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Litter
decomposition
is a globally
important C
flux

Atmospheric Carbon Pools and Fluxes

Atmosphere
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Net Atmosperic Increase
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What controls litter decomposition?
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Soil microbial communities
Proxy for matter!

decomposition

rate

251 B) Pine litter

20 | —e— Rhododendron inoculum
— 0—- Pine inoculum
e @rass inoculum

Different
microbial
communities

15

10

o
1

o

Carbon mineralizatuion rate (ug C-CQO,/h)

o

Strickland et al., 2009



So, microbial community might matter!

Aerts model, represented
in most land models
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So, if microbes matter how do we study
them?

Microbial community data + Microbially explicit models
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The data toolset to
study litter
decomposition

1.

Incubation — isolates
microbial effect

Field — highly replicated
2-year litterbag study

Modeling — what we’ll talk
about!



Litterbag studies

36 (3 litter types x 12
replicates) litterbags
deployed at each site

Soil moisture
measured at each plot

Sites vary in climate
Measured microbial

diversity in soils under
litterbags

Litter quality

Climate

Microbial
diversity



We created a litterbag version of the MIMICS
model
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We created a litterbag version of the MIMICS

model

Wieder et al., 2015
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Litter Bag C Remaining (%)

Our starting point

Adjusted decomposition scalar and

Out of the box MIMICS — historically temperature sensitive parameters
1007 P 1007 M

e ‘ S SITE
Pretty good! But are these decomposition |, - GRS
s0{ | rates right for the right reasons? - wiss
Y = ‘_ | # -+ SCBI
E | &
25 1 o 251 | TREE
= » UNDE

0 0
0 200 400 600 6 260 460 660

Day Day



Our goal is to align the drivers in the model
with drivers in the observations

An example: Observations Model output
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We want the model output to look
like the observational output
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Parameter estimation to match empirical drivers

Effect size estimates for observations

1. Monte Carlo parameter estimation — 8000
random parameter multipliers on vMOD &
kMOD (microbial kinetics) and CUE & Tau

(microbial physiology)

soil.vwe 1.6

MAT A

2. Filter out illogical parameter sets

lig_N -41.5

3. Choose 50 lowest cost parameters: cost
function minimizes differences in litter mass
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Climate

Litter ~ Microbial
guality community

We can change relative importance! But not

to match observations yet...
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Litter Bag C Remaining (%)

And we also ruin decomposition....
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Looking forward

* Looking to try new cost functions and vary the parameters were

calibrating

* If this works: test each parameter set under future climate projections
using CLM

Observations
emphasize litter
quality, microbial
community and
temperature

Predictor variables
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Thanks for listening!
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Email: katie.rocci@colorado.edu




... and these microbial communities might
be shaped by historic climate

(a) Harvard Forest, MA (HARYV)
(d) Dl'y (3 50/0 WHC) Lab Moisture
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