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1. Introduction 
Microbial diversity refers to the range of microbial organisms present in a system, typically 
measured in terms of taxonomic units or functional groups. Microbial diversity has been 
linked to soil carbon decomposition and respiration (Nielsen et al., 2011; Valentin et al.,2014) 
and may be one of the determinants for the resilience of soil ecosystems to change in 
environmental conditions (Osburn et al., 2021; Waring et al., 2018; Valentin et al., 2014; 
Snajdr et al., 2010). Zhou et al. (2022) recently showed that microbial diversity is a key 
predictor for soil carbon respiration using statistical approaches—thus, diversity can have 
quantitatively important effects. Yet, specific mechanisms to explain these effects are not 
well understood. Moreover, the structure and composition of microbial communities change 
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in time and space (Lohmann et al., 2020), which adds further complexity to diversity-driven 
patterns. 

To explore the relationship of the microbial diversity and organic matter decomposition (and 
other soil functions), several manipulation studies were carried out at the field and lab scale 
(Nielsen et al., 2011; Valentin et al. 2014). While there is no clear answer on the nature of the 
diversity-function relation yet, the majority of the studies revealed a positive relationship. 
Consistent with this empirical evidence, theoretical models predict that decomposer diversity 
promotes decomposition and nutrient recycling (Loreau, 2001). However, how to incorporate 
microbial diversity metrics in process-based soil carbon models remains an open question. 

In this deliverable, we aim to link ecosystem functions associated with organic carbon 
decomposition to microbial diversity by using a substrate-microbial biomass network model. 
Specifically, we ask: how do microbial community characteristics (in terms of size and 
functional diversity) at the beginning of the decomposition process affect ecosystem 
functions such as organic matter decomposition rates? To answer this question, we first 
developed a generic model scheme, following the consumption of organic carbon via 
depolymerization, uptake by microbes for respiration and assimilation into biomass. We 
traced the consumption of carbon in diverse microbial functional groups whose 
decomposition capacity and metabolism are controlled by randomly varying and partly co-
varying parameters. This model was used to characterize how microbial diversity affects 
emergent properties at the whole microbial-substrate network level. With this information, we 
finally proposed the implementation of a rate modifier in soil carbon models, to account for 
varying environmental conditions and microbial community characteristics. 

2. Materials and Methods 
The reaction network comprises a number of carbon compounds (denoted by i in Fig. 1, with 
(3≤Nc≤18) that together form bioavailable substrate carbon pool (C), and a number of 
microbial functional groups (denoted by j, with 4≤Nb≤32)   that together form the microbial 
biomass pool (B). The substrate carbon compounds are differentiated based on the nominal 
oxidation state of the carbon atoms (NOSC). With these two actors (i.e., carbon and 
biomass), the reaction network accounts for the depolymerization of complex carbon 
compounds (Di,j), the uptake of these compounds (Ui,j) by microbes for growth and 
assimilation into biomass (Gi,j), respiration (Ri,j), and finally necromass (CB) formation (Mj) 
and recycling. The reaction network is summarized in Fig. 1A; symbols are listed and 
explained in Table 1. All carbon compound and microbial group variables are expressed as 
moles of carbon per liter (M C) and all fluxes as moles of carbon per liter per day (M C d-1). 
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Figure 1 A schematic representation of the python module along with model setup (A) Reaction network (B) 
Parameter distribution defining the strength of microbial-carbon interactions such as depolymerization of carbon 
compounds, their uptake and metabolization, and finally mortality of biomass. 

 
The reaction network is constructed broadly in accordance with previous works exploring 
the role of microbial biomass in organic matter decomposition from conceptual (Schimel 
and Schaeffer, 2012; Kästner et al., 2021) and modelling perspectives (Schimel and 
Weintraub, 2003; Manzoni et al., 2009; Wieder et al., 2015). Organic matter-mineral 
interactions are not considered, so the modelled system can be regarded as 
representative of decomposing litter on the soil surface or in an aquatic system, 
particulate organic matter within mineral soils, or bioavailable dissolved organic carbon in 
the pore space. These systems share similar interactions between microbial 
decomposers and their substrates detailed hereon. 
The microbial groups produce exoenzymes as a linear function of their biomass (Schimel 
and Weintraub, 2003), independent of carbon availability. 
 
𝐸𝐸𝑗𝑗 =  𝑣𝑣𝑒𝑒𝑒𝑒𝑒𝑒,𝑗𝑗𝐵𝐵𝑗𝑗 ,          (1) 
 
where, Bj is the biomass of the jth microbial group, Ei,j is the exoenzyme produced by 
biomass as a linear function and venz,j is the proportionality constant. Eq. (1) is interpreted 
as the steady state solution for enzyme concentration when enzyme production rate 
scales linearly with microbial biomass and enzymes are deactivated following first order 
kinetics. Under these assumptions, production (~B) and deactivation (~E) are equal, 
resulting in the proportionality E~B captured by Eq. (1). Given the small mass and the 
uncertainty in the fate of decayed enzymes, we assume for simplicity that deactivated 
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enzymes are lost from the system. The exo-enzyme Ej then depolymerizes the carbon 
compounds following Michaelis Menten kinetics, 
 

𝐷𝐷𝑖𝑖,𝑗𝑗 =  
𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖,𝑗𝑗 𝐶𝐶𝑖𝑖 𝐸𝐸𝑗𝑗

𝐾𝐾𝑖𝑖,𝑗𝑗+𝐶𝐶𝑖𝑖
,         (2) 

 
where, Di,j is the depolymerization rate of the ith carbon compounds by the jth microbial 
group, Ci is concentration of the ith carbon compound, Ki,j is the half saturation constant, 
and vmax,i,j is the maximum velocity constant. 
The depolymerization chain of organic carbon is governed by the nominal oxidation state 
of the carbon atom. The cascade of decomposition of carbon compounds (Fig. 1A) was 
inspired by Gunina et al. (2022) wherein they describe the cascade of decomposition of 
carbon compounds in terms of flow of energy (using NOSC as a proxy indicator) following 
thermodynamic principles (LaRowe et al., 2011). Organic matter in soil (e.g., freshly 
derived matter from the surface or root exudates) from the surface undergoes change in 
NOSC as it progresses through decomposition stages, initially undergoing oxidation and 
then shifting towards slightly reduced NOSC due to necromass (Kästner et al., 2021; 
Gunina et al., 2022). Thus, during decomposition carbon flows to microbial biomass and 
in part to carbon compounds where carbon has a higher oxidation state. The fraction of 
carbon compounds that is taken up by microbial biomass is governed by the carbon 
uptake efficiency of each microbial group, 
 
𝑈𝑈𝑖𝑖,𝑗𝑗 =  𝑧𝑧𝑖𝑖,𝑗𝑗  𝐷𝐷𝑖𝑖,𝑗𝑗 ,            (3) 
 
where, zi,j is the uptake efficiency of each microbial species for each carbon compound. 
Part of the carbon compound taken up is assimilated into the microbial biomass (Gi,j), 
governed by the yield co-efficient (yi), and the rest is mineralized into carbon dioxide (Ri,j). 
The higher the oxidation state, the lower the yield co-efficient, 
 

𝐺𝐺𝑖𝑖,𝑗𝑗 =  𝑦𝑦𝑖𝑖 𝑈𝑈𝑖𝑖,𝑗𝑗  𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟𝑗𝑗 , and       (4) 

𝑅𝑅𝑖𝑖,𝑗𝑗 = 𝑈𝑈𝑖𝑖,𝑗𝑗 − 𝐺𝐺𝑖𝑖,𝑗𝑗 ,         (5) 

 
where, yi is the yield-coefficient of each microbial group associated with each carbon 
compound and freg,j is the regulation of microbial growth due to competition. Competition 
due to the presence of other microbial groups followed the Lotka-Volterra model 
(Vandermeer and Goldberg, 2003; Fujikawa et al., 2014) based on the maximum capacity 
of the system.  
 

𝑓𝑓𝑟𝑟𝑒𝑒𝑒𝑒,𝑗𝑗 = 1 −
∑𝐵𝐵− 𝐵𝐵𝑗𝑗
𝐵𝐵𝑚𝑚𝑚𝑚𝑚𝑚

,          (6) 

where the maximum capacity of the system (Bmax)to hold microbial biomass was 15% of 
initial carbon available for microbial growth. Finally, each microbial group decays due to 
mortality (Mj) as a quadratic function dependent on its biomass (Georgiou et al., 2017). 
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𝑀𝑀𝑗𝑗 =  𝑚𝑚𝑗𝑗𝐵𝐵𝑗𝑗2,          (7) 
 
where, mj is the mortality constant of the jth microbial group. The necromass is recycled 
into the carbon compounds with NOSC=-0.2 (Gunina et al., 2022; Dick, 2014)). Thus, the 
change in concentration of the ith carbon compound and jth microbial group is given by 
Eqn. 6 and Eqn. 7 respectively. 
 

𝑑𝑑𝐶𝐶𝑖𝑖
𝑑𝑑𝑑𝑑

= 𝐼𝐼𝑖𝑖 − ∑ 𝐷𝐷𝑖𝑖,𝑗𝑗𝑗𝑗 +  ∑ (1 − 𝑧𝑧𝑖𝑖−1,𝑗𝑗)𝐷𝐷𝑖𝑖−1,𝑗𝑗𝑗𝑗 + �
∑𝑀𝑀𝑗𝑗

𝑁𝑁𝑚𝑚
, 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖 = −0.2

0,        𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖 ≠ −0.2
, and (8) 

𝑑𝑑𝐵𝐵𝑗𝑗
𝑑𝑑𝑑𝑑

=  𝐺𝐺𝑗𝑗 −𝑀𝑀𝑗𝑗 ,         (9) 

 
where, Ii is externally sourced input in the ith carbon compound (in this study, Ii = 0) and Nm is 
the number of carbon compounds that have NOSC =-0.2. 
 

Table 1 Symbol definitions and units 

Symbol Name Units 
INDICES 
i Carbon compound index - 
j Microbial group index - 
0 Initial conditions (time=0) - 
Nc Number of carbon compounds - 
Nb Number of microbial groups - 
Nm Number of carbon compounds that have NOSC=-0.2 - 
tot Total  
STATE VARIABLES 
Bj Biomass concentration in microbial group j mM C 
B Total biomass concentration mM C 
Ci Carbon concentration of substrate i mM C 
C Total substrate carbon concentration mM C 
Ctot Total carbon in the system (=C+B) mM C 
Ej Exo-enzyme concentration mM C 
FLUXES 
Di,j Depolymerization mM C d-1 
Ui,j Uptake mM C d-1 
Gi,j Growth mM C d-1 
Mj Mortality mM C d-1 
Ri,j Respiration mM C d-1 
PARAMETERS 
freg,j Regulation due to competition - 
venz,j Enzyme production rate constant - 
vmax,I,j Maximum rate of carbon depolymerization d-1 
Ki,j Half saturation constant for depolymerization mM C 
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zi,j Uptake efficiency - 
yi Yield coefficient - 
mj Mortality constant mM C-1 d-1 

 

2.1 Parametrization 

The parameterization describing the reactions and the state of the carbon compounds was 
randomized but constrained. The oxidation state of the carbon compounds varied between -
0.5 and +0.5 (see Fig. 1). We used a slightly higher range of oxidation state of carbon 
compounds in soil than previously reported (varying between -0.45 and +0.3 (Kleber et al., 
2010) to explore scenarios including aquatic systems. 

We randomly sampled the constants describing microbial-carbon interactions (venz,j, zi,j, vmax,i,j 
and Ki,j) from log normal distributions (Table 2). The mean values of vmax,i,j corresponded with 
the time scale of decomposition processes in litter (Allison et al., 2012) while variation in zi,j 
represented both, varying capacity of different microbial groups to take up different carbon 
compounds. The distribution of Ki,j followed typical concentrations of bioavailable dissolved 
organic carbon observed in soil (2-6 mM; Michalzik et al., 2001) and in lakes and streams 
(less than 1mM; Taylor and Townsend, 2010). The variance of these distributions (Vb) 
changed according to microbial community type (see subsection: Scenarios: Carbon 
compounds and microbial groups). 

Table 2 Rate constant sample distributions 

Constant Mean 
(Log-normal distribution) 

zi,j (-) 0.2 
vmax,i,j (d-1) 0.04 
Ki,j (M) 0.6 
venz,j (-) 0.4 

 

The microbial community was additionally able to adapt to available carbon compounds, 
with vmax,i,j scaled with respect to the initial concentration distribution of the carbon 
compounds in the system. 

𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖,𝑗𝑗,𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 =  𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖,𝑗𝑗
𝐶𝐶𝑖𝑖,0
𝐶𝐶0���

,           (10) 

where Ci,0 is the initial concentration of the ith carbon compound in the system, and 𝐶𝐶0��� is the 
mean initial total concentration of carbon in the system. 

Carbon compounds with high (positive) NOSC (referred to as oxidized carbon hereon), such 
as sugars, are easily taken up by microbes for respiration and for complete mineralization, 
despite their lower energy yield (Gunina et al., 2022). Therefore, we ranked the randomly 
sampled values of zi,j, vmax,i,j and Ki,j to carbon compounds according to the NOSC. So higher 
values of zi,j and vmax,i,j associated with higher NOSC while lower values of Ki,j associated with 
higher NOSC. Finally, yi for each carbon compound being assimilated depended on the 
oxidation state of that compound (NOSCi) (Manzoni et al., 2012), 
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𝑦𝑦𝑖𝑖 =  �
0.6, 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖 ≤ 0

0.6 −  𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖
3

, 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖 > 0.        (11) 

Lastly, the mortality constant of each microbial group (mj) scaled with the median value of 
vmax,i,j associated with that microbial group and the total initial biomass in the system, 

𝑚𝑚𝑗𝑗 =  
median

𝑖𝑖
𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖,𝑗𝑗

5 ∑𝐵𝐵𝑗𝑗
,          (12) 

where, mj is the mortality constant for the jth microbial group. The above formulation ensured 
that microbial groups were stable and were able to grow even in carbon poor conditions. 

 

2.2 Scenarios 

2.2.1 Variation in initial substrate carbon (C0) 
The available organic carbon varies with several factors such as land use, land cover, soil 
type. Its total concentration is a driver for carbon dynamics, following Michaelis-Menten 
kinetics as implemented in our process network. Thus, we considered scenarios with a wide 
range of available organic carbon (C0), varying from 1 M C to 15 M C. 

2.2.2 Carbon compounds and microbial groups 
Organic matter in natural systems is composed of a spectrum of carbon compounds (see 
explanation on the reaction network above). The diversity of these organic compounds 
depends on the stage of decomposition, the ecosystem being modeled. In this study, we 
considered the diversity in terms of number of compounds making up organic carbon in the 
system. The number of carbon compounds varied from 3 to 18 (3,6,12,18). Thus, in each 
instance of total initial organic carbon, the percentage of contribution of each carbon 
compound varied per the total number of carbon compounds in the system. 

Overall, the initial biomass in all the scenarios was maintained at 10% of the initial 
concentration of organic matter. The number of microbial groups also varied 
(4,8,12,16,20,24,28,32) in each scenario considered for the varying number of carbon 
compounds. 

This already resulted in a wide variety of initial Shannon diversity indices (H) for each 
simulation. The resulting Shannon diversity varied from less than 1 to greater than 3. 

𝐻𝐻 =  −∑�𝑝𝑝𝑗𝑗 log𝑝𝑝𝑗𝑗�,         (13) 

where, 𝑝𝑝𝑗𝑗 =  𝐵𝐵𝑗𝑗
∑𝐵𝐵𝑗𝑗

, Bj is the biomass of the jth microbial functional group in the system. 

As mentioned in sub-section Parameterization, we also varied the variance (Vb) in the 
parameter space governing microbial-carbon interactions. We considered five levels of Vb: 
1%, 10%, 50%, 100% and 150% of the mean of the parameter of concern. In doing so, we 
accounted for similar and generalist communities (with low Vb) as well as dissimilar and 
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specialist communities (with high Vb). Thus, to assess microbial diversity, we explored the 
utility of both taxonomic diversity (in terms of H, see above) as well as functional diversity (in 
terms of Vb or f, see below). To account for randomized scenarios, we used nine different 
seeds to initialize the scenarios. 

We simulated all the above-described scenarios for a period of 10 years, using the reaction 
network set up in Python (van Rossum, 2006) with the scipy package (Virtanen et al., 2020) 
as the numerical solver. Additionally, we set up the entire workflow in Python. In total, we ran 
more than 7,200 simulations exploring the rate of carbon consumption in systems with 
varying total available carbon, number of carbon compounds, number of microbial groups 
and varying microbial community characteristics, and finally randomized seeds. These 
scenarios are summarized in Fig. 2B. 

 

 
Note: Ctot refers to total carbon (sum of substrate (C) and microbial biomass (B)) at any point in time during the simulation. 

Figure 2 (A) Summary of ecosystem functions associated with carbon decomposition in a microbial system. (B) 
Summary of the scenarios explored in this study. (C) Summary of statistical models fitted to ecosystem functions 
based on numerical experiments. 

2.3 Indices characterizing ecosystem functions 

Considering that we tested a wide range of scenarios for microbial community composition, 
from changing the number of microbial groups present in the system to changing the 
variance in the distribution of the parameter space, we described the microbial communities 
as ‘similar’ and ‘dissimilar’ communities. Thus, we differentiated between communities not 
only by size (Nb or H) but also by their functional diversity (f). We derived functional diversity 
using biomass weighted variance in the product (vprod) of venz,j, zi,j, and vmax,i,j (see section 
above for description): 

𝑓𝑓 = ∑ 𝐵𝐵𝑗𝑗
∑𝐵𝐵𝑗𝑗

(𝑣𝑣𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑗𝑗 − 𝑣𝑣𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�������)2,        (14) 

where Bj is the biomass associated with a particular microbial functional group. 
Communities with f<1.E-5 mM C2day-2 were described as similar communities, while 
communities with f>1.E-5 mM C2day-2 were described as dissimilar communities. 
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To evaluate the performance of these model microbial systems, we considered carbon 
decomposition rates and persistent carbon as measures of the ability of a microbial system 
to decompose total carbon, i.e., sum of substrate carbon and biomass concentration (Ctot): 

● Carbon decomposition kinetics: We derived the time scale (τ, d) associated with the 
first 10% loss of Ctot in the system. The decay constant (k10, d-1) associated with 
corresponding first order kinetics this 10% loss was the reciprocal τ. We also traced 
how the decomposition kinetics evolved as the microbial community consumed 
carbon for respiration and growth, and finally 

● Persistent carbon: Ctot stored in the system at the end of 10 years as a percentage of 
initial carbon (𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡,𝑇𝑇 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡,0⁄ ).  

  

2.4 Data analysis 

We assessed the predictability of the above-described ecosystem functions (indicated by Y) 
using two different statistical models:  

model I: predictors were initial microbial functional diversity (f0) and initial available carbon 
(C0); β0, βf and βC were the associated model parameters, 

𝑌𝑌 = 𝛽𝛽0𝑓𝑓0
𝛽𝛽𝑓𝑓𝐶𝐶0

𝛽𝛽𝐶𝐶 ;           (14) 

model II: predictors were number of carbon compounds (Nc), number of microbial groups 
(Nb), variance in the parameter distribution of the microbial groups (Vb) and initial available 
carbon (C0); 𝛽𝛽0, 𝛽𝛽𝑁𝑁𝑐𝑐 , 𝛽𝛽𝑁𝑁𝑏𝑏 , 𝛽𝛽𝑉𝑉 and 𝛽𝛽𝐶𝐶  were the associated model parameters, 

𝑌𝑌 = 𝛽𝛽0𝑁𝑁𝑐𝑐
𝛽𝛽𝑁𝑁𝑐𝑐𝑁𝑁𝑏𝑏

𝛽𝛽𝑁𝑁𝑏𝑏𝑉𝑉𝑏𝑏
𝛽𝛽𝑉𝑉𝐶𝐶0

𝛽𝛽𝐶𝐶.         (15) 

After log-(base 10) transformation, the above models can be written as linear functions of 
the independent variables, 

log(𝑌𝑌) = log(𝛽𝛽0) + 𝛽𝛽𝑓𝑓log(𝑓𝑓0) + 𝛽𝛽𝐶𝐶log(𝐶𝐶0) +  𝜖𝜖,      (16) 

log(𝑌𝑌) = log(𝛽𝛽0) + 𝛽𝛽𝑁𝑁𝑐𝑐log(𝑁𝑁𝑐𝑐) + 𝛽𝛽𝑁𝑁𝑏𝑏log(𝑁𝑁𝑏𝑏) + 𝛽𝛽𝑉𝑉log(𝑉𝑉𝑏𝑏) + 𝛽𝛽𝐶𝐶log(𝐶𝐶0) +  𝜖𝜖,   (17) 

where, є is the error (assumed to be normally distributed with zero mean). We obtained the 
model parameters by linear least square fitting of the decomposition indices using the scipy 
package in Python (Virtanen et al., 2020). We used R2 as a measure of the predictability.  

 

3. Results 
As described in detail in the Methods sections, we investigated the influence of four factors 
on ecosystem functions, some of which contributed to the range of initial functional 
diversities (f) in our simulations. Microbial community characteristics were captured by the 
number of microbial groups (Nb) and the variance imposed in the parameter space (Vb). The 
initialized microbial communities varied in Shannon diversity (H), as well as in functional 
diversity (f). 
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For microbial community characterization, we assigned the threshold ~1E-5 mM C2day-2 to 
distinguish between relatively more similar vs. dissimilar communities. The range of f was 
comparable for scenarios where substrate compartment number or carbon amount was 
varied. 
 
In all the scenarios, we observed that most microbial groups consumed carbon for growth 
and respiration. With time, microbial groups consumed carbon and partly converted it into 
biomass, resulting in a monotonic increase for the percentage of carbon consumed, and a 
peaked trajectory for the total microbial biomass as long as there was sufficient carbon to 
sustain growth (select examples in Fig. 3). The gain in microbial biomass, carbon consumed, 
and the rate of carbon consumption varied across our scenarios (Fig. 3). Qualitatively, this 
variation was attributable to carbon availability, the number of carbon compounds and 
microbial groups as well as diversity of the microbial community present in the system. We 
explore these factors further in subsequent sections. 

 
Figure 3 Temporal trajectories over 10 years of (A) biomass concentration and (B) carbon decomposed (in % with 
respect to initial available carbon) in select scenarios. The marker style varies with number of biomass groups: dots 
for low Nb (4) and cross for high Nb (20). The line style varies with microbial community type: solid line for similar 
communities with low Vb (0.01) and dotted line for dissimilar communities with high Vb (1.0). The color intensifies 
with increasing initial carbon availability from carbon-poor (2 M, orange) to carbon rich (10 M, brown). The results 
displayed are for the same randomised scenario, i.e., the seed is the same. 

3.1 Decay constant for total organic carbon and persistent carbon 

Values of k10 for Ctot varied from 3.2E-4 to 2.0E-1 day-1 with the mean 2.0E-2 day-1, and 
coefficient of variation ranging from ~20% (in carbon poor systems with similar 
communities) to ~50% (in carbon rich systems). We observed that k10 increased with C0 
significantly (Kruskal – Wallis test, p < 0.05) and with H0, but the effect of increasing H0 on 
k10 saturated. The k10 increased with increasing C0 and f0 of the microbial community (Fig. 
4A), with the difference accentuated with higher C0. Both factors significantly influenced k10 
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of the system, with R2=0.75 for model I. R2 remained the same for model II, using the 
individual predictors of k10. All coefficients of both models were positive, indicating that all 
the considered factors promoted decomposition (Fig. 5A, 5B). The coefficients associated 
with microbial community characteristics in both the models (i.e.,  𝛽𝛽𝑓𝑓 , 𝛽𝛽𝑉𝑉𝑏𝑏 , and 𝛽𝛽𝑁𝑁𝑏𝑏) were in 
the range reported in experimental studies (Valentin, 2014; Toljander, 2006) (Fig. 5C).  

  

Figure 4 Ecosystem functions (defined in Fig. 2) in relation to initial functional diversity of microbial communities (f0) 
and initial carbon availability (C0, color coded). To prevent crowding of the plot area, only select examples are 
presented: C0 = 2,000 µM (poor) and C0 = 10,000 µM (rich); Vb=0.01 (similar community) and Vb=1.0 (dissimilar 
community): A) initial decay constant (k10); and B) residual carbon at the end of the simulations (Ctot,T/C0). The 
dashed line indicates the separation between similar and dissimilar communities at f0=1𝐸𝐸 − 5 𝑚𝑚𝑚𝑚𝑚𝑚2 𝑑𝑑𝑑𝑑𝑑𝑑−2. 
Regression curves presented in the panels are the result of fitting the statistical models (Section 2.4) to the full 
dataset. 

B

A
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Figure 5 A-B) Coefficients of statistical models predicting ecosystem functions: decay constant (k10), first row; 
persistent carbon (Ctot,T/C0), second row in each panel. A) Model I: Coefficients for initial functional diversity of the 
community and carbon availability (coefficients were all different from zero, p<0.001). B) Model II: Coefficients for 
number of carbon compounds (Nc), number of microbial groups (Nb), scaled variance in parameter space (Vb) and 
carbon availability (C0) (coefficients were all different from zero, p<0.001). C) Comparison of coefficients describing 
the effect of microbial community characteristics on carbon mineralization in our study (i.e., diamond for βf, star for 
𝛽𝛽𝑉𝑉𝑏𝑏 , and square for 𝛽𝛽𝑁𝑁𝑏𝑏) with those derived from experimental studies, shown as boxplot (ranging from -0.11 to 1.03, 
with interquartile range 0.14-0.23 and median 0.16; Valentin, 2014; Toljander, 2006; Bell, 2005; Tiunov and Scheu, 
2005; Setälä, 2004). 

3.2 Temporal evolution of the decay constant, microbial diversity and 
chemical diversity and persistent carbon 

Carbon availability affected the decay constant calculated at subsequent steps of 10% 
carbon loss. In most scenarios, the decay constant increased (peaking between 80% and 
30% of C0 remaining in the system) before decreasing to 0, when decomposition effectively 
ceased. Both carbon availability (C0) and the microbial community characteristics (Vb), 
influenced the temporal evolution of the decay constant significantly (Kruskal Wallis, p<0.05), 
with the decay constant increasing by a higher factor with increasing carbon availability and 
higher diversity in the microbial community. 

In carbon poor conditions, decomposition was slow and did not change systematically with 
subsequent carbon decomposition stages. Persistent carbon (i.e., the carbon remaining in 
the system at the end of the simulation period, Ctot,T/C0 in Fig. 4, Fig. 5A and Fig. 5B) in these 
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conditions was typically 20% of Ctot,0 or higher, reaching as high as 60% Ctot,0 in systems with 
highly functionally diverse microbial communities (Fig. 4B). 

Microbial community characteristics also influenced the persistence of carbon but to a lower 
extent than carbon availability. Similar communities accumulated carbon at the end of the 
simulation period, while dissimilar communities allowed for diversification of groups that 
could potentially have the ability to decompose otherwise slow-decomposing carbon 
compounds, as also evident in βV (Fig. 5B). Lastly, a larger microbial community resulted in 
higher persistent carbon per the regression analysis (Fig. 5B).  

To summarise these results, the predictability of persistent carbon was moderate (R2 = 0.57). 
All coefficients for model I were negative, indicating that carbon availability and functional 
diversity promoted decomposition, not carbon storage. This result is consistent with the 
(opposite) effects these factors had on k10 (Fig. 5B), whose predictability was high (R2 = 
0.75). In model II, the coefficients of all but one predictor (Nb) were negative, indicating that 
higher carbon availability, higher functional diversity and higher carbon availability promoted 
decomposition (Fig. 5B).  

4. Discussion 
4.1 Microbial diversity and ecosystem functions   

We proceed to discuss the relationship between microbial diversity indicators and 
ecosystem functions, with a focus on carbon decomposition kinetics. Microbial diversity was 
found to be positively related with all ecosystem functions except carbon storage (i.e., 
residual carbon). However, the coefficients of the diversity terms in our regressions were 
small. These coefficients correspond to exponents of power laws relating functions to 
diversity, and exponents lower than one imply that the effect of diversity is large at first, but 
decreases quickly as diversity increases. In other words, in systems with a small microbial 
community (low number of microbial groups) or with low diversity, even a small increase in 
diversity caused a relatively large change in ecosystem function rate, also previously noted 
experimentally by Setälä and McLean (2004) and predicted theoretically by Loreau (2001) for 
generalist communities. In contrast to similar communities, ecosystem functions continue to 
benefit from increasing diversity (no reduction of diversity effects) in the more dissimilar 
communities, consistent in behavior with the differentially specialized communities in 
Loreau (2001). 

With respect to carbon decomposition kinetics specifically, the decay constant increased 
with higher carbon availability and microbial diversity. The increase with carbon availability 
highlights the importance of nonlinear interactions between microbes and substrates—
higher available carbon promotes microbial growth that in our model feeds-back positively 
on decomposition (Eq. 1-2) (as also shown by e.g., Allison et al. (2010) with a simpler 
model). Thus, in this reaction network, the emerging kinetics are far from linear. 

Furthermore, the results of our statistical model were remarkably similar to observations 
made in previous experimental studies (Valentin et al., 2014; Toljander et al., 2006; Bell et al., 
2005; Tiunov et al., 2005; Setälä et al., 2004). This consistency suggests that our model can 
capture diversity effects on decomposition that occur in low-diversity communities. We 
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would expect that the diversity effects would become less important in highly diverse 
communities as those occurring in natural soils, because the coefficients we found (i.e., the 
exponents of the scaling relations of k10 and diversity) were smaller than one.    

To apply the derived microbial diversity ecosystem function relationships, information on 
functional diversity or numbers of microbial groups and carbon compounds should be 
available, but that information is not readily available—measuring functional diversity is 
difficult and categorizing microbial groups and carbon compounds might prove impractical 
or subjective. Therefore, one could consider using the power law model we proposed (in eqn 
(14) and in eqn (15)) to describe the relative change in diversity effects induced by a change 
in diversity: 

𝑘𝑘10 ∝ 𝑓𝑓00.10𝐶𝐶00.59; or          (18) 

𝑘𝑘10 ∝ 𝑁𝑁𝑐𝑐0.46𝑁𝑁𝑏𝑏0.02𝑉𝑉𝑏𝑏0.18𝐶𝐶00.59.         (19) 

For example, a measured proxy of microbial functional diversity could indicate a reduction of 
diversity by half after a disturbance. This would translate into a 10% reduction in decay 
constant (all else being equal, see Fig. 5A). Such scaling arguments could help parameterize 
diversity effects in soil carbon models (Abramoff et al., 2022) to improve the predictability of 
microbially-mediated carbon dynamics in soil. 

5. Conclusions 
In this study, we assessed how ecosystem functions such as decomposition rates and 
residual carbon change depending on soil microbial community functional properties and 
diversity, and with varying carbon availability. To this aim, we formulated a reaction network 
for microbial processes mediating organic matter decomposition. We concluded that carbon 
availability was a major driver of all the ecosystem functions. Furthermore, functional 
diversity of microbial communities provided clues as to the overall function of the system. 
Microbial community characteristics (in terms of size and diversity) promoted ecosystem 
functions including carbon decomposition, but their effect saturated quickly. Lastly, diversity 
of substrate carbon also promoted carbon decomposition as it provided more opportunities 
for the microbial groups present in the system to occupy different niches. Using these 
results, we propose the incorporation of a rate modifier accounting for microbial community 
characteristics, chemical diversity and carbon availability in existing soil carbon models 
using the power law formulations described in this study. 
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