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Abstract. In the last decade, the conceptual framework that characterizes soil organic carbon (SOC) into par-
ticulate organic carbon (POC) and mineral-associated organic carbon (MAOC) fractions has gained traction in
studies of C dynamics. This SOC characterization is useful for developing empirical studies and for parsimo-
nious model parameterizations. However, rigorous testing of model structures incorporating the POC-MAOC
framework is still lacking, particularly tests evaluating whether this framework can adequately reproduce simul-
taneous measurements of changes in C pool contents and respiration fluxes. We conducted an incubation exper-
iment using control and litter-addition treatments, measuring changes in SOC fraction contents and respiration
fluxes throughout the incubation. Then, we applied an inverse modelling approach to compare the performance
of 2-pool (POC-MAOC) and 3-pool models (which also included a faster-cycling litter C pool) to reproduce
the observed data. We then calculated the C ages and transit times to explore the predicted C persistence. Fi-
nally, we performed simulations to evaluate the effects of different model structures and parameterizations on
SOC persistence. For both treatments, we observed that 2-pool models were unable to simultaneously reproduce
the changes in C pool contents and respiration, while the 3-pool models adequately predicted both variables
and yielded lower C ages and transit times. 2-pool models collapsed POC dynamics operating across different
timescales into a single one, failing to capture the distinct respiration phases and gradual C pool changes. In-
stead, 3-pool models distributed these processes among compartments: the Litter C pool captured fast-cycling
dynamics, allowing POC and MAOC to better represent intermediate- and long-term dynamics, respectively. The
fact that 3-pool models outperformed 2-pool models -even in control soils- indicates that, in our soils, POC is
a heterogeneous pool that cannot be adequately represented as a single compartment. We also found that both
model structure and changes in key parameters affected C persistence estimations: models that included shorter
pathways to MAOC, or allowed faster transfers into more persistent pools, predicted higher C age and transit
time, showing how model structure shapes SOC contents and persistence estimates. This study highlights that the
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POC-MAOC framework, which frames SOC dynamics using only two time scales, may not always be sufficient
to fully characterize SOC processes. Rather than advocating for a specific model configuration, we argue that the
conceptual simplification of soil C into POC and MAOC might fail to capture the multiple timescale responses
frequently observed in experimental studies. Furthermore, as transfer rates play a key role in determining SOC
persistence, it is important to better understand and quantify how C is transferred toward MAOC and how these
processes can be represented in models.

1 Introduction

Soil organic carbon (SOC) represents the largest terres-
trial active carbon (C) pool, accruing globally more than
2000 Pg C in the first meter (Jobbágy and Jackson, 2000).
SOC plays a crucial role in addressing some of the major
humanity’s challenges, including climate change, soil qual-
ity, and water and food security (Nabuurs et al., 2022; Lal,
2016; Smith et al., 2015). As SOC contents have declined
over thousands of years of human land use (Sanderman et
al., 2017), it is critical to preserve and even increase SOC
stocks worldwide. In this context, terrestrial biogeochemical
models represent important tools for predicting changes in
terrestrial SOC and its responses to global change drivers,
as they enhance our understanding of C stabilization and de-
composition (Campbell and Paustian, 2015; Shi et al., 2018;
Wieder et al., 2018).

In the last decade, there has been an increased interest
in the separation of SOC into mineral-associated organic
carbon (MAOC) and particulate organic carbon (POC). As
these fractions are formed by different mechanisms and con-
trolled by different factors, their distinction can improve
our understanding of overall SOC dynamics (Cotrufo et al.,
2013; Lavallee et al., 2019; Stewart et al., 2008). On the
one hand, MAOC is formed by organo-mineral bonds be-
tween organic C, mainly produced by microbial and plant-
derived dissolved organic carbon, and the soil’s fine mineral
particles (Mikutta et al., 2019; Whalen et al., 2022). These
associations represent a strong chemical protection against
mineralization, providing MAOC with relatively high per-
sistence (Kögel-Knabner et al., 2008; Sokol and Bradford,
2019; Von Lützow et al., 2007). On the other hand, POC
is predominantly formed by light-weight plant-derived frag-
ments at various stages of decomposition. The C in this frac-
tion does not establish organo-mineral bonds; instead, POC
protection relies on aggregate occlusion and on its biochem-
ical recalcitrance against mineralization, having a lower per-
sistence (Von Lützow et al., 2007). Hence, the biochemical
traits of different plant materials might be important in deter-
mining the short- and medium-term decomposition dynam-
ics of POC, despite the fact that all organic structures can
be eventually broken down and mineralized (Lehmann and
Kleber, 2015; Marschner et al., 2008).

As SOC represents a heterogeneous C pool, incorporating
the POC and MAOC pools into soil biogeochemical mod-

els can enhance our understanding of SOC dynamics and
its drivers (Campbell and Paustian, 2015; Robertson et al.,
2019; Zhang et al., 2021). This minimal SOC characteriza-
tion is convenient for developing empirical studies and for
parameterizing parsimonious models to predict SOC con-
tents and persistence. Indeed, recent studies applying 2-pool
models based on POC and MAOC have already proved use-
ful for analyzing SOC processes (e.g., Campbell and Paus-
tian, 2015; Georgiou et al., 2024; Guo et al., 2022; Sokol
et al., 2022; Zhou et al., 2024). However, 2-pool models re-
stricted to POC and MAOC may not always adequately cap-
ture SOC dynamics. This is because POC is typically mod-
elled as a homogeneous pool, even though, like bulk SOC, it
can contain both labile and recalcitrant compounds (Cotrufo
and Lavallee, 2022; Schrumpf et al., 2013). Therefore, 2-
pool models assume that POC operates on a single timescale,
despite the fact that its components might cycle over both
shorter and longer temporal scales, which is often observed
in experimental studies. Although the POC-MAOC models
have become increasingly popular in SOC modelling, rigor-
ous testing of model structures is still lacking, particularly
tests involving simultaneous changes in different C pool con-
tents and respiration fluxes. For this reason, it is essential to
evaluate how accurately these models capture SOC dynamics
(Garsia et al., 2023; Le Noë et al., 2023).

Furthermore, alternative model structures might lead to
different predictions (Shi et al., 2018; Wieder et al., 2018).
Such differences can arise from alternative theoretical ap-
proaches about C formation pathways, which reflect distinct
C transfers among pools (Tao et al., 2024). One modelling
approach is to assume that Litter C first enters the POC pool
and, through subsequent decomposition and re-synthesis, is
transferred into the MAOC pool (e.g., Guo et al., 2022;
Zhou et al., 2024). Alternatively, Litter C may enter directly
into both the POC and MAOC pools, rather than assuming
that MAOC forms exclusively through POC transformation
(Cotrufo and Lavallee, 2022). These different C formation
pathways might affect the predicted C persistence in each
pool and within the overall system. Moreover, changes in
key parameter values, particularly when combined with dif-
ferent model structures, may also lead to contrasting predic-
tions of C persistence (Tao et al., 2024). SOC dynamics can
be modelled using compartmental dynamical systems: mod-
els characterized by homogeneous compartments that evolve
over time according to parameters that describe their decom-
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position and the transfers among them (Sierra et al., 2012;
Sierra and Müller, 2015). Depending on the number of the-
oretical compartments and the connections assumed in the
model, the pathways that C atoms take as they travel through
the soils system may be very different (Metzler and Sierra,
2025). The transit time (i.e., how long it takes for C atoms
since they enter the system until they leave) is a useful metric
for analyzing the tortuosity of C pathways and C persistence
in different systems. In addition, the age of C atoms stored in
the soil can also be a useful metric, as it represents the time
elapsed since the C entered the system until the time of ob-
servation (Manzoni et al., 2009; Sierra et al., 2017). The esti-
mation of these system-level metrics, transit time and C age,
can be very informative for comparing the effects of different
model structures on C persistence and overall persistence.

In this study, we explored the timescales of response of
POC and MAOC to experimental perturbation through a lit-
ter addition experiment and fitting different model structures
to the experimental results. We conducted a laboratory in-
cubation experiment which evaluated two types of systems:
(1) control soils without litter additions, and (2) soils with
litter-additions. Throughout the incubation we quantified soil
respiration rates; and at the beginning, middle and at the end
of the incubation we measured soil’s POC and MAOC con-
tents. This design allowed us to systematically assess the per-
formance of 2-pool models when fitted to the observed data,
comparing their estimations with those of 3-pool models. In
addition, we performed simulations using 2- and 3-pool mod-
els with different structures and parameter changes, aiming to
evaluate how these differences affect the predicted C age and
transit time of the system. Through the combination of exper-
imental manipulations and modelling, we addressed the fol-
lowing questions: (1) are 2-pool models based on the POC-
MAOC framework sufficient to accurately predict SOC dy-
namics, in particular when estimating C contents and respira-
tion rates simultaneously? (2) Among 2- and 3-pool models,
which one performs best at predicting both C contents and
respiration rates? and (3) do different model structures and
parameterizations produce similar C persistence estimates?

2 Materials and methods

2.1 Study area, soil sampling, incubation experiments
and analysis

We sampled soils from a high plateau located in the upper
belt of the Cordoba mountain grasslands in central Argentina
(2100 m a.s.l. –above sea level, 31°34′ S, 64°50′W). In this
region, the mean temperatures of the coldest and warmest
months are 5.1 and 11.5 °C, respectively, with no frost-free
period. The mean annual precipitation is 900 mm, with most
rainfall concentrated in the warmest months, between Oc-
tober and April. Soils are mostly Mollisols (Lithic Haplu-
dolls), derived from weathering of granitic substrates and
fine-textured eolian deposits (Cabido et al., 1987). The soil

clays are dominated by biotite and illite, with a smaller pro-
portion of kaolinite (Pasquini et al., 2002). The soil pH is 5.0
on average (Vaieretti et al., 2013).

We sampled soils from short grasslands, a vegetation com-
munity dominated by short annual and perennial grasses and
forbs (e.g., Muhlenbergia peruviana (P. Beauv.) Steud. and
Lachemilla pinnata (Ruiz & Pav.; Vaieretti et al., 2018,
2013). For this, we collected four compound soil samples
(eight subsamples) from the 0–5 cm depth (4 replicates).
Once collected, we sieved the soils through a 2 mm mesh,
and we determined their soil water content using the gravi-
metric method.

For the incubation experiments, we placed 50 g of soil in
125 mL flasks. We applied two treatments: (1) control soils
with no-litter addition, and (2) soils with litter-additions of
1 g of M. peruviana. The added litter was cut in small frag-
ments (< 2 mm) and mixed in the soil matrix. We selected
M. peruviana because it is a dominant species in short grass-
lands, and also because of its high decomposability, in com-
parison to other grass species from the region (Poca et al.,
2014; Vaieretti et al., 2013, 2018). We employed two time-
sets of samples, as we destructively harvested them after
3 and 6 months of incubation (16 samples in total= 2 treat-
ments× 2 incubation times× 4 replicates). This design also
allowed us to have 8 replicates for respiration measurements
until month 3, and 4 replicates until month 6. Throughout
the incubation we maintained the soils at 25 °C and at field
capacity (47 % water content; Cassel and Nielsen, 1986).
To measure the soil respiration, we built closed microcosms
where we placed the soils along a flask with water to avoid
desiccation, placed CO2traps using a flask with NaOH 1 M,
and quantified the trapped CO2 by titration.

We measured the accumulated respiration at 7, 15, 28,
42, 63, 91, 136 and 182 d after the beginning of the in-
cubation. We measured the MAOC and POC contents of
the soils before and after the incubations. For this we used
the Duval et al. (2018) and Pestoni et al. (2020) techniques
for MAOC and POC fractionation. Briefly, 10 g of air-dried
soil< 2 mm was dispersed in 100 mL of distilled water and
10 glass beads (5 mm diameter) were added to increase ag-
gregate destruction. The samples were subjected to mechan-
ical dispersion through a rotary shaker (200 rpm) for 24 h.
The soil suspension was poured through a 53 µm pore sieve
using a water flow to separate the POC and MAOC fractions.
These materials were washed into a dry dish, oven dried
at 80 °C, and weighed. Then, we determined the MAOC,
POC, and total C contents using the Walkley and Black
technique (Nelson and Sommers, 1996). The fine (< 53 µm)
and coarse (> 53 µm) fractions accounted for 74.3 %± 2.2 %
and 25.7 %± 2.2 % of the recovered soil mass, respectively,
and for 72.9 %± 3.0 % and 27.1 %± 3.0 % of the recov-
ered C, respectively. Compared with bulk soil, fractionation
resulted in high mass and C recoveries (97.52 %± 0.37 %
and 95.54 %± 0.39 %, respectively).
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2.1.1 Models applied to data

In order to evaluate the performance of 2- and 3-pool mod-
els applied to the results of our experimental incubations, we
used an inverse modelling optimization (i.e., procedure that
estimates unknown parameters based on empirical observa-
tions). These models are commonly used in ecology and agri-
culture to estimate parameters that describe, for example, un-
known pool sizes like C pool contents using mass loss data
(Sarquis and Sierra, 2023). In this work, we applied these
models to assess their performance by comparing their esti-
mations to the observed C pool contents and respiration data.
For this, we used the SoilR (Sierra et al., 2012) and the FME
(Soetaert and Petzoldt, 2010) packages in R (R Core Team,
2024).

First, we built 2- and 3-pool models with connection in se-
ries, which can be expressed in matrix form as Eq. (1) (Sierra
et al., 2012):

dC

dt
= I +A ·C, with C (t0)= C0 (1)

where C is a m× 1 vector of C contents in m pools; A is a
m×m square matrix containing the decomposition rates for
each pool and the transfer coefficients between pools; and
I is a column vector describing the amount of C inputs to
each pool m. In our particular case, I = 0 because there are
not inputs during the incubation and the litter-addition treat-
ment only occurs once at the beginning of the incubation, so
it can be treated as an initial condition (C0). This initial con-
dition can be included in different pools depending on the
model assumptions, as explained below.

We built a 2-pool model consisting of (1) Litter C+POC
pool, and (2) MAOC pool. For control soils, Litter C= 0. For
litter-addition treatments, we can combine the Litter C and
POC and use a 2-pool approach. This is because the added
litter consists of senescent plant material smaller than 2 mm
mixed within the soil matrix, in accordance with the partic-
ulate organic carbon concept (Lavallee et al., 2019). These
2-pool models can be expressed as Eq. (2):

dC
dt
=

[
−k1 0
a2,1 −k2

][
Litter C+POC
MAOC

]
, (2)

where the entries in the diagonal represent the decomposi-
tion rate kj for each compartment j , and ai,j is the trans-
fer coefficient from pool j to pool i. This means that the
Litter C+POC and MAOC pools decompose at a k1 and
k2 rate, respectively, and that a fraction of the decomposed
Litter C+POC forms new MAOC at a rate given by a2,1.

Second, we applied a 3-pool model consisting of (1) Lit-
ter C pool, (2) POC pool and (3) MAOC pool. As the con-
trol soils did not include litter, to apply this 3-pool model
we assumed an arbitrary proportion of POC as an additional
pool, which we can name as “Litter C”. To determine an op-
timal value, we performed a sensitivity analysis evaluating
model performance across a wide range of proportions (5 %,

10 %, 15 %, 20 %, 25 %, 30 %, and 40 %; Fig. S2; Table S1 in
the Supplement). Although the 20% assumption yielded the
lowest AIC and MSE values (1.207 and 0.260), this assump-
tion produced biologically unrealistic decomposition rates
(Table S2). We therefore selected a value of 15 %, which
had slightly higher AIC and MSE values (1.309 and 0.287)
but plausible decomposition rates (Tables S1 and S2). For
the litter-addition soils, we applied the same procedure (0 %,
5 %, 10 %, 15 %, 20 %, 25 %, 30 %, and 40 %; Fig. S3; Ta-
ble S3). Although the 30% assumption yielded the lowest
AIC and MSE values (2.817 and 1.299), closely followed by
25 % and 20 %, these assumptions also produced biologically
unrealistic decomposition rates (Table S4). We therefore like-
wise selected a proportion of 15 % of POC as Litter C, which
had slightly higher AIC and MSE values (2.940 and 1.469)
but plausible decomposition rates (Tables S3 and S4). We
then included the experimentally added litter in this same
pool, such that the Litter C pool comprised both the assumed
15 % of POC and the added litter. This is because although
the added litter falls within the POC size range, it consists of
fresh, more labile plant material that cycles faster, justifying
modelling it as a distinct compartment.

These models can be expressed as Eq. (3):

dC
dt
=

 −k1 0 0
a2,1 −k2 0
a3,1 a3,2 −k3

 Litter C
POC
MAOC

 . (3)

In this model, the Litter C, POC and MAOC pools decom-
pose at a k1, k2 and k3 rate, respectively, and a fraction of
the decomposed Litter C forms new POC at a rate a2,1 and
new MAOC at a rate a3,1, while a fraction of the decomposed
POC forms new MAOC at a rate a3,2.

We applied the models described in Eqs. (2) and (3) us-
ing the observed C contents in each C pool at the beginning,
middle and at the end of the incubation, as well as the C res-
piration measured throughout the experiment. We plotted the
model estimations alongside with the observed data. To eval-
uate the performance of the models, a common approach is to
examine the Akaike Information Criterion (AIC, i.e., metric
that accounts for both goodness of fit and model complex-
ity) and the Mean Squared Error (MSE, i.e., the mean of the
squared differences between predicted and observed values),
selecting the model with the lowest values of both.

Before fitting the models, we ran a collinearity test follow-
ing the procedure by Soetaert and Petzoldt (2010). This is a
test that determines if the parameters are functionally related,
meaning that changes in a parameter can be compensated
by changes in others. If the test results in a high collinear-
ity index (> 20), it indicates that different parameter sets can
have similar probabilities, and thus it is not possible to deter-
mine a unique parameter set for a model (Sierra et al., 2015).
In contrast, a low collinearity index (< 20) indicates that a
unique parameter set for a model can be found, and, there-
fore, the model is suited for data assimilation. From this test
we found that all the proposed models had a low collinear-
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ity index (Fig. S1 in the Supplement). It is worth noting that
when applying an inverse modelling approach, the combined
use of respiration data together with C pool contents sub-
stantially constrains parameter estimations and helps reduce
collinearity.

2.1.2 C age and transit time estimations

We calculated the probability density functions of C age and
transit time predicted by the 2- and 3-pool models applied
to the control soils and litter-addition treatments. The prob-
ability density function describes the distribution of transit
times or C ages of C atoms within a system. Using transit
time as an example, a probability density function concen-
trated at low transit times indicates that most of the C leaves
the system quickly, whereas a smaller fraction leaves it more
slowly. The probability density function of C age for mod-
els of the form of Eq. (1) at steady state can be computed as
follows (Eq. 4; Metzler and Sierra, 2018):

f (a)=−1T
·A · ea·A ·

C∑C
(4)

where a is the random variable C age, 1T is the transpose of
the m-dimensional vector containing ones, ea·A is the matrix
exponential computed for each value of a, and

∑C is the sum
of the stocks of all pools at steady state. The mean value of
the probability densities function of C age can be computed
by the following expression (Eq. 5):

E(a)=−1T
·A−1

·
C∑C
. (5)

Similarly, the probability density function of transit time (τ )
for these models is given by Metzler and Sierra (2018)
(Eq. 6):

f (τ )=−1T
·A · eτ ·A ·

u∑u ,τ ≥ 0 (6)

and the mean transit time as Eq. (7)

E(τ )=−1T
·A−1

·
u∑u . (7)

2.2 Effects of model structure and parameter changes
on estimated C persistence

Both differences in model structures and in parameter val-
ues might lead to different estimates of C persistence. To as-
sess these effects, we examined how C persistence responds
to (1) different model structures, (2) parameter changes, and
(3) the combination of different model structures and param-
eter changes. For this, we ran simulations using the following
2- and a 3-pool models as a baseline, hereafter referred to as
“2-Base” and “3-Base”, respectively (Fig. 1).

In the 2-Base model, new C enters the system directly into
the POC pool and is subsequently transferred to the MAOC
pool, as described in Eq. (8):

dC
dt
=

[
I

0

]
+

[
−k1 0
a2,1 −k2

][
POC
MAOC

]
, (8)

where I represents the C inputs in each time unit. In the 3-
Base model, new C enters into the Litter C pool, is subse-
quently transferred to the POC pool, and finally to the MAOC
pool, as described in Eq. (9):

dC
dt
=

 I

0
0

+
 −k1 0 0
a2,1 −k2 0
0 a3,2 −k3

 Litter C
POC
MAOC

 . (9)

To run the simulations, all the models received the same C in-
put of 100 units per unit time. We applied the parameter val-
ues obtained from the optimization of the 3-pool models fit-
ted to the litter-addition incubation treatments that did not
assume a proportion of POC as Litter C (Table S4) across all
model structures to ensure comparability. We selected these
parameter values because they showed contrasting POC and
MAOC decomposition rates and fell within the range of de-
composition rates reported globally (Zhou et al., 2024). For
the different model structures, we plotted the predicted prob-
ability density functions of C age and transit time and cal-
culated their mean values. We used the following alternative
model structures, shown in Table 1.

3 Results

3.1 3-pool models performed better for both control and
litter-addition treatments

3.1.1 Control soils

When we applied the 2-pool model to the control soils, we
found two different sets of parameters that fitted the observed
data (Table 2). The first set of parameters predicted well the
observed C contents in each pool (POC and MAOC), but
produced poor predictions for the respiration data (Fig. 2a
and b; Table 2). In particular, this model showed the highest
AIC and MSE values (Table 3). In contrast, the second set of
parameters predicted the respiration data well, but had poor
predictions for the C contents in each pool (Fig. 2c and d;
Table 2). In this case, this model had intermediate AIC and
MSE values (Table 3). When we applied the 3-pool model we
found a single set of parameters that yielded good predictions
for both the C contents and the respiration data (Fig. 2e and f;
Table 2). This model presented the lowest AIC and MSE val-
ues overall (Table 3). These values were 3.08 and 1.87 times
lower for AIC and 29.62 and 6.07 times lower for MSE com-
pared with the 2-pool models that fitted the C contents and
respiration data, respectively.

These results show that, although the control soils were
assumed to be composed only of POC and MAOC, the 2-
pool model could not accurately predict the C contents and
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Figure 1. 2-Base and 3-Base models. The arrows represent the respiration fluxes (downwards arrows) and transfers processes (rightwards
arrows) and not the full mathematical expressions.

Table 1. Different model structures used for the model simulations.

Model Base Description
structure

2-Base 2-pool-model Baseline model
2.A 2-pool-model 10 % of C inputs enter directly into MAOC.
3-Base 3-pool-model Baseline model
3.A 3-pool-model Adds a direct C transfer from Litter C to MAOC (a31).
3.B 3-pool-model Triples the decomposition rate of Litter C (k1).
3.C 3-pool-model Triples k1 and the transfer rate from Litter C to POC (a21).
3.D 3-pool-model Triples k1, a21 and the transfer rate from POC to MAOC (a32).
3.E 3-pool-model Extends model 3.A by additionally tripling k1, a21 and a32.
3.F 3-pool-model Extends model 3.E by additionally tripling a31.

respiration simultaneously. In contrast, the 3-pool model per-
formed better, providing good predictions for both C pool
contents and respiration. This suggests that POC in the con-
trol soils was indeed heterogeneous, as including a third pool
(15 % of POC as Litter C, which showed faster cycling, Ta-
ble 2), better captured its C dynamics.

3.1.2 Litter-addition treatments

We found a similar pattern between the results from the con-
trol and from the litter-addition treatments. For the 2-pool
model, we found two different sets of parameters that fit-
ted the observed data (Table 2). The first set of parameters
attempted to predict the observed C contents in each pool,
although the model ended up underestimating the predicted
POC contents and producing poor predictions for the respira-
tion data (Fig. 3a and b; Table 2). This model had the highest
AIC and MSE values (Table 3). The second set of parameters
fitted well the respiration data but produced poor predictions
for the C contents (Fig. 3c and d; Table 2). This model had in-
termediate AIC and MSE values (Table 3). Finally, when we
applied the 3-pool model, we found a single set of parame-
ters that yielded good predictions for both the respiration and
C contents data (Fig. 3e and f; Table 2), although they were
less accurate than those of the control soils (Fig. 2e and f).
Consistent with the control soils results, the 3-pool model

had the lowest AIC and MSE values (Table 3). These val-
ues were 1.92 and 1.15 times lower for AIC and 29.17 and
3.08 times lower for MSE compared with the 2-pool models
that fitted the C contents and respiration data, respectively.
The poor predictions resulting from the application of the
2-pool models highlight that, indeed, the added litter does
not behave as POC, and it should be modelled as a separate
C pool that cycles faster.

3.1.3 C age and transit time estimations in control and
litter-addition treatments

For both control and litter-addition soils, we observed that
the 2-pool model that best fitted the respiration data esti-
mated C age and transit time distributions with longer tails
and substantially higher mean values than the 3-pool models
(Fig. 4). This indicates that the 2-pool model predicted higher
C persistence, with C cycling more slowly and remaining in
the system for longer periods, mainly because some pools
yielded very low decomposition rates. In contrast, the 3-pool
models estimated faster C transit through the system, result-
ing in overall younger C within the system. The probabil-
ity density functions of C age and transit time from the 2-
pool models that fitted the C content data (Table 2) are not
shown, as they predicted unrealistic mean values, which ex-
ceeded tens of thousands of years. This was mainly driven
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Figure 2. C content (a, c, e) and respired C (b, d, f) in each C pool and total in control soils (no litter-addition). In black, Total C; in dark
blue, MAOC; in dark red, POC; in pink, Litter C. The lines represent the model estimations, while the points represent the observed data.
(a, b) 2-pool models that best fitted C pools content. (c, d) 2-pool models that best fitted the respiration. (e, f) 3-pool model.

by their predicted MAOC decomposition rates, which were
extremely low.

3.2 Model comparison: effects of structures and
parameter changes

3.2.1 Effects of model structure changes on
C stabilization

To evaluate the effects of model structure changes on C sta-
bilization, we compared the estimated mean C age and mean
transit time across models that differed in how C is trans-
ferred among pools (Table 1). In the 2-pool model where
10 % of C inputs enter MAOC directly (Model 2.A), both
the mean C age and transit time increased compared to the
2-Base model (approximately 96 % and 44 % higher, respec-
tively; Fig. 5). Likewise, in the 3-pool model where Lit-
ter C can transfer directly to MAOC (Model 3.A), the mean
C age and transit time also increased compared to the 3-
Base model (approximately 187 % and 161 % higher, respec-

tively; Fig. 5). Overall, when the model structure allowed C
to bypass the intermediate POC pool to the more persistent
MAOC pool, the system retained C for longer periods, indi-
cating a higher C persistence.

3.2.2 Effects of parameter changes on C stabilization

When we compared the estimated mean C age and mean
transit time between the 3-Base model and the models in
which the parameters were modified (Table 1), we ob-
served that tripling the decomposition rate of the Lit-
ter C pool (Model 3.B) produced relatively small changes
compared to the baseline (approximately a 7 % increase
in mean C age and a 7 % decrease in mean transit
time). When, in addition, the transfer rate from Litter C
to POC was tripled (Model 3.C), the mean C age in-
creased slightly (10 %), but the mean transit time in-
creased substantially (169 %). When all three parameters
were tripled (Model 3.D), including the transfer rate from
POC to MAOC, the mean C age and mean transit time
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Figure 3. C content (a, c, e) and respired C (b, d, f) in each C pool and total in litter-addition treatments. In black, Total C; in dark
blue, MAOC; in dark red, POC; in pink, Litter C. The lines represent the model estimations, while the points represent the observed data.
(a, b) 2-pool models that best fitted C pools content. (c, d) 2-pool models that best fitted the respiration. (e, f) 3-pool model.

Table 2. Parameter sets and relative content of the initial (Ci) and final (Cf) C pools estimated for the 2- and 3-pool models applied to the
incubation data. The “Data fitted” row indicates which variables were best fitted by each parameter set.

Control soils Litter-addition treatment

2-pool model 3-pool model 2-pool model 3-pool model

Data C Respiration Both C Respiration Both
fitted contents variables contents variables

k1 2.65× 10−05 3.422 5.896 1.279 5.939 6.813
k2 0.204 1.05× 10−3 0.070 8.09× 10−10 4.34× 10−4 0.018
k3 — – 0.060 – – 0.046
a21 3.66× 10−7 2.494 0.257 1.3× 10−4 3.918 1.850
a32 – – 0.069 – – 0.017
a31 – – 0.195 – – 0.404
Litteri – – 0.037 – – 0.145
Litterf – – 2.72× 10−04 – – 0.004
POCi 0.251 0.251 0.213 0.335 0.335 0.190
POCf 0.271 0.021 0.230 0.210 0.018 0.250
MAOCi 0.749 0.749 0.749 0.665 0.665 0.665
MAOCf 0.729 0.979 0.769 0.790 0.982 0.746

Decomposition rates and transfer coefficients are expressed in yr−1.
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Figure 4. Solid lines show the probability density distribution and dashed lines show the mean values of C age and transit time for the 2-pool
model that best fitted respiration data and 3-pool models applied to control soils and litter-addition treatments. The 2-pool models that best
fitted C contents are not shown, as their C ages and transit time estimations were the order of tens of thousands of years.

Figure 5. Solid lines show the probability density function and dashed lines show the mean values of C age and transit time for models with
different structures and parameters.

increased (approximately 77 % and 230 % higher, respec-
tively). Overall, these results show that modifying the Lit-
ter C decomposition rate had little effect on C stabilization,
but when the transfer rates increased, the rapid passage from
more labile to more persistent pools markedly increased the
system C persistence.

3.2.3 Effects of combined parameter and model
structure changes on C stabilization

When we compared the estimated mean C age and mean
transit time between the 3-Base model and models that com-

bined structural and parameter changes (Table 1) we found
that the model with a direct transfer pathway from Litter C
to MAOC, together with tripled rates for Litter C decompo-
sition and for transfers from Litter C to POC and from POC
to MAOC (Model 3.E), substantially increased both mean
C age and mean transit time compared to the baseline (ap-
proximately 151 % and 392 %, respectively). In the model
that, in addition to these changes, also tripled the direct
transfer rate from Litter C to MAOC (Model 3.F), the mean
C age increased further, whereas mean transit time increased
much more strongly (approximately 210 % and 723 %, re-
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Table 3. AIC and MSE values for the 2- and 3-pool models applied
to the incubation soils. The “Data fitted” column indicates which
variables were best fitted by each parameter set.

Sample Model Data fitted AIC MSE

Control soils
2-pool C pools 4.04 8.59
2-pool Respiration 2.45 1.76
3-pool Both variables 1.31 0.29

Litter-addition 2-pool C pools 5.65 42.88
treatments 2-pool Respiration 3.40 4.54

3-pool Both variables 2.94 1.47

spectively). These results indicate that both model structure
and parameter changes have important effects on predicted
C persistence. However, the responses of C age and mean
transit time were not equal. The mean C age increased across
models, reaching values up to 210 %, whereas mean transit
time showed a much stronger response, increasing consis-
tently up to 723 % in models with more complex structures
that allowed Litter C to directly enter more persistent pools.

4 Discussion

4.1 3-pool models performed better both for control and
litter-addition treatments implying 3 timescales of
response

Over more than 80 years, and especially in recent decades,
a wide variety of soil C models have been developed to
describe and quantify SOC stocks and their persistence
across a broad range of ecosystems and changing scenar-
ios (Abramoff et al., 2018; Dangal et al., 2022; Manzoni and
Porporato, 2009; Robertson et al., 2019; Zhang et al., 2021).
While these models have proven to be highly useful in ad-
vancing our understanding of SOC dynamics (e.g., Georgiou
et al., 2024; Gomes et al., 2019; Riggers et al., 2019; Zhang
et al., 2024), their application still requires caution due to the
implications of different model assumptions. In this study,
focusing on the simple yet still widely used 2- and 3-pool
models, we evaluated their ability to reproduce C pool and
respiration dynamics using both experimental and simulation
approaches, exploring whether the empirical results could be
described by models with two or three distinct timescales.

Our findings indicate that 2-pool models were unable to
capture both the C pool size changes and the respiration
fluxes simultaneously. In contrast, 3-pool models were able
to fit both response variables with a single set of parame-
ters, yielding the lowest AIC and MSE values. It is important
to highlight two key findings derived from the application
of the models. First, it was almost self-evident that litter-
addition treatments required a 3-pool structure, as fresh lit-
ter exhibits much faster decomposition dynamics than POC
and MAOC. However, this was not expected for control soils

(no litter-addition), which were presumably composed only
of POC and MAOC. The fact that even for control soils the
3-pool models outperformed the 2-pool models might be be-
cause POC represented, indeed, a heterogeneous pool that
should be modelled as distinct compartments. As a result, 2-
pool models collapsed POC dynamics operating at different
timescales into a single one, failing to capture both the fast
initial and the slower later respiration phases simultaneously
with the gradual C pool changes throughout the incubation.

Second, the 3-pool models showed a markedly better ca-
pacity to capture these faster and slower C dynamics for both
variables. This suggests that the underlying mechanism in
the inclusion of a third pool is enabling the model to dis-
tribute the processes operating at different timescales into
the different C compartments. Specifically, the Litter C pool
captured the rapid-response respiration fluxes at the begin-
ning of the incubation, showing decomposition rates on the
order of months. This allowed the POC and MAOC pools
to represent intermediate and slower C dynamics, with de-
composition rates on the order of years and decades, respec-
tively (Table 2). In line with this, both C ages and transit
times were consistently lower for the 3-pool models. This
likely arises because these models estimate that the Litter C
pool, which represents the C inputs to POC and MAOC, is
rapidly respired and cycles quickly through the system. In
contrast, in 2-pool models the respiration fluxes are driven
by the longer timescale dynamics in the POC and MAOC
pools, resulting in higher C persistence.

In recent decades, there has been a growing tendency to
study SOC dynamics by conceptualizing SOC as POC and
MAOC, fractions that usually reflect faster and slower dy-
namics, respectively. By definition, POC consists primarily
of light-weight compounds of plant origin at different stages
of decomposition, whose composition can vary with plant
community and soil depth (Cotrufo et al., 2013; Lavallee et
al., 2019; Von Lützow et al., 2007; Wiesmeier et al., 2019).
This reflects varying proportions of recently added material
and older, more processed C. As such, POC may contain a
mixture of organic matter compounds with a wide range of
decomposition and transfer rates. Moreover, recent studies
have already employed different techniques to explore SOC
heterogeneity, pointing out different functional C pools be-
yond POC-MAOC (e.g., Curtin et al., 2019; Leuthold et al.,
2024). In this context, our results provide additional empir-
ical and conceptual evidence that POC represents a hetero-
geneous pool containing compounds that cycle at different
rates, which we hope will help improve current frameworks
for understanding SOC dynamics. For our particular soils,
POC’s heterogeneity was a key driver of the observed differ-
ences in the model’s predictions and performance. In light of
our results, our goal is not to advocate for either 2- or 3-pool
models, particularly given that several SOC models already
employ a larger number of compartments (e.g., exchange-
able and stable MAOC, free and occluded POC, dissolved
organic C, microbial C; Abramoff et al., 2018; Manzoni et
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al., 2009; Witzgall et al., 2021; Zhang et al., 2021). Rather,
our results emphasize that SOC models should explicitly rep-
resent processes operating across multiple temporal scales in
ways that are appropriate for different systems and contexts,
which may require combining experimental manipulations
with modelling to evaluate model’s performance. In our case,
incorporating a third compartment beyond the POC-MAOC
framework allowed us to reproduce the observed empirical
dynamics, whereas in other contexts different model struc-
tures may be required.

4.2 C persistence was primarily driven by direct
transfers into more-persistent pools

When we simulated alternative models under different hy-
pothetical scenarios and compared their estimates of C age
and mean transit time to explore the effects of changes in pa-
rameters and model structure on C persistence, we observed
that introducing a direct pathway to the MAOC pool (either
through direct C inputs or through transfers) increased both
C age and transit time. This response likely reflects that by-
passing the relatively unstable Litter C and POC pools re-
duces early C losses, allowing a larger fraction of C to be re-
tained in the more persistent and slower-cycling MAOC pool
(Cotrufo et al., 2015; Kleber et al., 2015; Zhou et al., 2024).

It is important to note that, when only parameter values
were modified, the changes in the Litter C decomposition
rate had little effect on predicted C persistence. In contrast,
increasing transfer rates led to modest increases in C age but
much stronger increases in transit time. This pattern sug-
gests that transfer processes, rather than Litter C decom-
position rate alone, play a dominant role in transit times
by controlling how rapidly C moves from labile pools into
more persistent pools. Notably, when the transfer rates were
tripled (Model 3.C and 3.D), the predicted C persistence was
similar to or even higher than that obtained by adding a di-
rect transfer pathway to MAOC (Fig. 5). This indicates that
sufficiently high transfer rates can reproduce the effects of
explicitly adding a direct transfer pathway to MAOC, as both
mechanisms result in rapid C transfer into the MAOC pool.

When parameter and structural changes were combined,
predicted C persistence increased substantially, particularly
for transit time. In these scenarios, transit time values were
approximately 7 times higher than those obtained for the
baseline model, highlighting strong, non-additive interac-
tions between model structure and key parameters (i.e., trans-
fer rates into the MAOC pool). Overall, these results indicate
that transfers into the MAOC pool have a stronger influence
on the predicted C persistence. Therefore, when constructing
models based on the POC-MAOC framework, assumptions
regarding both model structure and transfer-related parame-
ters should be carefully evaluated, as they can strongly in-
fluence estimates of C cycling and persistence. Model struc-
ture and transfer processes are particularly relevant in light
of recent advances in our understanding of the factors that

modulate transfers to the MAOC pool across ecosystems. For
example, it is well established that MAOC formation effi-
ciency is modulated by the saturation deficit, as well as by the
presence of specific cations, such as oxalate-extractable Al
and Fe and exchangeable Ca (Barré et al., 2014; Beare et al.,
2014; Castellano et al., 2015; Saidy et al., 2013; Six et al.,
2002). Hence, soils rich in these cations or with low satu-
ration deficits may exhibit higher effective transfer rates to
MAOC, which could translate into higher transit times. Veg-
etation composition differences might also play an important
role, as rhizodeposition has been shown to promote higher
MAOC formation efficiency than root or aboveground in-
puts (Villarino et al., 2021; Yin et al., 2025). In addition,
recent evidence suggests that existing MAOC can promote
the formation of new MAOC (King and Sokol, 2025), indi-
cating potential feedbacks in transfer rates to MAOC. De-
spite these advances, further studies exploring MAOC for-
mation are needed, as factors such as microbial carbon-use
efficiency or C input rates have shown contradictory effects
(King and Sokol, 2025; Sokol and Bradford, 2019; Wei et al.,
2022; Yang et al., 2025).

Our results also suggest that transfer rates play a key role
in determining SOC persistence. While current research has
largely focused on quantifying SOC stocks and decomposi-
tion rates under different ecosystem contexts and manage-
ment practices (e.g., Deng et al., 2016; Georgiou et al., 2024,
2022; Zhou et al., 2024), less attention has been given to ex-
plicitly quantifying transfer rates between C compartments.
Future research should aim to characterize how C is trans-
ferred and transformed towards MAOC, and how these pro-
cesses are represented in models. Reducing uncertainties as-
sociated with transfer rates among SOC compartments might
be crucial for improving soil biogeochemical models and
their ability to predict SOC persistence.

5 Conclusion

In our study, we found that 2-pool models including only
POC and MAOC were not sufficient to simultaneously pre-
dict slow dynamics of SOC fraction changes and fast dy-
namics of respired CO2 from incubations. Although 2-pool
models captured one response variable well, they performed
poorly when predicting C contents and respiration rates si-
multaneously. In contrast, 3-pool models performed ade-
quately in predicting both variables at the same time. These
performance differences likely arise from the limitations of
2-pool models in representing POC processes operating at
more than two timescales, whereas the additional compart-
ment in 3-pool models allows for a better representation of
slow-, intermediate-, and fast-term dynamics. Due to the bet-
ter representation of the faster Litter C dynamics, the 3-pool
models yielded lower transit times in comparison to 2-pool
models for both control and litter-addition treatments. Fur-
thermore, both model structure and key parameter changes
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had important effects on the predicted C persistence. Mod-
els that included shorter pathways to MAOC, or that allowed
faster transfers of C into more persistent pools, consistently
produced higher estimates of C age and transit time. This
highlights the importance of better understanding how C is
transferred and transformed towards MAOC, and how these
processes are represented in models. Overall, our study pro-
vides additional evidence regarding the limitations of repre-
senting SOC dynamics exclusively through two timescales
based on the POC and MAOC pools, and shows that model
structure fundamentally shapes predictions of SOC fraction
contents and persistence. Accordingly, SOC models should
explicitly represent processes operating across multiple tem-
poral scales, which may require different model structures
depending on the ecosystem context. Future studies should
therefore empirically test model performance by jointly eval-
uating the effects of C inputs on slow changes in C pool sizes
and rapid respiration flux responses.
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