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Abstract Modeling the C and N dynamics during
decomposition of plant residues depends on robust
estimation of the litter pool partitioning (LPP) of
residues, i.e. the fraction of their C and N allocated to
rapidly and slowly decomposing pools. We searched
for ways to estimate LPP by analyzing data on C and N
mineralization during decomposition of 60 widely
different plant residues, using a simple model with two
litter pools and one microbial pool. LPP and relevant
global parameters were estimated by model optimization (Levenberg-Marquardt-least-squares algorithm) in
one operation. These kinetically-defined LPP values
were used in regression analyses against data from
stepwise chemical digestion (SCD) and near-infrared
reflectance (NIR) analysis of the plant residues. LPP

predicted by these regression models resulted in better
performance than LPP from measured neutraldetergent-soluble (NDS) C and N when validated on
independent data (n=15 plant residues). The results
demonstrated the potential improvement by simultaneous estimation of residue specific LPP and global
parameters, and that kinetically-defined LPP can be
equally well predicted by NIR as by total N and NDS-C.
Model failure for a minority of the plant-residues could
partly be removed by altering the microbial C/N ratio
(global optimum 7.1) within the range 5–15, possibly
reflecting a variable dominance of bacteria or fungi.
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Plant litter decomposition is an important source of
mineral nitrogen (N) for organic, low-input and some
conventional agricultural systems (Seneviratne 2000).
Nitrogen is frequently the key nutrient limiting
agricultural productivity and causes several negative
environmental impacts. In low-input systems, a
careful synchronization of N mineralization with crop
growth (Myers et al. 1997) is a necessity to sustain
high production while minimizing environmental
impacts such as greenhouse gas emissions and nitrate
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leaching. Predicting N immobilization/mineralization
during decomposition of crop residues and green
manures requires a modeling approach that takes
adequate account of plant residue quality in the
simplest way possible.
Most soil organic matter (SOM) models are based on
the assumption that decomposition can be modeled by
conceptual pools that decay according to first-order
kinetics with pool-specific rate constants (Minderman
1968; Paustian et al. 1997). Multi-compartmental
ecosystem models such as CANDY (Franko et al.
1995), CENTURY (Parton et al. 1987), DAISY (Bruun
et al. 2003), DNDC (Li et al. 1994), NCSOIL
(Nicolardot and Molina 1994), ROTHC (Coleman et
al. 1997), SOILN (Johnsson et al. 1987), and STICS
(Nicolardot et al. 2001) all include SOM sub-models of
varying complexity. Although the structure of the soil
microbial communities may influence the decomposition rates, most models ignore this component, since
the main factor driving decomposition is the chemical
and physical nature of the litter compounds (Swift et
al. 1979). Most commonly, plant residues are partitioned into a rapidly and a slowly decomposing litter
pool (Pansu et al. 2003). While this partitioning is
specific for each plant residue type, the decay rates of
the two (or more) litter pools and other parameters
governing C and N mineralization during decomposition (microbial decay rate, growth yield, and C/N ratio)
are usually global (shared), that is, common for all
plant residues. Two methodological problems arise in
this type of modeling: 1) what is the best approach to
partition litter between easily degradable and recalcitrant C and N pools, and 2) how can we find the best
set of global parameter values applicable to a broad
range of agricultural crop residues?
Direct quantification of the litter pools by chemical
analyses is complicated due to the diversity of
molecular structures and bonds within the major plant
compounds (Paustian et al. 1997) and due to the
physical heterogeneity of plant residues (Chesson
1997). Stepwise chemical digestion (SCD) separates
organic material into fractions of soluble, cellulose,
hemicellulose and lignin-like substances (Mertens et
al. 2002; Van Soest et al. 1991). Using SCD data to
partition C and N into the litter pools of mechanistic
SOM models can improve predictions of C and N
mineralization relative to a default constant value
(Probert et al. 2005; Quemada and Cabrera 1995),
especially if the C/N ratio of each fraction is
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determined (Henriksen and Breland 1999a; Henriksen
et al. 2007). However, it is not obvious how such data
should be analyzed in order to partition residue C and
N into rapidly and slowly decomposing litter pools.
Water-soluble C and N have been found to underestimate the rapidly decomposing litter pool in the
DAISY model (De Neergaard et al. 2002), and the use
of SCD data in a mechanistic three-litter-pool model
resulted in somewhat overestimated plant residue C and
N mineralization (Henriksen et al. 2007). Henriksen
et al. (2007) also predicted SCD data from near
infrared reflectance spectra (NIR) data, which resulted
in similar model performance as using SCD data
directly. NIR provides repeatable and accurate measurements with low cost and time consumption and is,
therefore, commonly used for prediction of fractions
obtained by SCD (Foley et al. 1998; Pasquini 2003). A
litter decomposability index (Gillon et al. 1999) and
parameters of various C and N mineralization models
(Bruun et al. 2005; Joffre et al. 2001) have been
predicted from NIR, as well as plant biochemical
fractions (Stenberg et al. 2004).
An alternative to chemical analysis (or to using
NIR to predict such data) is to estimate litter pool
partitioning by model fitting to measured C and N
mineralization, as done by Breland and Eltun (1999)
for SOM pools. Fitting partitioning parameters in this
manner would make them kinetically defined according to the C and N mineralization trajectories
observed for each plant residue. However, mineralization experiments are time-consuming and costly;
hence, we need alternative predictors. One alternative
would be to conduct a regression analysis of
kinetically-defined partitioning parameters (dependent variable) against SCD-data. Another alternative
is to use NIR spectra as prediction variables (by
partial least square regression), thus circumventing a
linkage to chemically-extractable plant components.
To our knowledge, this approach has not been tested
before.
There is an interdependency, however, between the
residue-specific partitioning and global (shared)
parameters such as decay rates of the litter pools and
microbial biomass as well as the parameters governing the C/N stoichiometry of microbial reactions
(microbial growth yield and C/N ratio of microbial
biomass). By interdependency, we mean that the
partitioning of plant residue C and N into litter pools
to achieve correctly predicted C and N dynamics is
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dependent on the global parameters used. Consequently, an estimation of residue-specific partitioning
parameters by model fitting would benefit if the
global parameters were adjusted simultaneously. To
our knowledge no attempts have previously been
made to perform a combined optimization of global
and residue-specific parameters. Such a simultaneous
optimization applying a large dataset would effectively search the parameter space for a set of global
parameter values and individual pool partitioning for
each plant residue, improving simulations for a wider
range of plant residues, hence, increasing model
precision and generality. However, with precision
and generality as model objectives, realism is likely
to be compromised (Levins 1966).
The use of global parameters for modeling decomposition of all plant residues implicitly assumes that
the microbial communities involved in their degradation have identical characteristics (capacity for
degrading specific compounds, growth yield, C/N
ratio and decay rate) for all plant residues. This is not
necessarily the case; plant residues could selectively
enhance or inhibit different components of microbial
communities, e.g., fungal or microbial growth, resulting in altered decomposition capacity, growth yields,
and other biomass C/N ratios than that for the
majority of plant compounds. The C and N
mineralization patterns of such materials would be
poorly predicted by the model, not so much because
the litter pool partitioning is wrong but because the
global parameter values are inadequate for these
particular materials. Investigation of these individual
plant materials could test if model performance would
improve by changing the litter decay rates, microbial
growth yield or biomass C/N ratio, implicitly testing
if model inadequacy could be caused by selective
stimulations of microbes with a different capacity for
degradation and C and N assimilation than those
degrading the majority of plant residues.
Our objective was to assess the performance of a
two-litter-pool SOM model (Nitrosim) when the
initial sizes of the litter pools were determined either
as neutral detergent soluble (NDS) or by regression
models of kinetically-defined litter pools. The latter
implied estimating the litter pool partitioning parameters by model optimization on a comprehensive
calibration dataset of C mineralization and N immobilization/mineralization from plant residues (n=60)
and then selecting and evaluating the predictors based
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on either SCD or NIR data. Predictors were either
simple-linear, multiple-linear, or PLS (partial least
squares) regression models. On an external validation
dataset (n=15), we tested the hypothesis that the
regressions of kinetically-defined litter pools would
improve model performance as compared to the direct
translation of NDS data to partitioning. We were also
interested in finding out if data from NIR were better
than SCD as regression model predictor variables.
A closely related objective was to investigate the
improvements from simultaneously optimizing the
residue-specific litter pool partitioning and the interrelated global parameters (litter pool decay rates and
microbial growth yield and C/N ratio). We hypothesized that this approach would identify a set of global
parameters that increases the number of crop residues
for which Nitrosim can adequately simulate C and N
mineralization. We further hypothesized that model
inadequacy remaining after such simultaneous optimization could still be serious for certain residues, not
due to inadequate litter pool partitioning but because
the global parameters are inadequate. Therefore, in a
search for potentially explanatory patterns related to
microbial community structure, alternative values for
the global and residue-specific parameters were
investigated in exploratory optimizations using data
of single outstanding residues.

Materials and methods
The data
We used published data from controlled experiments
of a joint Nordic research project (Jensen et al. 2005).
CO2 evolution and mineral N (Nmin = N-NH4+ and NNO3−) from 76 plant materials incubated in a sandy
soil at 15°C were measured in triplicate at 14 and
8 occasions (m=14 for C and m=8 for N), respectively, over 217 days. Factors potentially influencing
C and N mineralization, except for plant resource
quality, were standardized. Details of the incubation,
plant materials, and soil are described by Jensen et al.
(2005). SCD was used to quantify C and N in the
NDS, hemicellulose, cellulose and lignin fractions,
and NIR spectra were recorded (Stenberg et al. 2004).
The residues used were from plants commonly
cultivated in Scandinavia. They covered a broad
spectrum of plant residue qualities (SM Table 1),

208

Plant Soil (2011) 338:205–222

implying that N mineralization patterns varied from
long-term net immobilization from, e.g., stems of
hemp and wheat, to rapid net mineralization, as seen
for green leaves of turnip rape and winter rye. Patterns
displaying immobilization followed by a mineralization were also represented (SM Figure 1). The plant
materials were incubated in five different countries.
We used the batch from Iceland as validation data
(n=15 plant materials), which was, therefore, excluded from the optimization procedures. The remaining
four incubation batches are referred to as the
calibration dataset.
The Nitrosim model
Nitrosim is the soil organic matter decomposition
submodel of the SPN (soil–plant–nitrogen) ecosystem
model (Bleken et al. 2009), which is a refinement of
the SOILN and SOILN_NO models (Johnsson et al.
1987; Vold et al. 1999). The ten variables describing
the C and N pools are rapidly decomposing litter
(litter 1: CL1 and NL1), slowly decomposing litter
(litter 2: CL2 and NL2), microbial biomass (CB and
NB), active humus (CH and NH), respired CO2 (CO2),
and net mineralized N (Nmin) (Fig. 1). The decomposition of the four pairs of C and N pools is defined by
first-order decay rate constants: kL1 and kL2 for litter 1
and 2, kB for the microbial biomass, and kH for the
active humus pool. It is assumed that the difference in
decomposition rates observed for plant materials can
be ascribed to a residue-specific partitioning of C and
N between the two litter pools. All decay rates, the
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Fig. 1 Schematic presentation of the carbon (C) and nitrogen
(N) flows in the Nitrosim model including state variables (box),
their decay rates (k) and fractionation constants (f). L1 and L2:
rapidly and slowly decomposing litter pools, B: microbial
biomass, H: humus; CO2 and Nmin: mineralized products

microbial growth yield (fe, the fraction of decomposed C from litter and humus assimilated into
microbial biomass) and the humus yield (fh, the
fraction of microbial biomass decay that is humified)
are assumed to be independent of the litter input and
are, therefore, referred to as global parameters. The N
flows are proportional to the C flows by the C/N
ratios of the litter pools and those of the microbial
biomass and the humus pools (CNB and CNH, both
constants). The decomposed N in excess of what is
assimilated by microbial growth or humified, determines the net N mineralization. Although being
mechanistic by nature, the model can be considered
simplistic because it only has two residue-specific
parameters, PC and PN, which define the fractions of
total plant C and N inputs, respectively, assigned to
the easily decomposable litter pools.
Calibration by optimization of global
and residue-specific parameters
The relevant parameters of the decomposition model
(kL1, kL2, fe and CNB) were optimized using the
observed CO2 and Nmin of the calibration dataset (n=
60; green leaves of lupine was removed due to
unrealistic optimization). The default values for the
global parameters were kL1 = 0.13 day −1, kL2 =
0.004 day−1, kB =0.002 day−1, kH =0.000085 day−1,
fe =0.3, fh =0.2, CNH =10, and CNB =5.6. Net respiration and N mineralization caused by the added plant
material only were estimated by subtracting the
corresponding values from the control soil incubations
(soil without plant amendments), thus eliminating the
need for estimating the initial size of the microbial
and humus pools, which were initialized as zero.
For each material the initial Nmin pool was determined by the mean of the measurements from the
first sampling.
Two different Nitrosim calibrations were made
depending on the litter pool partitioning method, which
resulted in the two global parameter sets of kL1, kL2, fe,
and CNB, referred to as NDS and OPT (Fig. 2). In the
calibration NDS, the litter pool partitioning was based
on NDS and the PC and PN parameters were equal to
the fraction of total litter C and N in the NDS fraction
and global parameters were estimated by model
optimization giving the NDS parameter set (Calibration NDS, Fig. 2). In the calibration OPT, the PC and
PN parameters were optimized simultaneously for each
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Fig. 2 Illustration of the
procedures (boxes) performed and outputs (rounded boxes) obtained from the
calibration and optimizations, evaluation, testing and
validation of the NDS-based
litter pool partitioning, the
kinetically-defined (optimized) partitioning, and the
prediction of the optimized
partitioning. The optimizations were made in two
steps: first with respect to
CO2 evolution and then to
net N mineralization/immobilization (for further detail,
see the text). Global parameter sets consist of litter
pool decay rate constants
(kL1 and kL2), microbial
growth yield efficiency (fe),
and C/N ratio of the microbial biomass (CNB). NDS:
neutral detergent soluble,
SCD: stepwise chemical digestion, NIR: near-infrared
reflectance spectroscopy
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Calibration NDS:
• PC and PN equal to the NDS-C /total-C
and NDS-N/total -N ratios
• Optimization of global parameters

Parameter set NDS:
kL1 = 0.127
kL2 = 0.0052,
f e= 0.35, CNB= 5.6

Calibration OPT:
•PC and PN and global parameters
estimated simultaneously by model
optimization

Parameter set OPT:
kL1 = 0.099, kL2 = 0.0025,
f e= 0.30, CNB = 7.1
60 PC* and 60 PN* values

Evaluation of Nitrosim model
performance of NDS versus OPT
calibration parameter sets

Exploratory
optimizations of
global and
partitioning
parameters

Regression model selection
of PC* and PN* from SCD and
NIR data

Table 1 (upper part)
Figure 3

Testing regression models on
the SLSCD, MLSCD and PLSNIR
simulations of the calibration
dataset and compare to NDS

Simple-linear, multiple-linear,
and PLS regression models
for prediction of P̂ and P̂ N
C

Table 1 (upper part),
Figures 4, 5, 6 and 9

Validation using external C and N mineralization data of 15 plant residues

Table 1 (lower part),
Figures 7, 8 and 9

plant material (n=60), with the global parameters
resulting in the OPT global parameter set (Calibration
OPT, Fig. 2). The optimized litter pool partitioning
parameters are referred to as PC* and PN* where *
indicates that they are kinetically defined. All parameter values were estimated by least squares curve
fitting of simulated to observed data (CO2 and Nmin)
using the Levenberg-Marquardt optimization algorithm
in MATLAB with a modified version of leasqr (by
Shrager, Jutan and Muzic). It was possible to optimize
for the global (shared) and the residue-specific parameter values simultaneously because each specific
parameter affects only the output related to the data

of that one plant material. This also enabled us to use
memoization (Norvig 1992) to speed up the optimization. We found it necessary to perform separate
optimization steps against CO2 and Nmin. First,
parameter values for the litter pool decay rates (kL1
and kL2), the microbial growth yield (fe), and for OPT
also PC were estimated by optimizing the model
performance with respect to CO2 emission. Secondly,
the C/N ratio of the microbial pool (CNB), and for
OPT also PN were estimated with respect to Nmin data.
The estimated values of the two global parameter sets
are shown in Fig. 2. The resulting C and N
mineralization simulations (NDS and OPT) were
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evaluated by statistics of mean absolute errors and
modeling efficiency (Evaluation of Nitrosim, Fig. 2)
Exploratory optimizations
In order to investigate the causes of remaining model
failure after the simultaneous optimization (OPT), we
conducted individual model optimizations for different
global parameters (Exploratory optimizations, Fig. 2).
We explored the consequences of assigning local
(residue-specific) parameter scope to the global parameters (kL1, kL2, fe, and CNB) for selected materials as
follows: i) litter pool decay rates (kL1 and kL2) were
assigned local scope for the residues with the largest
model errors for C and N mineralization (n=5), also
allowing PC and PN to be re-estimated, ii) microbial
growth yield (fe) was assigned local scope for all
residues in the calibration data (n=60), while keeping
PC* and PN* fixed, and iii) the C/N ratio of the
microbial biomass (CNB) was assigned local scope
together with PC and PN for selected residues whose
PN* was either 1 or 0 (n=7). Optimizations for kL1,
kL2, and fe explored the assumption that model failure
was not due to an inappropriate litter partitioning, but
instead caused by inadequate global parameter values,
while optimizations for CNB additionally sought
explanations for unrealistically optimized PN* values.
Predictors of the kinetically-defined litter pool
partitioning: selection of regression models
To find general predictors of the kinetically-defined
litter pool partitioning parameters PC* and PN* the
relationships between them and potential litter quality
descriptors, such as C and N in the SCD fractions and
NIR data were investigated. We built cross-validated
simple-linear, multiple-linear, and PLS regression
models and selected the best one for each of the three
regression procedures (Regression model selection,
Fig. 2).
We observed that the best results were obtained when
quantities of C and N in litter (mg C or N g−1 plant DM,
calculated as CL1* = PC* × CTOT and NL1* = PN* ×
NTOT) rather than the actual optimized fractions, were
used as the dependent variables in the regression
models. The quantity estimated by the three regression
b L1 and N
b L1 , together with
models, referred to as C
measured total C and N (CTOT and NTOT) in each
residue, were used to calculate the predictions of the
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kinetically-defined litter pool partitioning parameters
b
PN . In the process, values outside the range of
PC and b
0–1 occurred for a few residues, and these were
truncated to zero or one.
The performance of the simple-linear, multiplelinear and PLS regression models was tested on the
calibration dataset (Testing regression models, Fig. 2)
in order to evaluate the loss of information connected
to the regression procedures. The Nitrosim simulations using the three regression models for prediction
of the kinetically-defined pool partitioning are referred to as SLSCD, MLSCD, and PLSNIR. We applied
the same statistics as for the Nitrosim evaluation and
the validation procedure (see below).
Simple- and multiple-linear regression models based
on SCD fractions
Model combinations were constructed using all
available SCD fractions (C and N in NDS, hemicellulose, cellulose and lignin and total). Simple-linear
models with one independent variable and multiplelinear models with several independent variables were
selected based on the highest coefficient of determination (R2). Further criteria for selection were p≤0.05
for all variables included in the model and Mallow’s
Cp, as computed by Proc Reg with the SAS software
(SAS Institute Inc 1989). Because of the collinearity
between the variables, we decided to limit the number
of independent variables to a maximum of three in the
ML models. The best models were fully crossvalidated (a leave-one-out approach) using MLR in
Unscrambler® software, which gave the final models.
Partial least squares regression models based on NIR
Partial least squares (PLS1) analyses were performed
in Unscrambler, to construct regression models for
estimation of the kinetically-defined partitioning
parameters, PC* and PN*, from NIR data. To avoid
jeopardizing model robustness, we used only the
1100–2500 nm range of the NIR (Bruun et al. 2005).
The spectra were transformed from the measured
reflectance (R) into absorbance by A = log (1/R). To
smooth the spectra and minimize the effects of
nonspecific scatter, we further transformed the data
taking the Savitzky-Golay second derivative by fitting
the spectra to a second-order polynomial function
with four (2nd4) and eight (2nd8) adjacent points on
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both sides. Fully cross-validated models with a
maximum of ten PLS components were run using
the three data formats (un-transformed, 2nd4, and
b and N
b L1 were chosen
2nd8). The best models for C
L1
for the Nitrosim simulation (PLSNIR) by selecting the
number of PLS components giving rise to the lowest
standard error of prediction (SEP), which is calculated
as the standard deviation of the residuals.
External validation of NDS and regression model
predictions of kinetically-defined partitioning
To compare NDS-based partitioning with regression
models predicting the kinetically-defined pool partitioning, we used a validation dataset (n=15) consisting of samples incubated in Iceland (Validation,
Fig. 2). The statistics applied were the same as for
the evaluation of the simultaneous optimization, the
testing regression models, and the external validation.
The Nitrosim simulations using regression models to
predict the litter pool partitioning are referred to as
SLSCD, MLSCD, and PLSNIR.
Evaluation statistics for decomposition model
performance of simulated C and N mineralization
Nitrosim performance was evaluated for the five
simulation runs (OPT, NDS, SLSCD, MLSCD, and
PLSNIR) by calculating the mean absolute error MAE
(1.1) and the modeling efficiency EF (1.2) for all
plant materials:
PN
MAE ¼

i¼1

PN
EF ¼

i¼1

jyi  ybi j
N

P
ðyi  yÞ2  Ni¼1 ðyi  ybi Þ2
PN
2
i¼1 ðyi  yÞ

ð1:1Þ

ð1:2Þ

Where yi is the i’th of the N observations (N =
m×n, n=60 and 15 plant materials in the calibration
and validation datasets, and m=14 and 8 sampling
occasions of CO2 and Nmin, respectively), byi is the
corresponding values predicted by the Nitrosim
model, and y is the average of the observed values.
MAE values were also calculated for the individual
plant materials (N = m).
Frequentist statistics based on hypothesis testing
and P values have been criticized for being poor

criteria for selection of ecological models because of
the inherent stochasticity, scale-dependency, and
nonlinearity of the systems under study (Burnham
and Anderson 2002; Hastings et al. 2005). In model
evaluation, elements of information theory can be
implemented by AIC (an information criterion) to
extract and separate information from noise (Akaike
1973). AIC of the j’th model (or simulation run) was
calculated in R software and according to Burnham
and Anderson (2002) as
 X

1
N
2
AICj ¼ N ln
ðy  ybi Þ þ 2K;
i¼1 i
N
where K=2 and is the number of free parameters. The
Akaike weights wj that quantify the probability that
simulation model j ( j = 1, 2... J ) is best among the J
models tested, were calculated as
e$AICj=2
wj ¼ PJ
;
$AICj=2
j¼1 e
with the relative AIC differences (ΔAICj) being
$AICj ¼ AICj AICmin and AICmin is the smallest
AIC value. Due to its obvious advantage, the OPT
model was not included; hence, J=4.

Results
Model performance by simultaneous optimization
for global and residue-specific parameters
The improvement in model performance from the
simultaneous optimization of global and residuespecific parameters was considerable compared to
optimization of global parameters only. This is seen in
higher EFs and ∼50% reduction of MAE both for C and
N mineralization (Table 1). The improved performance
from OPT was partly due to an effective reduction of a
systematic over-estimation of N-mineralization during
the early phase and an underestimation during the late
phase of the incubations (results not shown). Also, for C
mineralization the OPT calibration removed most of the
temporal bias by eliminating the initial underestimation.
The systematic bias visible in the plot of observed
versus predicted values was reduced; the regression
lines cohered around the 1:1 line of perfect agreement
(OPT, Fig. 3). Especially for N, the regression lines
were no longer significantly different from the bisect.
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Table 1 Evaluation, testing and validation statistics of Nitrosim simulations of C mineralization and net N mineralization/
immobilization applying different litter pool partitioning:
measurable neutral detergent soluble C and N (NDS), simplelinear (SLSCD), multiple-linear (MLSCD), or PLS (PLSNIR)
regression models, or optimization (OPT). The three regression
were based on either stepwise chemical digestion (SLSCD and
MLSCD) or near infrared reflectance spectroscopy (PLSNIR) data
Simulation

for prediction of the kinetically-defined (optimized) pool
partitioning. The ‘OPT’ of validation simulation used the
global parameter set OPT (see Fig. 2) and optimized pool
partitioning. For each model simulation, the relative AIC
(ΔAIC), Akaike weights (w), modeling efficiency (EF), and
mean absolute errors (MAE mg C or N kg−1 soil) calculated
over N (N = m × n, with m sampling times and n plant residues)
are reported

C mineralization
ΔAIC

w

N mineralization
EF

MAE

ΔAIC

w

EF

MAE

Calibration data (n=60)
NDS

9446

1E−39

0.84

478

3581

1E−85

0.66

68
45

SLSCD

9448

4E−40

0.87

430

3258

2E−15

0.83

MLSCD

9267

1E+00

0.89

396

3190

1E+00

0.84

44

PLSNIR

9396

1E−28

0.88

411

3279

4E−20

0.80

49

§

–

0.96

233

–

–

0.92

29

OPT

Validation data (n=15)
NDS

2306

4E−27

0.860

455

877

5E−27

0.40

61

SLSCD

2275

2E−20

0.861

457

785

6E−07

0.71

43

MLSCD

2272

9E−20

0.87

448

756

1E+00

0.64

46

PLSNIR

2184

1E+00

0.90

393

794

5E−09

0.65

50

‘OPT’

–

–

0.98

193

–

0.87

26

–

§ ΔAIC and w are not presented for the optimized model as it is obviously the best

Compared to calibration NDS, calibration OPT
resulted in lower decay rates of kL1 =0.099 day−1 and
kL2 =0.0025 day−1, and microbial growth yield of fe =
0.30, but an increase in the C/N ratio of the microbial
biomass to 7.1 (Fig. 2). The kinetically-defined
partitioning assigned more C and less N to the rapidly
decomposing pool (litter 1) than measured as NDS.
Mean values of the optimized fraction parameters
(PC* =0.54 and PN* =0.44) were 30 % larger for PC but
46 % smaller for PN than the measured NDS fractions
(PC =0.47 and PN =0.82). The C/N ratios of the
optimized litter 1 pool varied much more (20th
percentile, median and 80th percentile: 19, 32 and 152)
than the NDS-C/NDS-N ratios (same statistics: 10, 18
and 28). Consequently, the optimized slowly decomposing pool (litter 2) had lower C/N ratios (same statistics: 9,
37, 90) than measured by SCD (same statistics: 42, 140,
267). The PN* values differed more than PC* values,
hence, the relative improvement potential in model
performance was greater for N than for C mineralization (Table 1), which is also seen from the relative
distance between NDS and OPT in the cumulated
frequency plots of individual mean absolute errors
(Figs. 4 and 5). For six plant materials [barley spikes

(SP), elephant grass, wheat green leaves (GL) 2, wheat
stems (ST) 2, 4 and 5] the optimization assigned all N
to the slowly decomposing litter pool (i.e., PN* =0, SM
Table 2). Measured NDS-N fractions of these residues
were between 0.67 and 0.91 (SM Table 2) indicating
that the PN* estimates were somewhat unrealistic.
However, they all had small N contents (<3 % N
except for elephant grass with 13% N). Consequently,
large model errors were not observed (SM Table 3).
Exploratory optimizations finding alternative
parameter values for outlying plant residues
Although the simultaneous optimization of litter pool
partitioning and global parameters (OPT) resulted in
good agreement between simulations and measurements for a majority of plant residues, large model
errors (MAE>700 mg C kg−1 soil) still occurred for
green leaves (GL) of barley and wheat spikes (SP) no
2, which showed a substantially underestimated C
mineralization (SM Figure 1 and SM Table 3).
Decreasing kL1 to 0.03 significantly reduced the errors
for both residues (e.g. from 1100 to 350 mg C kg−1
soil for wheat SP 2) and eliminated the pattern of
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Fig. 3 Observed versus simulated C mineralization (top) and
net N (bottom) mineralization/immobilization (negative values
means net N immobilization) illustrating the improvement
achieved by simultaneous optimization of global (litter pool

decay constants, microbial biomass C/N ratio and growth yield
efficiency) and litter-specific pool partitioning (OPT) compared
to optimization of global parameters only and litter pool partitioning from measured NDS neutral detergent soluble C and N (NDS)

initially overestimated CO2 evolution followed by
underestimation for both residues (results not shown).
Green leaf materials of rape, turnip rape and winter rye
displayed a rapid onset of a substantial net N
mineralization, which was not captured by the model
(SM Figure 1). The large model errors (MAE>
90 mg Nkg−1 soil) could be substantially reduced (by
30, 26 and 33%) by nearly doubling kL1 to 0.18 day−1
and reducing kL2 to 0.0014 day−1. The partitioning
parameters for none of these five residues reached the
boundary values of 0 and 1, and the re-estimated
partitioning gave equally plausible values.

Using PC* and PN* and the global parameters OPT
except for the microbial growth yield (fe), we
assigned local (residue-specific) parameter scope to
fe and optimized using the whole calibration dataset.
No substantial improvement was found in overall
model performance when evaluated on CO2 evolution
output, nor did the parameter estimates differ much
from the initial values (results not shown).
More realistic PN values were obtained for the four
residues (maize ST 3 and 4, cabbage GL, and
sunflower straw) for which PN* was one, by increasing
CNB from 7.1 to 15. Especially for the maize stems,
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Fig. 4 Cumulative frequency of the mean absolute errors for
simulated C mineralization (mg C kg−1) of individual plant
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OPT, NDS, SLSCD, MLSCD, and PLSNIR. Only errors <800 mg

C kg−1 are shown: larger errors can be seen in the inserted plot,
showing the clusters of mean absolute errors. See Table 1 for
explanation of the simulations

model performance was significantly improved
(∼60%) and the overestimated initial net N immobilization reduced. Cabbage GL and sunflower straw
displayed more erratic mineralization patterns; consequently, model improvements were smaller. The
unrealistic PN* values of zero were corrected to 0.78
(elephant grass), 0.38 (wheat GL 2) and 0.28 (rape ST
2) when reducing CNB from 7.1 to 5. Model errors
increased slightly for elephant grass and rape ST, but
for wheat GL MAE was reduced by 44 %.

predicted and optimized values; for carbon r=0.81,
0.87, 0.84 and for nitrogen r=0.93, 0.94, 0.89, for
the simple-, multiple-linear and PLS models, respectively. No single model was clearly better than
others; however, standard error of prediction was
smallest for the multiple-linear model (SM Table 4).
The cross-validated simple regression models
b ¼ 0:67CNDS þ 99:8 and N
b L1 ¼ 0:658NTOT  2:1
C
L1
predicted the optimized partitioning parameters
b L1 could
well. All units are mg C or N g−1 DM. N
equally well be predicted from NDS-N. The
cross-validated multiple regression models were
b L1 ¼ 0:52CNDS þ1:14NNDS  0:54CTOT þ358:5 and
C
b L1 ¼ 0:703NNDS 4:3NLIGN þ 0:29. Red clover
N
b L1 models because of its high
was excluded in both N
leverage. The best PLS models were for C based on the
untransformed NIR spectra and nine PLS components,

Selection of the regression models based on SCD
or NIR data
The cross-validated regression models for prediction of the kinetically-defined partitioning parameters gave similar correlation coefficients between
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simulations OPT, NDS, SLSCD, MLSCD, and PLSNIR. Only

errors <140 mg N kg−1 are shown: larger errors can be seen in
the inserted plot, showing the clusters of mean absolute errors.
See Table 1 for explanation of the simulations

and for N on the 2 + 8 transformed NIR spectra and six
PLS components. Predictions were of similar accuracy
using either spectra transformation (SM Table 4). But
the spectral transformation increased the number of
b L1 giving 5, 6, and 7 for the
negative predictions of N
untransformed, 2+4, and 2+8 NIR spectra, respectively
(SM Table 4). The best PLS model yielded one b
PC > 1
and seven b
PN < 0 (SM Table 2). The simple- and
multiple-linear models gave three and one negative PN
values, respectively, but not for the same residues.
When the predictors were used for the validation
dataset, two residues, barley ST 2 and maize ST 5,
obtained negative b
PN values by the multiple-linear and
PLS models, but not for the simple-linear model.

MLSCD, and PLSNIR simulations, where the residuals
were close to zero after 50 days, especially for N but
also for C (Fig. 6). However, there were no marked
differences in model errors for individual plant
residues between the simulations using the regression models neither for C (Fig. 4) nor net N
mineralization (Fig. 5), and the plots of the observed
versus predicted values were not statistically different from the bisect for any of the simulations (SM
Figures 2 and 3).

Testing and comparing the regression models
for prediction of kinetically-defined litter pools
The temporal bias seen for the NDS calibration
simulation was practically eliminated by the SLSCD,

Validation of the NDS and kinetically-defined litter
pool partitioning methods
When regression models were used to predict the
optimized litter pool partitioning, the ability of Nitrosim to simulate C and N mineralization for the
validation dataset was improved as compared to
simulations using NDS-based partitioning (Table 1;
SM Fig. 4).
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Fig. 6 Distribution of the calibration residual errors ε (C or
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simulations NDS, SLSCD, MLSCD, and PLSNIR. See Table 1 for
explanation. Lines join the medians and vertical line join the
20th and 80th percentile. Model simulations have been slightly
displaced along the x-axis and the first observation day has
been omitted in order to make the figure more legible

The validation showed a noticeable improvement in
simulated net N mineralization by SLSCD, MLSCD and
PLSNIR compared to the NDS simulation, as indicated
most clearly by the larger EF (range 0.64–0.71 versus
0.40) and smaller mean absolute errors (range 43–50
versus 61 mg N kg−1; Table 1). The advantage of the
kinetically-defined partitioning over the NDS-based
one was more pronounced for N than for the C
simulations. All Akaike weights for the SLSCD, MLSCD,
and PLSNIR, simulations were larger than for the NDS
simulation (Table 1), lending support to the kineticallydefined partitioning predicted by the regressions models. Mean absolute errors for individual residues using
NDS were all larger than 40 mg N kg−1, and the

Simulated CO2 evolution

Residual (mg C kg 1 )

1000
500
0
-500
-1000
-1500

Residual (mg N kg 1 )

For the NDS validation simulation, the temporal trend
of residuals showed an overestimation of early
(<50 days) C mineralization followed by an underestimation in the late phase (>150 days; Fig. 7). Among
the regression models tested, only the PLSNIR
simulations showed an underestimation between 80
and 200 days, which was not seen in the calibration
dataset (Fig. 6). To evaluate the overall model
performance using different litter pool partitioning
methods, we listed various model-performance indicators in Table 1, both for the calibration and the
validation datasets. The NDS simulations received the
largest validation AIC value but the Akaike weights
gave similar probabilities of support to SLSCD and
MLSCD compared to NDS (Table 1). The best
simulation using regression models was PLSNIR and,
compared to NDS, it reduced overall MAE values by
13% and modeling efficiency (EF) was slightly
improved from 0.86 to 0.90 (ibid). Further inspection
of the cumulated frequency plotted against MAE
showed that the advantage of PLSNIR over NDS
occurred from reduction in the smaller error values
(Fig. 8). For comparative reasons, we included the
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Fig. 7 Distribution of validation residual errors ε (C or N kg−1,
ε = observed–simulated) for C mineralization (top) and net N
mineralization/immobilization (bottom) over time from simulations NDS, SLSCD, MLSCD, and PLSNIR. See Table 1 for
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20th and 80th percentile. Model simulations have been slightly
displaced along the x-axis and the first observation day has
been omitted in order to make the figure more legible
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Table 1 for explanation). Only errors >160 and <800 mg Ckg−1
or <80 mg N kg−1 are shown. Symbols in box apply to both
figures

smallest MAE values for SLSCD, MLSCD, and PLSNIR
were reduced by approximately 50% compared to the
errors from the NDS simulation (Fig. 8, SM Table 3).
Both the temporal and the systematic biases were
reduced by the regression model prediction of the
kinetically-defined partitioning compared to the NDSbased partitioning (Figs. 7 and 9).

management tool for improving the N dynamics of
agricultural systems. The noise introduced by the
regression models almost doubled the model errors as
compared to the optimized partitioning parameters
(PC* and PN*), even for the calibration data. Nevertheless, the model performance based on external
predictor variables, i.e., SCD and NIR for the litter
pool partitioning, was quite satisfactory, possibly due
to the major reduction in overall model error by the
simultaneous optimization.
In Nitrosim, the estimated partitioning of residue N
into the two litter pools was not necessarily proportional to that of residue C; i.e., for each residue, the C/
N ratio of the litter pool could be very different from
each other. The optimization procedure generally
assigned more C (average increase 30%) and remarkably less N (average decrease 46%) to the rapidly
decomposing pool than what was measured as NDS.
As a result, the C/N ratio of the kinetically-defined
litter 1 pool varied much more than the NDS-C/NDSN ratio. For litter 2, the kinetically-defined C/N ratio
was much lower than the NDS-based one. It is likely
that the C/N ratios of the kinetically-defined litter
pools contributed to the correction of the temporal
bias of N mineralization. However, this temporal bias
could also reflect a gradual change of the microbial
biomass throughout the course of plant residues
decomposition, as indicated by Henriksen and Breland (1999a). If so, the estimated C/N ratios are
essentially erroneous, and the predictions of N

Discussion
Plant litter pools defined kinetically or measured
as NDS
Evaluated on an external validation dataset, our
results supported the hypothesis that kineticallydefined partitioning improves the performance of the
mechanistic model compared to partitioning according to NDS fractions. Underestimation of initial CO2
emissions for plant residues with small N contents,
which was also seen in CENTURY modeling (Parton
et al. 1994), existed in our simulations with using the
NDS-based partitioning. This was avoided in the
simulations applying the proposed regression models
for prediction of the kinetically-defined litter pool
partitioning parameters (Fig. 7). Using the kineticallydefined partitioning removed the temporal bias of
initial overestimated net N mineralization as seen
when using NDS-based partitioning (Fig. 7). This is
an important advantage when applying models as a
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mineralization kinetics are thus reasonably good for
wrong reasons. An alternative could be to diversify
the microbial biomass into a litter 1-consuming pool
having a low C/N ratio and a litter 2-consuming pool
having a higher C/N ratio (Henriksen and Breland
1999b). This would contribute to removing the
temporal bias in N mineralization simulated with
NDS-based partitioning and would also take account
of a possible interaction between residue C/N ratio
and biomass C/N ratio (see the discussion of basic
model assumptions below). A similar approach was
found successful by Petersen (2007) but was abandoned for practical reasons when implementing the
module in more comprehensive ecosystem models.
Choice of regression model for prediction
of kinetically-defined litter pool partitioning
The simplest statistical models, SL, gave similar
reductions in mean absolute errors of N mineraliza-

tion for both the calibration (33%) and validation
(30%) data, whereas for C, only a 10% reduction for
the calibration dataset was seen (Table 1). For both C
and N mineralization, no noticeable advantage was
seen by using a multiple- instead of simple-linear
regression model. Hence, including NDS-N and total
C in addition to NDS-C for prediction of b
PC did not
improve model performance. We found total N to be
as good as NDS-N for prediction of b
PN , which
supports the many studies relating net N mineralization primarily to total N concentration or the C/N ratio
(Janssen 1996; Kumar and Goh 2003). However, a
retarding effect of lignin on N release is well
documented and lignin quality, i.e. level of condensation and monomers, has been proposed to explain
the difference in decomposition rates (Berg and
McClaugherty 2008; Bertrand et al. 2006). In our
study, there was no reduction in the errors of the
simulated mineralization of the materials high in
lignin-N (>1 mg g−1DM) when adding the lignin N

Plant Soil (2011) 338:205–222

variable to the regression model. We conclude that
lignin does not need to be considered for estimation
of the kinetically-defined N litter pools of common
agricultural plant residues. Application of the SL
regression model proposed here requires plant residue
analysis of NDS-C and total N. Although extraction
of NDS-C is less demanding than the extraction of all
SCD fractions, it is costly and much less likely to be
routinely applied for modeling than NIR analysis.
Generally, NIR analysis produce more precise
and repeatable measurement than wet chemistry
(Shepherd et al. 2005). Although in the validation,
the NIR simulation was slightly better than SL and
ML for prediction of C mineralization, improvements were marginal and for N mineralization, NIR
performed slightly poorer than the other two regression models. There was no obvious relationship
between plant biochemical compositions and large
model errors from the NIR simulation. This study
confirmed the well-established ability of NIR to
predict plant composition and related decomposition
model parameters (Bruun et al. 2005; Foley et al.
1998; Shepherd et al. 2005; Stenberg et al. 2004).
Considering the time and cost efficiency of NIR
analysis, our results advocate the use of NIR as a
standard procedure for litter pool partitioning of
SOM models.
Validity of basic model concepts and parameter
values for modeling soil C and N turnover
There are three implicit assumptions in modeling
plant residue mineralization by a two-litter-pool
model optimized on global parameters and residuespecific pool partitioning: 1) plant residue decomposability can be expressed by two components each
having the same decay rate for all plant materials, 2)
microbial growth yield is unaffected by the quality of
carbon substrate and process rate, and 3) the C/N ratio
of the active microbes is unaffected by substrate
quality (unless N assimilation is limited by available
mineral N in soil). These assumptions appeared
acceptable for a majority of the plant materials,
except for a few outlying residues as presented in
the exploratory optimizations. For these plant residues, the exploratory optimizations could tentatively
identify the cause of model failure as either an altered
decay rate for the easily decomposable litter fraction
(kL1 reduced for wheat SP 2 and barley GL and
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increased for green leaves of rape, turnip rape and
winter rye), or as an altered C/N ratio of the biomass
(CNB increased from 7 to 15 for maize stems and
decreased to 5 for wheat GL 2). These alternative kL1
and CNB values for individual plant residues are
within a realistic range, but they should be taken as
hypothetical explanations for model failure, which
would require further experimental testing. In contrast, the exploratory optimizations did not identify
the global microbial growth yield (fe =0.3) as a cause
of model failure for any of the plant residues. This
indicates that the growth yield was practically
unaffected by the residue qualities tested, legitimizing
the use of a common growth yield for all substrates.
This notion is supported by experimental evidence; a
recent study showed that microbial communities
sourced from lignified and herbaceous soil habitats,
were found to decompose low- and high-quality litter
with similar apparent growth yield (Strickland et al.
2009). Moreover, soils with different fungal/bacterial
biomass ratio were found to decompose glucose with
similar apparent growth yield (Thiet et al. 2006).
In summary, the exploratory simulations suggested
that a few plant residues deviated from the rest by
selectively stimulating microbes with either a high
C/N ratio (15, presumably dominated by fungi) or a
low C/N ratio (5, presumably dominated by bacteria),
whereas the effective growth yield (as modeled) was
very similar for all plant residues. Our value for
microbial growth yield was 0.30, which is lower than
the range 0.45–0.60 applied in many other models
(Corbeels et al. 1999; Corbeels et al. 2005; De
Neergaard et al. 2002; Henriksen et al. 2007; Mueller
et al. 1997; Parton et al. 1987). There is no real
conflict here; however, since the effect of fe on the
simulated C and N mineralization during residue
decomposition depends on the decay rate of the
biomass (higher biomass decay rates would demand
higher fe values). The values of the biomass decay
rate (kB) of the cited papers are substantially higher
than our relatively low value of 0.002 day−1. We can
tentatively identify two alternative calibration regimes
here, one operating with low fe and kB values and one
with high fe and kB values. The latter has been chosen
by many authors to comply with measured microbial
biomass, but this tends to underestimate initial net N
mineralization and overestimate late N mineralization
during litter decomposition (De Neergaard et al.
2002). A solution to reducing this temporal bias in
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simulated biomass and net N mineralization has been
to introduce a biomass pool with a lower decay rate
(Henriksen and Breland 1999b), or a pool of
temporarily protected biomass residues (Mueller et
al. 1997). Our lower values for this parameter set
(f e and k B ), appears to achieve reasonable N
dynamics for the great majority of plant residues
(including those with high C/N ratios) without such
complicating elements. The implication of this parameter set is, however, that simulated biomass is
much higher than that normally measured by chloroform fumigation or microscopy.
Due to the relatively short incubation period we
did not calibrate the humification coefficient (fh =0.2
was used), which regulates the fraction of decaying
biomass transferred to the stable humus pool (kH =
8.5×10−5). We investigated the sensitivity of the
model output to changes in this parameter. Adjusting
fh up or down by 50 % had a negligible effect in
model errors of approximately 1% of MAE for CO2
and <1 % for N (result not shown). The fact that
model performance was insensitive to changes in fh is
of practical importance because it allows adjustment
of this parameter against long-term soil C and N data
without deteriorating its ability to predict short term C
and N dynamics.
The experiments simulated were planned so as to
ensure ample mineral N contents of the soils
throughout the incubations. Thus, microbial N assimilation was never limited by mineral N, and phenomena evoked by N limitation of microbial growth were
never encountered. Consequently, it would be meaningless in our case to introduce N limitation feedbacks
on the decomposition rates as suggested by Manzoni
and Porporato (2007) and implemented in the model
of Henriksen and Breland (1999b). This is not to say
that we deny that such phenomena occur, only that
they would not occur in our experiment.

Conclusions
The combined determination of litter pool partitioning
and interrelated global parameters effectively identified a set of global parameters by which the C
mineralization and N immobilization/mineralization
of a large variety of plant materials could be
adequately simulated by a simple mechanistic twolitter pool model. As an alternative to this kinetic
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determination of plant residue partitioning (which
require time-consuming incubation experiments), we
found that the partitioning could be estimated with
reasonable results by regression models using more
easily measureable variables such as near infrared
analyses (NIR) or a truncated stepwise chemical
digestion scheme (total N and NDS-C). Therefore,
we consider the developed regression models, and
especially the NIR model due to its convenient, rapid
analysis, to improve the ability for robust estimation
of kinetically-defined plant litter pools in SOM
models. Although certain plant materials posed a
challenge to the simplistic model structure, mineralization from the vast majority of the 75 agricultural
crop residues were simulated well by Nitrosim.
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