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Organic matter decomposition
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• It’s complicated

• Physics, biology, ecology

Modified after Schimel and Schaeffer (2011) Frontiers Microbiology
https://doi.org/10.3389/fmicb.2012.00348
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Organic matter decomposition – simplicity 
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• It’s complicated

• Physics, biology, ecology

• Yet, it’s simple

y = e-9E-04x

R² = 0.9684
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Organic matter decomposition – simplicity 
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• Linear kinetics: the more you have the 
faster it is decomposed (Salter and Green 
(1933) J. American Society of Agronomy)

•
𝑑𝐶

𝑑𝑡
= −𝑘𝐶

• What does it imply?
• One C pool

• Fixed k

• Hidden microbes

y = e-9E-04x

R² = 0.9684
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• Longer time scales, mineral soil

• Multiple pools, each with its own k: 
CENTURY, Roth-C…

• Evidence of a continuum of k

Organic matter decomposition – or complexity?
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Where are the microbes?

Schimel (2001) “Biogeochemical Models: Implicit versus Explicit Microbiology”
(Ch. 1.13 in Global Biogeochemical Cycles in the Climate System)

“The microbiology, rather than being nonexistent, is 
‘implicit.’ It is buried in the equation structure of a model 
as kinetic constants and response functions. Implicit 
microbiology is quite different from no microbiology.”



• Nonlinear kinetics

• Monod:  
𝑑𝐶

𝑑𝑡
= −𝑓 𝐶,𝑀

• Michaelis-Menten:  
𝑑𝐶

𝑑𝑡
= −𝑓 𝐶, 𝐸

• Well mixed assumption

Introducing microbes – explicitly

Monod (1949) Annual Reviews Microbiology

“The most important [assumption] is that the 
cultures should be constantly mixed, homogenized, 
and in equilibrium with the gas phase.”



• Are microbial-explicit models any better?
• Capture complex patterns at small scale

• Some advantage at global scale (Millennial R2=0.26 
vs. Century R2=0.18, Abramoff et al. 2022 SBB)

• Massive increase in prediction uncertainty (Wieder 
et al. 2018 GCB)

• Unexpected behaviors

Introducing microbes – explicitly

Macroscopic scale (~cm - larger)

Microscopic scale (~μm to mm)



• Unexpected behaviors → Erik’s talk

• Scale mismatch

• Microbial biomass or what? → Elisa’s talk

So we are stuck – a biased perspective



• Without ‘proper’ upscaling → aggregation errors 
(Rastetter et al. 1992, Ecological Applications)

The upscaling challenge
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Correct average

Biased estimateProcess rate

Process 
driver

Example:
two patches

x1, f(x1)

x2, f(x2)

We want to calculate 
the mean ҧ𝑓 using 

information on the 
mean driver ҧ𝑥 ҧ𝑥 𝑥2𝑥1
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• Soil microbes are often physically separated from their 
substrate because of spatial heterogeneity

• Soils are not ‘well-mixed’ as assumed by C cycling models, 
except at the micro-scale (<100 m)

Soil heterogeneity

Heterogeneous Well-mixed conditions at micro-scale

Raynaud and Nunan (2014) PLoS ONE
https://doi.org/10.1371/journal.pone.0087217
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• Small scale (nonlinear) kinetics of decomposition 𝑓 𝐶

• Small scale heterogeneity characterized by standard deviation 𝜎𝐶…

• Spatial averaging via Taylor expansion around the mean

𝑓 𝐶 = 𝑓 ҧ𝐶 + อ
1

2

𝜕2𝑓

𝜕𝐶2
ҧ𝐶

𝜎𝐶
2 +⋯

• Now we can derive equations for the decomposition rate at large scale

High-order terms
(correction due to heterogeneity)

Mean-field approximation
(homogeneous conditions)

Scale transition theory

Chakrawal et al. (2020) Geoscientific Model Development
https://gmd.copernicus.org/articles/13/1399/2020/

https://gmd.copernicus.org/articles/13/1399/2020/


• Multiplicative decomposition model at micro-scale

• Small scale: 𝑓 = 𝑘𝐶𝑆𝐶𝐵
• Large scale: ҧ𝑓 = 𝑘𝐶𝑆 𝐶𝐵 + 𝑘 cov 𝐶𝑆, 𝐶𝐵

Scale transition theory – example 
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cov 𝐶𝑆, 𝐶𝐵 < 0 → ҧ𝑓 < 𝑘𝐶𝑆 𝐶𝐵
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https://gmd.copernicus.org/articles/13/1399/2020/

𝐶𝑆 𝐶𝐵

https://gmd.copernicus.org/articles/13/1399/2020/


Kinetics change with scale

Mean substrate C

Microbial growth rate 
per unit biomass

Multiplicative model

Time

Chakrawal et al. (2020) Geoscientific Model Development
https://gmd.copernicus.org/articles/13/1399/2020/

• Multiplicative decomposition model at micro-scale

• Small scale: 𝑓 = 𝑘𝐶𝑆𝐶𝐵
• Large scale: ҧ𝑓 = 𝑘𝐶𝑆 𝐶𝐵 + 𝑘 cov 𝐶𝑆, 𝐶𝐵

Negative 
correlation 

between 
substrate and 

microbes

MicrobeSubstrate

𝐶𝑆 𝐶𝐵 cov 𝐶𝑆, 𝐶𝐵 < 0 → ҧ𝑓 < 𝑘𝐶𝑆 𝐶𝐵

https://gmd.copernicus.org/articles/13/1399/2020/


• Biomass (Monod)

• Extracellular enzymes (Michaelis-Menten)

• Richness

• Functional diversity

Microbial biomass or what?

Multiple datasets: Setala et al. (2004), Valentin et al. (2014), 

Bell et al. (2005), Toljanderet al. (2006)

Theory predicts diversity should have 
a positive effect on decomposition 
(though saturating at high diversity)
Loreau et al. (2001), Proceedings Royal Society London B



• Depolymerization

• Carbon uptake

• Microbial growth

• Respiration

• Mortality

• Random parameter values

• Diversity is manipulated by changing 
the number and traits of the microbial 
groups

Let’s test diversity effects
𝐶1

𝐶𝑖

𝐶𝑛𝑐

𝐵1

𝐵𝑗

𝐵𝑛𝐵

𝐶𝐵

…
… …

𝐶𝑖+1

𝐸𝑖,𝑗

…
𝐵𝑗+1

Khurana et al. (2023) Ecological Modelling
https://doi.org/10.1016/j.ecolmodel.2023.110507

Microbial groupsSubstrates

https://doi.org/10.1016/j.ecolmodel.2023.110507


• Faster decomposition when:

• More microbial groups (high Nb)

• More functionally diverse microbes (high Vb)

• More carbon (high C0)

• Effect on decomposition

Diversity matters

Khurana et al. (2023) Ecological Modelling
https://doi.org/10.1016/j.ecolmodel.2023.110507

𝑘~𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦𝛽𝑓𝐶𝛽𝐶
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• Microbes drive C and nutrient cycling

• We know how to model them in idealized conditions

• Challenges when implementing this knowledge in C and nutrient cycling 
models (especially at large scale) because:

• Nonlinear models exhibit complex dynamics

• Decomposition kinetics change with scale

• Decomposition should increase with microbial diversity

• Next steps: 

• Why microbial communities change (Elsa Abs…)

• Integration of physics and biology (Philippe Baveye, Jinyung Tang…)

Take home
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