𝐾𝑚,𝑋 may not stay constant over 

time, as the environment changes and microbial communities adapt. However, in light of our long-term warming experiments 

we feel confident with the choice of 𝑄10,𝐾𝑚 values, as they were measured in microorganisms that showed no sensitivity to a 

6 °C increase in average temperature - but did show a strong response to changes in substrate types (Allison et al., 2018a). In 455 

our model experiment, microbes have access to both litter inputs and microbial residues to depolymerise, which have 

counteracting 𝑄10,𝐾𝑚  values and therefore the possibility to simultaneously accelerate and slow down microbial SOC 

decomposition rates. In this light, it is important that modellers have access to data sources that help connect model 𝑄10 values 

for 𝐾𝑚,𝑋 and 𝑉𝑚𝑎𝑥  to the dominant C sources that microbes could depolymerise. For example, information on soils that are 

high in POC versus soils that are high in MAOC: Soils with high MAOC contents and low POC inputs can have lower apparent 460 

𝑄10 values because 𝑄10,𝑠𝑜𝑟𝑝𝑡𝑖𝑜𝑛 is much lower than the 𝑄10 values of unprotected organic carbon (Table 1; Wang et al., 2012, 

2013). Secondly, such soils would have necromass rather than fresh litter inputs as the dominant C substrate for microbes. 

New datasets such as global maps of necromass C contributions to total SOC stocks (e.g. Liu et al., preprint) can inform 

modellers on substrate type or SOC stabilisation mechanisms, and thereby help identify the climate sensitivities of SOC stocks 

in different regions of the world. At the moment, though, there are no clear answers as to which values we should use for 465 

𝑄10,𝐾𝑚,𝑋  because SOC consists of many different molecules, which all have their own specific temperature sensitivities 

(Allison et al., 2018b). One possibility to investigate the potential climate-substrate feedbacks with a model like JSM, would 

be a further partitioning of the litter pools into functional groups related to their main degrading enzymes. Our current study, 

which explores different values for 𝑄10,𝐾𝑚,𝑋 already provides valuable insights into what might be possible. For example, soils 

with high POC contents, i.e. with a developed organic layer as a result of high litter inputs, low SOC losses and low 470 

bioturbation, are likely to have 𝑄10,𝐾𝑚,𝑋  values > 1, which has the potential to counteract soil warming effects through 

𝑄10,𝑉𝑚𝑎𝑥 , especially in deeper layers where microbial biomass is low and the temperature sensitivity of the half-saturation 

constant will have a stronger impact. In combination with soil drought, this would further enhance microbial limitation for 

depolymerisation and could dampen SOC losses in such organic soil layers over time - if litter inputs stay constant over time. 

Peat soils could be an exception, as they usually have high volumetric water contents and drought can lift oxygen limitation, 475 

thereby increasing SOC decomposition rates. It can be expected though, that long-term soil drying reduces root and leaf litter 

inputs as plant productivity decreases (Deng et al., 2021). Therefore, we recommend future research focuses on further studying 

climate-substrate interactions within a fully coupled soil-plant model, such as the coupling between land surface model 

QUINCY (Thum et al., 2019) with JSM, which is nearing completion.  

5 Conclusions 480 

With JSM we show that both soil drying and warming pose strong controls on SOC decomposition. The vertically explicit 

model structure allows us to demonstrate that subsoil SOC stocks respond differently to warming and drought through a 

combination of processes. First of all, we show that SOC association to mineral surfaces plays an important role in reducing 

the overall sensitivity of SOC stocks to microbial decomposition: MAOC strongly increases with soil depth and has a low 

apparent temperature sensitivity, which results in smaller total SOC losses from the subsoil than the topsoil. At the same time, 485 

our model results indicate that unprotected subsoil SOC is more sensitive to soil warming and drought. Secondly, we show 

that drought can alleviate the effects of soil warming through microbial limitation on depolymerisation rates. As drought gets 

stronger, microbially mediated depolymerisation rates become severely limited so that less SOC is lost from the soil. In the 
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model experiments with constant litter inputs in this study this can even lead to SOC accumulation over time, despite soil 

warming. Thirdly, we show that considering the temperature sensitivities of the half-saturation constants for different C 490 

substrates (litter and microbial residues) is important, as they can both slow down and accelerate microbial SOC decomposition 

rates. Our results highlight the importance of representing SOC decomposition processes in a vertically resolved model, which 

includes carbon stabilisation on mineral surfaces. We recommend that future model development focuses on further identifying 

the (un)importance of temperature sensitivities of  𝑉𝑚𝑎𝑥  and 𝐾𝑚,𝑋 for different C substrates and moisture sensitivities of all 

microbial-mineral interactions in the new class of soil organic carbon models. 495 
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Appendix A 

 
Figure A1: a) Ratio of mineral associated organic carbon (MAOC) to SOC (%) and b) particular organic carbon (POC) to SOC (%) 500 
for different model runs at two different soil depths: Topsoil (0 - 6 cm) and subsoil (36-50 cm). If not indicated otherwise, SM = SM 

* 1.0 in the experiment. 
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Figure A2: Ratio of particular organic carbon (POC) to mineral-associated carbon (MAOC) for different model runs at two different 

soil depths: Topsoil (0 - 6 cm) and subsoil (36-50 cm). If not indicated otherwise, SM = SM * 1.0 in the experiment. 505 
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Code availability 

The Jena Soil Model (JSM) - release01 is fully described and published under https://doi.org/10.5194/gmd-13-783-2020. The 

JSM source code is available online (https://git.bgc-jena.mpg.de/quincy/quincy-model-releases, branch “jsm/release01”), but 

access is restricted to registered users. Readers interested in running the model should request a username and password from 510 

S. Zaehle or via the git repository. JSM is developed using the framework of the QUINCY model. The QUINCY model is free 

software: It can be distributed and/or modified under the terms of the  GNU GPL version 3 (https://www.gnu.org/licenses/gpl-

3.0.en.html, last access 10 January 2024). The use of the QUINCY model relies on the application of software developed by 

the MPI for Meteorology, which is subject to the MPI-M ICON software licence (see ICON section: “By using ICON, the user 

accepts the individual licence (https://code.mpimet.mpg.de/attachments/download/20888/MPI-M-515 

ICONLizenzvertragV2.6.pdf, last access 10 january 2024). Where software is supplied by third parties such as the MPI for 

Meteorology, it is indicated in the header of the file. Model users are strongly encouraged to follow the fair-use policy stated 

at https://www.bgc-jena.mpg.de/en/bsi/projects/quincy/software (last access: 10 January 2024).  
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