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Particulate (POC) and mineral-associated organic carbon (MOC) are measurable carbon pools with distinct
function. Their turnover properties have been rarely assessed because of their contrasting stabilization and
destabilization processes and the difficulty of in situ monitoring. In this study we used two carbon models (a
three-pool and a four-pool model) driven by measured POC, MOC and a more resistant charred organic carbon
(COC) pool to obtain insights into the turnover of POC and MOC and to predict long-term soil organic carbon
(SOC) dynamics. The models were constrained by measurements of POC, MOC and COC at 159 long-term trials
(average trial duration is 22 years) across Australian agricultural regions. Results showed that POC-, MOC- and
COC-constrained models, particularly the three-pool model, have less parameter collinearity and predict less
uncertainties in most model parameters as well as in SOC dynamics and its vulnerability, compared with the
models constrained by total SOC alone. The three-pool model estimated an average decay rate of 0.46 and 0.044
yr~! for POC and MOC, respectively, across the trials. The four-pool model provided additional insights that on
average a large fraction of MOC (28% on average across the trials) is physically protected against decomposition,
and the remaining fraction is labile with an average decay rate of 0.068 yr~'. The existence of protected MOC
results in prolonged overall residence time of MOC. Additionally, we found that the turnover of POC and MOC
are distinctly influenced by climate and soil properties with involvement of non-linear relationships. These re-
sults shed new lights on the dynamics of measurable functional SOC pools and demonstrate that models con-
strained by these pools can provide more accurate predictions of model parameters thereby more accurate
projections of SOC dynamics compared to models constrained by total SOC only.

1. Introduction

Soil organic carbon (SOC) is an indicator of soil health (Lal, 2016),
and increase of SOC stock not only mitigates climate change (Paustian
et al., 2016) but also improves soil functionality (e.g., soil fertility and
thus agricultural productivity) (Lal, 2004; Wiesmeier et al., 2019). For
effective SOC sequestration and management, SOC models are a com-
mon tool for making SOC predictions and guiding policy. A large
number of models such as RothC (Jenkinson and Rayner, 1977), Century
(Parton et al., 1988), ICBM (Andrén and Katterer, 1997) have been
developed, and SOC pools are the basis of these SOC models (Luo et al.,

2016; Sulman et al., 2018). Generally, in these models SOC is divided
into several conceptual pools that are simulated by first-order kinetics.
Pool sizes and their turnover are crucial to correctly simulate SOC dy-
namics but are usually empirically derived for model initialization,
without explicit consideration of the mechanisms underpinning their
turnover or transfer between different pools. To overcome these chal-
lenges, using measured SOC fractions has been proposed (Smith et al.,
2002), which try to link conceptual SOC pools to their measurable
counterparts (Skjemstad et al., 2004; Zimmermann et al., 2007; Lee and
Viscarra Rossel, 2020). Nonetheless, the potential distinct turnover be-
haviours of the measured fractions and underlying controls (Luo et al.,
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2020; Lugato et al., 2021) have been rarely considered in relevant model
applications.

Emerging conceptualization of functionally contrasting SOC pools
considers their specific stabilization and destabilization mechanisms
(Cotrufo et al., 2019; Viscarra Rossel et al., 2019; Luo et al., 2020;
Lugato et al., 2021). Lavallee et al. (2020) recommended the separation
of SOC to two such pools: particulate (POC) and mineral-associated
organic carbon (MOC), and detailed the fundamentally contrasting
mechanisms underpinning their formation, persistence and function. In
brief, POC is mainly comprised of fragments of plant materials (unde-
composed or partially decomposed), nutrient-poor, and has a customary
particle size of >53 pm, while MOC mainly consists of microbial- and
plant-origin with low molecular weight, relatively nutrient-rich, and has
a customary particle size of <53 pm. Another fundamental difference is
that MOC can be physically protected from decomposition via associa-
tion with soil minerals, but POC cannot. That means microbes can only
use free MOC that is dissociated from minerals. For these reasons, POC
and MOC would present distinct turnover behaviours and responses to
climate and environmental changes. By synthesising European-wide
measurements of POC and MOC, indeed, Lugato et al. (2021) found
that POC and MOC show different vulnerability to climate change. One
of our previous studies using temporal measurements of POC and MOC
in Australian agricultural regions also found that POC and MOC show
distinct temporal dynamics in response to land use changes (Luo et al.,
2020). However, the detailed turnover properties such as decay rates of
POC and MOC, physical protection processes underpinning MOC stabi-
lization/destabilization and their environmental controls have not been
quantitatively assessed. The primary barrier is the lack of long-term data
sets and the difficulty to directly measure those processes in situ.
Without this information, it would be difficult to obtain reliable SOC
predictions to identify suitable management practices for long-term
carbon sequestration. Integrating state-of-the-art knowledge of the
functionally distinct POC and MOC fractions and relevant temporal
measurements into process-based SOC modelling would improve our
confidence on SOC predictions and deepen our understanding of POC
and MOC turnover.

In this study, we used two SOC models primarily driven by temporal
measurements of POC, MOC and COC (Fig. 1). The three-pool model
(M3) generally follows the same structure of ICBM (Andrén and
Katterer, 1997), treating POC, MOC and COC as three distinct pools, and
the dynamics of POC and MOC are simulated as a first-order decay
process and COC is treated as a resistant pool (Fig. 1a). In the four-pool
model (M4), MOC is further divided into labile MOC (MOC;, which is
readily available for decomposition) and protected MOC (MOC,, which
is physically protected against decomposition, Fig. 1b) to acknowledge
the importance of physical protection in MOC dynamics, and the transfer
between MOC, and MOC, is simulated as a dynamic adsorption-
desorption process (Fig. 1b). Our aim was to demonstrate the impor-
tance of modelling functionally distinct SOC pools and bring relevant
insights into the understanding of the turnover processes underpinning
POC and MOC dynamics. The two models (M3 vs M4) also allow us to
assess how model structure/complexity influences the estimation of
model parameters and prediction accuracy.

2. Materials and methods
2.1. Soil carbon dataset

The legacy data collected from 176 trials at 74 sites across Australian
agricultural regions (Skjemstad and Spouncer, 2003) were used. In this
study, only were the trails with experimental duration of longer than
five years included (159 trials at 69 sites, Fig. S1). These trials cover
important agricultural management (e.g., cereal croplands, pasture and
pasture-crop rotations) and agro-ecological regions in Australia with an
average trial duration of 22 years. A detailed description about the trials
and data can be found in Skjemstad and Spouncer (2003).
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Fig. 1. Diagram of two models driven by functionally distinct soil carbon
fractions. (a) M3 simulates three carbon pools (i.e., POC, MOC and COC). (b)
M4 simulates four carbon pools and divides MOC into labile fraction readily
available for decomposition (MOC)) and protected fraction against decompo-
sition (MOGy), and the dynamics of MOC; and MOG;, are simulated as a dynamic
adsorption (k,gs) and desorption (kges) process. Charred organic carbon (COC) is
assumed to be resistant to decomposition and treated as a constant in both
models. See Table 1 for the details of model parameters.

For each trial, aboveground plant residues (Mg dry mass ha~! yr™1)
retained was recorded for each experimental year and converted to
carbon using a factor of 0.45. At each time point of measurements, soil
cores (up to 80 cores depending on trials) were randomly sampled from
the experimental field. Then, a composite bulk sample was produced by
thoroughly mixing all the cores to measure SOC and its composition.
Total SOC stock (Mg C ha™') in the 0-30 cm soil layer and its three
component fractions [POC, MOC and charred organic carbon (COC)]
were determined, at a minimum, at the start and end of each trial. Here,
we would like to note that in most Australian ecosystems due to frequent
perturbation by fire, COC is a critical component of total SOC (Schmidt
et al.,, 1999; Jones et al., 2019). COC has a poly-aromatic chemical
structure and is chemically recalcitrant to decomposition with a resi-
dence time ranging from centuries to millennia (Skjernstad et al., 1999;
Baldock et al., 2013). Separating COC from total SOC enables more
accurate quantification of POC and MOC and eliminating its potential
confounding effects on POC and MOC dynamics. The three fractions
were derived by physical fractionation, photo-oxidation and *C NMR
spectroscopy (Skjernstad et al., 1999; Skjemstad et al., 2004). Briefly,
soil samples were dispersed and then sieved into a coarse fraction (53
pm-2 mm) and a fine fraction (<53 pm). Total organic carbon (TOC)
present in each fraction, respectively, was determined using the LECO
combustion furnace method. COC content was determined for each
fraction with photo-oxidation and 13C NMR spectroscopy. Then, POC (i.
e. TOC in the coarse fraction excluding COC) and MOC (i.e. TOC in the
fine fraction excluding COC) were calculated as the TOC in the coarse
and fine fractions excluding COC in that fraction, respectively. This SOC
fractionation procedure has been successfully used to quantify SOC
composition in Australia (Viscarra Rossel et al., 2019). The approach
used to measure POC and MOC here align well with the framework
proposed by Lavallee et al. (2020).
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2.2. Carbon models driven by POC, MOC and COC

A parsimonious SOC model was designed to simulate the dynamics of
POC and MOC (the M3 model, Fig. 1a). As COC is chemically resistant to
decomposition (Skjernstad et al., 1999; Baldock et al., 2013) and was
very stable at different time points of measurements at the same site, the
model does not explicitly simulate COC but treats it as a constant esti-
mated as the average of time-course measurements in each trial. The M3
model is written as:

dPOC
=1 — kpoc-POC, (€9)
dt
dM
dtOC = C'kpoc -POC — kMOC -MOC (2)

where I is the carbon input in Mg C ha™?, kpoc the decay rate of POC
(yr 1), e the transfer coefficient of decomposed POC that is recycled to
MOC (unitless), kyoc the decay rate of MOC (yr_l).

There is evidence that a fraction of MOC is protected from decom-
position because of its binding with minerals and/or other protection
processes (Lavallee et al., 2020). To take into account this, another
four-pool model (the M4 model, Fig. 1b) was developed to include a
labile pool of MOC (MOC)) which is readily available for decomposition.
The remaining fraction of MOC is considered as a protected pool
(MOC,). The Langmuir isotherm (Ahrens et al., 2015) was used to
simulate the transfer (i.e., adsorption/desorption processes) between
MOC; and MOGC,,. In the M4 model, POC is simulated as in M3, but
equation (2) is revised to:

M
d d?c‘ =e-kpoc - POC — knioci - MOC| — kygs * (Qpex — MOG, ) - MOC, 3
+KaesMOG,,,
and, the dynamics of MOC,, are simulated as:
dMOC
m 2 =Kags * (Quax — MOGCy) - MOC) — kge-MOG,, “@

where kyoc is the decay rate of MOC; (yr’l), Qmax the maximum MOC
sorption capacity of the soil (Mg C ha 1), kags the adsorption coefficient
(yr’l), and kges the desorption coefficient (yr’l, Table 1). At any time (i.
e., year in this study), MOC is the sum of MOC; and MOC;:

MOC =MOC; + MOC,. )

The two models (M3 and M4) do not explicitly consider the effect of
environmental attributes. Rather, trial-specific parameter values were
determined via optimization (see Data assimilation section). This
simplification implicitly assumes that model parameters could vary
across space and trials due to the variance of soil and climate conditions
and management. The study sites cover most Australian agricultural

Table 1
Model parameters and their prior ranges used for model optimization.
Parameter Description Unit Lower Upper
Limit Limit
kpoc Decay rate of POC yr—! 0.1 1
e Fraction of decomposed POC - 0.1 0.9
recycled to MOC
kyoc Decay rate of MOC in M3 model yr—! 1x107° 0.1
(MOC, in the M4 model)
fuoat Initial fraction of labile MOG - 0 1
fraction in total MOC (M4 model
only)
Qrmax Maximum adsorption capacity of =~ Mg C 0 200
MOC; (M4 model only) ha!
Kads Adsorption coefficient of MOC; yr! 0 0.2
(M4 model only)
Kes Desorption coefficient of MOC,, yr ! 0 0.2

(M4 model only)
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areas (Fig. S1). With these data, the two models provide an opportunity
to assess how optimized model parameters, which reflect the turnover
behaviour of POC and MOGC, are influenced by model structure and vary
across the trials with the consideration of trial-specific management
practices (e.g., crop-pasture rotation) and local environmental
conditions.

2.3. Data assimilation

Using the measurements of SOC fractions in each trial, Bayes’ the-
orem was used to optimize model parameters (i.e., kpoc, e and kyoc for
the M3 model, kpoc, e, kmocl, Kads, kdes and gmax for the M4 model) and
initial conditions (Luo et al., 2011, 2017a). We ran the models at yearly
time step to capture the observed temporal changes in POC and MOC.
For each trial, the sum of the probability density of predictions (6) was
maximized to achieve the best agreement between model predictions

and observations:
2
exp( _bo ) ) , ©

0=
2~(5j2_i

P) pR -
=1 = 24712‘(5%

where B is the observed jth variable (i.e., POC or MOC) of ith obser-
vations, oj; is the standard deviation of jth variable of ith observations
which was assigned to be 5% of y;; as it was not reported in the dataset,
X;; is the corresponding model predictions, n is the sample size of ob-
servations in the trial. Model parameters were assumed to be distributed
uniformly within their prior ranges (Table 1).

In the models, new carbon inputs were estimated as the sum of
aboveground residue carbon retained and root carbon was estimated as
40% of total aboveground carbon (yield + residue) (Pausch and
Kuzyakov, 2018). The initial fraction of POC and MOC in TOC was
assigned according to measurements. For the M4 model, the initial
fraction of labile MOC; in total MOC (fymoc)) was optimized with other
model parameters. Posterior probability distributions of parameters
were obtained using the differential evolution adaptive metropolis
(DREAM) algorithm by running three Markov Chain Monte Carlo
(MCMC) chains (ter Braak and Vrugt, 2008; Vrugt and Ter Braak, 2011).
Gelman-Rubin diagnostic index (G) was used to determine the conver-
gence of MCMC simulations (Brooks and Gelman, 1998). If within-run
variation within each MCMC chain is equal to the between-run varia-
tion among chains (i.e., G = 1), the simulations have converged. How-
ever, G cannot reach the exact value of 1. Here, we set a threshold of
1.01 for all parameters. That is, if G is less than 1.01 for all parameters,
the MCMC simulations were considered to have converged. The MCMC
was run using the runMCMC function in package BayesianTools in R
version 4.1.2 (https://www.r-project.org/).

To explore the potential influence of using measured SOC fractions
on model parameters as well as on model outputs, we also optimized the
two models using only TOC. The two models were optimized using the
same data assimilation approach as described above, but the initial
fractions of POC, MOC and COC in TOC in both models were optimized
with the other model parameters rather than assigned directly based on
measurements. The optimized model parameters and performance of the
two model configurations (i.e., optimization using TOC only vs using
measured POC, MOC and COC fractions) on simulating POC, MOC and
TOC were compared. Hereafter, data assimilation using measured frac-
tions vs using TOC alone for the M3 model were referred as M3gaction VS
M3oc. For the M4 model, they were referred as M4action VS M4toc. For
each trial, we calculated parameter uncertainty quantified as the dif-
ference between 97.5% and 2.5% quantiles of the posterior distribution
for each parameter, and compared this uncertainty between the two
model configurations for the two models (i.e., M3gqaction VS M31oc, and
M4 faction VS M4toc). A paired t-test was conducted to test whether the
uncertainty was significantly different (P < 0.05) across the trials.

Based on the posterior parameter matrix (each row includes one
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ensemble of optimized parameters), a collinearity index y in each trial
was calculated to indicate parameter identifiability (Brun et al., 2001):

1

| s e @
\/min(EV [P P])

and,

By= ®

ij )
2
V2

where P is the matrix of posterior parameter ensembles, EV estimates
the eigenvalue of the matrix. This collinearity index means that the
fraction of 1—1/y of a change in modelling results caused by a change in
one parameter can be compensated by an appropriate change of other
parameters. If y = 1 (i.e., 1—1/y = 0), parameters are identifiable; if y =
o0, parameters are linearly dependent and non-identifiable. Typically, y
> 10 is chosen to indicate that parameters are poorly identifiable (Brun
et al., 2001). The collinearity index was calculated using the function
collin in the package FME (Soetaert and Petzoldt, 2010) in R 4.1.2. In
addition, we conducted pairwise correlation analysis to assess the
covariance among parameters in each trail.

2.4. Environmental controls on model parameters

Multivariate linear regressions were conducted to evaluate the ef-
fects of environmental factors [which were also derived from Skjemstad
and Spouncer (2003) and include mean annual temperature and pre-
cipitation (MAT and MAP), agricultural management indicated by the
fraction of pasture in the rotation system (fPasture), soil bulk density
(BD), soil clay content, soil pH, soil SiO2, Al,03 and Fe;O3 content] on
the mean of posterior distribution of model parameters under M3action
and M4g,ction, respectively. The variables were selected to determine
those that better explained the optimized parameter values by
backward-selection method based on adjusted determinant coefficient
(R?). Before fitting the model, all variables were standardized using
z-score. Besides the multivariate linear model, a boosted regression tree
(BRT) analysis was also conducted using the same set of environmental
factors to account for interactions and nonlinear relationships between
the variables (Elith et al., 2008). The BRT is a type of machine-learning
algorithm that combines regression trees and boosting. It can identify
the relative importance (RI, i.e., percentage influence or contribution) of
individual explanatory variables compared to other variables (Elith
et al., 2008). The BRT model was performed using the function gbm.step
in the package dismo in R 4.1.2.

2.5. Quantification of uncertainty in SOC predictions

We sampled 200 parameter ensembles from the posterior parameter
distribution to conduct simulations to explore the effects of modelling
SOC fractions on SOC predictions. For both models (M3 and M4), using
model parameters optimized using the two model configurations
(M3fraction VS M31oc, and M4gaction VS M4toc) for each trial, respectively,
the model was run for 100 years with carbon inputs being equal to the
average of observed values during the trial. The vulnerability of SOC
indicated by POC/(MOC + COC) (Viscarra Rossel et al., 2019) was
calculated. The percentage uncertainty of simulated TOC and vulnera-
bility at the end of the 100-year simulation in each trial were calculated
as:

_ Q97.5 — QZ.S

50

U x 100%, ©)

where Q3.5, Qs and Qg7 5 are the 2.5%, 50% (i.e., median) and 97.5%
quantiles of the simulated TOC and vulnerability in the 200 simulations.
Paired t-test was conducted to assess whether the simulated TOC and
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vulnerability were significantly different (P < 0.05) between Mfraction
and Mroc.

3. Results
3.1. Model performance

Pooling together all data from the 159 trials, optimized M3 and M4
models driven by POC and MOC (i.e., M3gaction and M4 gaction) €xplained
98% (P < 0.001) of the variance in observed TOC (Figs. 2a and 3a). In a
trial at Brigalow as an illustrative example, it is clear that the optimized
models well captured the temporal dynamics of observed TOC (Figs. 2b
and 3b). In term of POC and MOC, the M3 model optimized using
measured POC and MOC (i.e., M3gaction) explained 89% and 95% of
their variances, respectively (Fig. 2c,e), while the M4 model (i.e.,
M4raction) €xplained 89% and 97%, respectively (Fig. 3c,e). The tem-
poral dynamics of POC and MOC in all trails were also well simulated by
M3fraction and M4gaction as illustratively demonstrated by the results in a
trial at Brigalow (Fig. 2d,f and 3d,f). When the models were optimized
using TOC alone (M31oc and M4toc), both models could explain 98% of
the variance of TOC (Figs. 2a and 3a), but neither could capture POC and
MOC dynamics (Fig. 2c,e and 3c,e). Specifically, M3po¢ only explained
7% and 35% of the variance of POC and MOGC, respectively (Fig. 2c,e),
while M4poc explained 1% and 22%, respectively (Fig. 3c,e). The
illustrative example at Brigalow also shows that simulated POC and
MOC by M3r1oc and M4roc varied widely and could not capture the
temporal dynamics of the two fractions (Fig. 2d,f and 3d,f).

3.2. Posterior parameter distributions and parameter identifiability

For the M3 model, uncertainties in kpoc and e were significantly
reduced across the trials under M3gqaction compared with that under
M3oc (Fig. 4a). For the M4 model, the uncertainties in five of the seven
parameters (kpoc, €, Kdes, qmax and fuvoc)) were significantly reduced
under M4action compared with that under M4rtoc, but the uncertainties
of other two parameters (kyoc) and kaqs) were significantly increased
(Fig. 4a). In terms of the average of the posterior distribution of each
parameter in each trial, its distribution across the trials was also
significantly different between M3toc and M3faction for all three pa-
rameters (Fig. 4b). In general, model parameters varied widely across
the trials irrespective of model structure and configuration approach.
Under M3faction, averaging across the trials, median kpoc, e and kyoc
were estimated to be 0.46 yr !, 0.36 and 0.044 yr!, respectively. Under
M4iaction, averaging across the trials, median kpoc, €, kmocl, Kads, Kdess
Gmax, and fyoc1 were estimated to be 0.46 yr‘l, 0.28,0.068 yr_l, 0.0072
yr %, 0.10 yr~!, 40 Mg C ha™! and 0.72, respectively. Fig. 4c shows an
illustrative example of posterior distribution of model parameters in a
trial at Brigalow. M3gaction and M4gaction reduced the uncertainties in
parameters of M3 and M4 models, respectively (Fig. 4c).

Optimized model parameters under M3gction ON average presented
the lowest collinearity across the trials, followed by M31oc, M41oc and
M4racetion (Fig. 6). Especially, parameter collinearity did not show sig-
nificant difference between M4r1oc and M4action (Fig. 6). In terms of
pairwise correlations between optimized model parameters, across the
trials, the correlation of kpoc with e was much weaker under M3faction
than under M3toc with an average correlation coefficient of 0.02 and
0.1, respectively (Fig. 5). However, the positive correlation between e
and kyioc became stronger under M3faction, With an average correlation
coefficient of 0.83 and 0.39 under M3¢action and M3rgc, respectively.
For other parameters under M31o¢ that were not required to be opti-
mized under M3g,ction, Doth negative and positive correlations were
common (Fig. 5). Particularly, in some trials, the correlation between e
and fpoc was strong with correlation coefficients of greater than 0.5. For
the M4 model, the correlation of kpoc with other parameters was weaker
under M4 ,ction than under M4roc (Fig. S2). However, M4gqction did not
consistently reduce the correlation between other variables compared
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Fig. 2. Model performance of the three-pool model
b (M3). Left panels (a, ¢ and e), the relationship be-
tween modelled and observed total soil carbon (TOC)
and its fractions (i.e., POC and MOC) simulated by
models constrained by all C fractions (M3gaction,
green circles) and TOC alone (M3roc, grey circles).
Modelled values are the average of 200 simulations
using 200 parameter ensembles sampled from poste-
rior parameter distributions. Brown circles highlight
the observed values in a trial as demonstrated in the
right panels. The dashed lines show the 1:1 line. Right
panels (b, d and f), a demonstrating example of
modelled temporal carbon dynamics using 200
parameter ensembles constrained by carbon fractions
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with M4toc (Fig. S2).

3.3. Environmental controls over optimized model parameters

Focusing on the median of posterior parameter values optimized
under M3faction and M4acion, multivariate linear regression suggested
that 37% of the variance of kpoc across the 159 trials could be explained
by the selected variables (Fig. 7a). Soil Fe;O3 and SiO contents were the
most important variables positively affecting kpoc under both M3action
and M4action (Fig. 7a). For e and kges under M4gaction, 38% and 49% of
their variances, respectively, could be also explained. Particularly, e
showed the strongest negative association with soil Fe;O3 and SiOg
contents, and kges showed positive correlation with clay and SiO5 con-
tents. For all other parameters regardless of model configuration

10 15 20

Trial duration (yr)

approach, the linear regression could only explain <30% of their vari-
ances (Fig. 7a). Compared to the multivariate linear regression, the BRT
model could explain more variances of the optimized parameter values
(Fig. 7b). For example, the selected variables could explain 77% of the
variance of kppc, while MAT (which alone contributed 24% to the
explained variance) and BD (21%) were the two most important vari-
ables under both M3 action and M4action (Fig. 7b). For e and kges under
M4ractions the selected variables could explain more than 60% of their
variances, while MAP was the most important for both parameters
(Fig. 7b).

3.4. Prediction uncertainties

Predictions of both TOC and its vulnerability, using M3gaction and
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Fig. 3. Model performance of the four-pool model
(M4). Left panels (a, ¢ and e), the relationship be-
tween modelled and observed total soil carbon (TOC)
and its fractions (i.e., POC and MOC) simulated by
models constrained by all C fractions (Mgaction, green
circles) and TOC alone (Mroc, grey circles). Modelled
values are average of simulations using 1000 param-
eter ensembles sampled from posterior parameter
distributions. Brown circles highlight the observed
values in a trial as demonstrated in the right panels.
Right panels (b, d and f), a demonstrating example of
modelled temporal C dynamics using 200 parameter
ensembles (lines). The dashed lines show the 1:1 line.
(For interpretation of the references to colour in this

figure legend, the reader is referred to the Web
version of this article.)
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M4fraction OVer the 100-year simulations, were less uncertain compared
to M31oc and M4roc, respectively (Fig. 8). In a trial at Brigalow, for
example, TOC ranged from 21 to 37 Mg ha ! at the end of the 100-year
simulation under M3gaction, While it ranged from 17 to 81 Mg ha~! under
M3roc (Fig. 9a). The potential vulnerability of TOC calculated with
M3fraction and M4 action Was also less uncertain than that of M3toc and
M4toc, respectively (Fig. 9b,d). Across the 159 trails, overall, M3faction
predicted significantly lower median TOC (i.e., 50% quantiles of the 200
simulations at each trial) than M3rtoc, while M4 action and M4roc pre-
dicted comparable median TOC (Fig. 8a). However, the uncertainty
under both M3faction and M4gaction Was significantly smaller than that
under M3poc and M4toc (Fig. 8b). Both M3gaction and M4gaction Pre-
dicted significantly higher but much less uncertainty in vulnerability
than M3toc and M4rqc, respectively (Fig. 8d). It is also noteworthy that,

10 15 20

Trial duration (yr)

among the two model structures and two configurations, M3faction
consistently predicted the lowest uncertainty in both TOC and its
vulnerability (Fig. 8).

4. Discussion
4.1. POC and MOC turnover behaviours

M3fraction and M4raction models predicted the same decay rate of POC
with an average of 0.46 yr ™! (i.e., ~2 years in terms of residence time)
ranging from 1 to 10 years across the 159 trials. This estimation of ~2
years of POC residence time is in the same order of the estimate of ~7
years by other authors (Skjemstad et al., 2004; Baldock et al., 2013). For
the decay rate of MOC, M3gction Predicted an average value of 0.044
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Fig. 4. Parameter uncertainties and posterior distributions in the M3 and M4
models. a, the distribution of parameter uncertainty (i.e., the difference be-
tween 97.5% and 2.5% quantiles of the posterior distribution of model pa-
rameters) across the 159 trials using measured carbon fractions (green colour,
M3fraction and M4action) and TOC alone (grey colour, M3toc and M4roc). b, the
distribution of the median of posterior model parameter distribution across the
159 trials. ¢, an example demonstrating the posterior distribution of model
parameters in a trial at Brigalow. *, significantly different at the level of P <
0.05. Black and red ticks show the mean and median, respectively. All values
are normalized to the range from O to 1 by dividing the values shown in the
corresponding parentheses, which are the upper limits of the prior distribution
of the parameter shown in Table 1. (For interpretation of the references to
colour in this figure legend, the reader is referred to the Web version of
this article.)
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yr~! (which is equivalent to a residence time of 22 years), which is also
similar to that predicted by Skjemstad et al. (2004) and Baldock et al.
(2013). It should be noted that the decay rates of POC and MOC were
derived from in situ measurements of POC and total MOC fractions.
Thus, the maximum potential decay rates of the two pools at optimal
environmental conditions could be faster. Indeed, our analyses indicated
that kpoc was regulated by a number of environmental factors with
strong linear association with soil SiO3 and FeoO3 contents which reflect
soil minerology (Fig. 7a). However, when taking into account nonlinear
relationships and interactions, MAT and BD were identified to be the
two most important individual variables (Fig. 7b). Similarly, MOC dy-
namics were also influenced by various environmental factors but more
difficult to be explained. Particularly, MAP consistently showed the
strongest effect on kyoc (kmoct)s Kdes, gmax- These results suggest that
various direct and indirect but distinct processes are involved in POC
and MOC dynamics (Luo et al., 2020; Mao et al., 2022).

M4fraction Simulations provided additional insights into MOC dy-
namics, and supported the knowledge that a large fraction of MOC is
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Fig. 6. Parameter collinearity (y) in two models and under two configurations.
Boxplots show the median and interquartile range with whiskers extending to
1.5 times of the interquartile range. Grey horizontal line shows the threshold
value of poor identifiability, i.e., y = 10. Different capital letters indicate sig-
nificant difference at P < 0.05. Some extreme large values of y are
not presented.

Fig. 5. The distribution of pairwise correlation co-
efficients between model parameters within the 200
posterior parameter ensembles in the M3 model
across the 159 trials. Black and red ticks show the
mean and median, respectively. Some parameters are
not needed to be optimized under M3g,ction, and thus
; the distributions of their correlation coefficients with
= other parameters are unavailable. (For interpretation
of the references to colour in this figure legend, the
| reader is referred to the Web version of this article.)
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trees. Numbers in the parentheses show the coefficient of determination (i.e.,
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predictor is not included in the model.

inaccessible to microbial decomposition due to physical protection such
as organo-mineral binding and occlusion within soil aggregates (Dungait
et al., 2012; Luo et al., 2017b; Lavallee et al., 2020). Indeed, M4faction
predicted that on average 28% of MOC (fyoci = 0.72, i.e., 28% of MOC is
MOC,) is unavailable for decomposition, which can also be verified by
long-term field observations focusing on bare soils. A series of studies
have found that, after decades of zero soil carbon inputs (i.e., bare soil),
soil carbon loss is stable and small following the larger carbon loss at the
start of the experiment, but can be subsequently stimulated by tillage
(Balesdent et al., 2000; Plante and McGill, 2002). Such physical soil
disturbances (e.g., tillage) destruct soil matrix (e.g., soil aggregates and
organo-mineral associations) therefore exposing protected SOC to mi-
crobial decomposition. Direct empirical measurements on the underly-
ing protection processes and how these processes respond to
management and environmental changes will be essential for MOC
predictions under frequent disturbance that influences MOC protection
processes.

The M4 modelling results supported the idea that MOC saturates due
to finite amount of mineral specific surface area onto which MOC can
stabilize (Six et al., 2002; Stewart et al., 2007), reflected by the
parameter qmax Which defines the maximum adsorption capacity. If a
soil reaches its maximum protection capacity, no more MOC can be
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protected (i.e., MOC saturation) and overall SOC stability will decrease
(Feng et al., 2014). Our estimation of this capacity on average is ~40
Mg C ha! (Fig. 4b), which is in line with the observed maximum MOC
stock of 20-45 Mg C ha 'in Europe (Cotrufo et al., 2019). However, it
should be noted that the estimated capacity by the model varies widely
across the trails ranging from <3 to >40 Mg C ha™!. This result may be
due to the diverse climate and soil conditions as well as agricultural
management (Fig. 7). Indeed, some studies have demonstrated that both
land management and climatic condition influence SOC saturation
(Angers et al., 2011; Wiesmeier et al., 2018). After reaching such satu-
ration, if more MOC is produced due to any reasons (e.g., microbial
debris replenishment), these additional MOC will be subject to rapid
decomposition (e.g., at the rate of ~0.069 yr’1 estimated by M4gaction)
rather than accrual. As both POC and MOC; are potentially more
vulnerable to decomposition (i.e., fast decay rates), MOC protection
capacity of soil would be the bottleneck of long-term SOC sequestration
in the MOC pool, and effective management of the two pools will be
essential.

4.2. Insights into pool-based SOC modelling

Our results demonstrated that POC, MOC and COC measurements
can promote accurate simulation of the dynamics of individual pools in
pool-based models. Using measured fractions have advantages over-
coming several challenges in conceptualizing, initializing and/or
parameterizing SOC pools (Skjemstad et al., 2004; Zimmermann et al.,
2007; Lee and Viscarra Rossel, 2020; Abramoff et al., 2022; Dangal
et al., 2022). For example, verifying pools with slow decay rates in most
pool-based models is usually empirically impossible due to that most
experiments do not last long enough to collect required data. This would
result in great uncertainties in predictions of the slow pool which usually
accounts for the majority of total SOC pool (Balesdent et al., 2018). COC
is clearly defined as biologically recalcitrant chemical fractions (Baldock
et al., 2013), facilitating initialization of the slow pool. Additionally,
conventional pool-based simulations commonly depend on
model-fitting techniques to derive the sizes of most pools rather than
using measured pools to directly test model performance of simulating
individual pools. Our results (M31o¢ VS M3faction and M4roc vs M4gac.
tion) demonstrate that this fitting cannot capture real dynamics of POC
and MOC. This mismatch is the direct reason underlying the larger un-
certainties in terms of both TOC and its vulnerability in M3roc and
M41oc predictions compared with M3gaction and M4raction (Fig. 8).
Pool-based models are a key tool to project SOC dynamics. Temporal
measurements of functionally distinct SOC fractions like POC, MOC and
COC can reduce uncertainties in the estimation of decay rates of pools as
well as the transfer between pools (Fig. 4). Models explicitly simulating
functionally distinct SOC pools with explicit consideration of stabiliza-
tion and destabilization processes underpinning their dynamics are
particularly important under global change as global change factors (e.
g., warming, land use transition and changed drying-wetting cycle) can
modify the processes involved in the dynamics of different pools (Luo
et al., 2020; Lugato et al., 2021).

Although the two models used in this study are simple, the relevant
results regarding the collinearity among and identifiability of model
parameters and uncertainties induced by such identifiability may be
general for pool-based models. First, it is reasonable to expect that if a
simple model has the identifiability issue, more complex models may
suffer from the issue more seriously. Our results indeed provide direct
evidence that parameters in the four-pool model regardless of M4¢action
and M4 are less identifiable compared with in the three-pool model
(Fig. 7). Shi et al. (2018) also demonstrated that complex carbon models
amplified the uncertainties in predicted soil carbon dynamics in
response to climate change. Although increasing model complexity may
improve realism (e.g., reflecting physical protection process of MOC in
this study), it is vital to consider parameter identifiability for assessing
prediction accuracy (Luo et al.,, 2017a; Marschmann et al., 2019).
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Second, observational data aligning with model requirement is usually
limited, particularly for complex models, hindering empirical model
initialization and parameterization. It is easy to increase model
complexity by including more pools or explicit processes. Our results
demonstrate that increase of complexity (M3 results vs M4 results) does
not improve model performance, if observed data does not increase
correspondingly (Fig. 2 vs Fig. 3). This result is line with a modelling
study using 16 different models of carbon cycle with different model
complexity (Famiglietti et al., 2021). However, it should be highlighted
that using POC, MOC and COC for model optimization significantly
reduced uncertainties in predictions of SOC dynamics by both M3 and
M4 (Fig. 8). To determine model complexity, we should consider the
trade-off between data demand (which includes not only data amount
but also the type of data) by models and data supply by observations
(Luo et al., 2009).

4.3. Limitations and uncertainties

The models used in this study have some limitations. First, it relaxes
the deterministic response of model parameters to environmental sca-
lars, such as soil temperature and moisture response functions formu-
lated in most models. The fitted parameter values reflect the integrated
effects of environmental variables. A fundamental reason to do so is that
functions modifying model parameters may not precisely capture their
responses to climate or soil attributes. Indeed, our assessment of the
environmental controls over the optimized model parameters demon-
strated that the turnover of MOC and POC were controlled by distinct
climate and soil properties with involvement of non-linear relationships
(Fig. 7). Second, the model structure of both M3 and M4 is relatively

simple and does not consider microbial processes and detailed stabili-
zation/destabilization processes. Over the course of the last decade, as
the scientific community probed deeper into the complexities of SOC
stabilization and destabilization mechanisms (Schmidt et al., 2011;
Lehmann and Kleber, 2015), more explicit modelling frameworks and
models have been developed such as MIMICS (Wieder et al., 2014),
MEMS (Cotrufo et al., 2013; Robertson et al., 2019) and COMISSION
(Ahrens et al., 2015). These models mechanistically simulate the for-
mation, decomposition, stabilization and destabilization processes of
SOC as the combined, integrated consequences of the quality of SOC
inputs (e.g., plant litter), microbial activity and functioning, and soil
matrix. Emerging new framework considers SOC cycling as a stochastic
process governed by the proximity between microbial decomposers and
organic substrates depending on their flow in the soil matrix (Waring
et al., 2020). However, our data does not allow us to specifically drive
those models as other more specific data, particularly those that repre-
sent microbial processes, are required to initialize and/or parameterize
those models.

4.4. Conclusions

The parsimonious models that we present, driven by POC, MOC and
COC, can well predict total SOC dynamics as well as its POC and MOC
components if model parameters can be calibrated to capture observed
MOC and POC. Compared with models constrained by total SOC alone,
uncertainty in most model parameters as well as in model predictions
has been significantly reduced. In addition, we found that vulnerability
of SOC [indicated by POC/(MOC + COC)] predicted by the two models
with different complexity (M3 vs M4) and two configuration strategies
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Fig. 9. An illustrative example of simulated evolution of total organic carbon (TOC) dynamics. (a) and (b) show the evolution of TOC and its vulnerability during a
100-year simulation in a trial at Brigalow, respectively. Vulnerability is estimated as the ratio of POC to the sum of MOC and COC.

were markedly different. This has significant consequences on the pre-
diction of the fate of SOC under global change if model complexity and
parameterization is not bounded with available observational data in
terms of both data amount and type (e.g., POC, MOC and COC). The
results also shed new lights on controls over turnover behaviors of POC
and MOC, highlighting the requirement to explicitly quantify potential
non-linear relationships of POC and MOC dynamics with climate and
soil properties. Without quantitative information of MOC on its stabili-
zation and destabilization processes, its overall decomposition and in-
teractions with soil matrix and minerals are difficult to be predicted by
measuring MOC alone. We need novel approaches to further explicitly
separate MOC into labile and protected fractions, as well as to explore
how the two fractions keep balance in the soil matrix. We suggest that
using temporal measurements of POC and MOC to constrain SOC models
could reduce uncertainties in both model parameters and predictions.
However, model complexity should be carefully determined based on
data availability taking into account parameter identifiability. The next
step would be to explicitly quantify how carbon exchanges between POC
and MOC vary with climate and soil properties, enabling their mathe-
matic representation in SOC models. Overall, our results demonstrate
that measured functional pools reduce uncertainties in model parame-
terization and initialization, promoting more informative and reliable
prediction of SOC dynamics.
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