University Library

o o A gateway to Melbourne's research publications

Minerva Access is the Institutional Repository of The University of Melbourne

Author/s:
Pan, B;Huang, Y;Xia, L;Liang, J;Liu, R;Luo, Y;Du, Z;Chen, D;Lam, SK

Title:
Estimating fractions of N20 emissions from nitrification and denitrification using data
assimilation

Date:
2025-10-01

Citation:

Pan, B., Huang, Y., Xia, L., Liang, J., Liu, R., Luo, Y., Du, Z., Chen, D. & Lam, S. K.
(2025). Estimating fractions of N20 emissions from nitrification and denitrification
using data assimilation. Biogeochemistry, 168 (5), pp.71-. https://doi.org/10.1007/
$10533-025-01268-x.

Persistent Link:
https://hdl.handle.net/11343/362138

License:
CC-BY


CC-BY

Biogeochemistry (2025) 168:71
https://doi.org/10.1007/s10533-025-01268-x

q

Check for
updates

Estimating fractions of N,O emissions from nitrification
and denitrification using data assimilation

Baobao Pan - Yuanyuan Huang - Longlong Xia -
Junyi Liang - Rui Liu - Yiqi Luo - Zhenggang Du -
Deli Chen + Shu Kee Lam

Received: 22 March 2025 / Accepted: 27 August 2025 / Published online: 5 September 2025

© The Author(s) 2025, corrected publication 2025

Abstract Nitrous oxide (N,O) emissions play a
significant role in global warming and stratospheric
ozone depletion. Nitrification and denitrification
represent the primary pathways of N,O emissions in
agroecosystems. However, modelling the responses
of nitrification, denitrification, and subsequent N,O
emissions to soil conditions and nitrification inhibi-
tors remains challenging, as the fractions of N,O
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emissions derived from nitrification and denitrifi-
cation used in model simulations cannot be directly
measured. In this study, we estimated soil nitrifica-
tion, denitrification, N,O emissions, and their related
parameters via data assimilation under various soil
moisture levels [water-filled pore space (WFPS) at
50% and 70%], incubation temperature (15, 25 and
35 °C) and nitrification inhibitor application (DMPP,
3MPTZ and C,H,) in cereal and vegetable production
systems in Australia. We found that the contribution
of nitrification to N,O emissions (i.e., the fraction of
N,O emitted from nitrification, fy o ;) decreased
with increasing temperature and moisture content,
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whereas denitrification dominated N,O production
(i.e., the fraction of N,O emitted from denitrifica-
tion, fyo g4ni) under 70% WFPS regardless of tem-
peratures. Under fertilizer N application, the use of
nitrification inhibitors decreased fy, ¢ _;, but increased
w20 _ani- The efficacy of nitrification inhibitors in
mitigating N,O emissions varied with environmen-
tal conditions. In this study, we demonstrate the use
of data assimilation to constrain key parameters for
predicting nitrification, denitrification and associated
N,O emissions in response to soil environments and
management practices. Integrating this technique into
ecosystem process-based models has the potential to
enhance model accuracy by reducing uncertainties
and biases.

Keywords Data assimilation - N,O production -
Nitrification - Denitrification - Model parameter

Introduction

Nitrous oxide (N,O) is a potent greenhouse gas con-
tributing to global warming and stratospheric ozone
depletion (Butterbach-Bahl et al. 2013). N,O is pri-
marily produced through nitrification and denitrifica-
tion (Butterbach-Bahl et al. 2013), which are regu-
lated by soil and environmental factors (Bengtsson
et al. 2003; Zebarth et al. 2015; Senbayram et al.
2019). According to a recent global meta-analysis,
soil nitrification rate is positively correlated with
mean annual temperature, microbial biomass car-
bon (MBC), soil pH, total nitrogen, and NH,* con-
tent, but negatively correlated with the C/N ratio
of both soil and microbial biomass (Li et al. 2020).
Soil denitrification rate generally increases with soil
NO;™ content, soil temperature and water filled pore
space (WFPS) while decreasing with soil oxygen
availability (Pan et al. 2022).

Numerous studies have been conducted to investi-
gate nitrification and denitrification processes, their
controlling factors and their contributions to N,O
production (Stevens et al. 1997; Wrage et al. 2005;
Yu et al. 2020). These studies have significantly
advanced our understanding of N cycling includ-
ing N,O emission and its mechanisms and have
facilitated the model development and validation
for simulating N dynamics. The foundational “hole-
in-the-pipe” model (Firestone and Davidson 1989)
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highlights that nitrification rate, denitrification rate,
and the proportion of N lost as N,O are influenced
by soil and environmental factors such as water-filled
pore space (WFPS) and substrate availability. This
model also emphasizes that N,O is not emitted as a
fixed fraction of nitrification or denitrification. How-
ever, it is still challenging to estimate the parameters
of process-based models based solely on limited
experimental data. For example, although modules
of N,O emissions from different pathways have been
included in most process-based models, some param-
eters such as the ratio of N,O derived from nitrifica-
tion and denitrification have not been well estimated.
A fixed ratio is used in these models to estimate the
proportion of N,O emissions from nitrification and
denitrification (Chen et al. 2008), e.g., 0.002 for
estimating N,O emission from nitrification by The
Agricultural Production System sIMulator (APSIM;
Keating et al. 2003), and 0.5 for N,O emission from
denitrification at 80% WFPS for the Water and Nitro-
gen Management Model (WNMM; Li et al. 2007).
Moreover, the relationships between nitrification,
denitrification, their associated N,O emissions and
potential key drivers remain unclear and have been
handled inconsistently in existing process-based mod-
els (Burke et al. 2003). These unknowns may also
result in uncertain predictions of feedback to different
N management practices and environmental condi-
tions (Friedlingstein et al. 2014).

Nitrification inhibitors (NIs) e.g., 3-methylpyra-
zole 1, 2, 4-triazole (BAMPTZ; Wolf et al. 2014,
Wu et al. 2017), 3, 4-dimethylpyrazole phosphate
(DMPP; Zerulla et al. 2001), acetylene (C,H,; Hynes
and Knowles 1978) etc. are widely used to reduce
N,O emissions (Akiyama et al. 2010; Xia et al. 2017).
NIs could delay the oxidation of NH," to hydroxy-
lamine, the first step of nitrification, thus decreasing
the amount of NO;~, which is susceptible to leach-
ing and loss through denitrification (Xia et al. 2017).
While many process-based models simulate N,O
emissions, their capacity to represent NIs’ impact on
N cycling is constrained by the lack of an NI module
and relevant parameters. Giltrap et al. (2010) adopted
an empirical model to simulate nitrification inhibition
within the New Zealand Denitrification—Decomposi-
tion (NZ-DNDC) model. In this approach, a simpli-
fied exponential function was employed to estimate
temporal effects of Dicyandiamide (DCD)’s biologi-
cal degradation. Nevertheless, this empirical model
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did not consider soil properties or the application rate
of NIs. It is well-established that the efficacy of NIs
varies with factors e.g., soil water content and tem-
perature (Menéndez et al. 2012). Further investigation
is necessary to identify or refine the module parame-
ters, thereby improving the reliability of model simu-
lation (Cichota et al. 2010; Giltrap et al. 2010; Grant
et al. 2020).

Data assimilation enhances the model accuracy
and reliability by optimizing model representation
align with observational data (Lorenc 1995). It is a
statistically rigorous method for estimating uncertain-
ties in model parameters, initial conditions, and state
variables, as well as evaluating alternative response
functions and model structures (Luo et al. 2011; Luo
and Schuur 2020). Through the integration of math-
ematical process models and empirical experimental
data, data assimilation is expected to enhance eco-
logical forecasting (Baker et al. 2010) by estimating
parameters and their uncertainties that are not directly
measurable through experiments (Li et al. 2013;
Schédel et al. 2013). Data assimilation has been
widely employed to estimate or refine various param-
eters or processes associated with C cycling simula-
tions and modellings, e.g., C pool sizes, the response
of soil heterotrophic respiration to temperature sensi-
tivity, allocation and transfer coefficients, residence
times, and the partitioning of soil autotrophic and
heterotrophic respiration. (Zhou and Luo 2008; Zhou
et al. 2008, 2010, 2018; Weng et al. 2011; Schidel
et al. 2013; Luo et al. 2016; Xu et al. 2016; Guan
et al. 2022; Tao et al. 2023). However, the application
of data assimilation has not been extended to the N,O
emission simulation. This technique can enhance
performance of N,O modelling by optimizing dif-
ficult-to-measure parameters and reducing model
uncertainty. Nonetheless, its performance depends
on the availability and quality of input data and may
be computationally intensive. Here, we applied data
assimilation, developed a N,O model and conducted

inverse analysis of data from soil incubation datasets
to estimate soil nitrification and denitrification rates,
and their relative contributions to N,O emissions. We
aimed to examine the roles of soil moisture content,
temperature and NIs in regulating nitrification and
denitrification processes in Australian soils. Based
on these objectives, we tested the following hypoth-
eses: (1) data assimilation can be used to optimize
N,O associated parameters in N,O prediction model,
(2) parameters constrained by data assimilation can
capture the responses of N,O emissions to NI appli-
cations, different soil properties and environmental
conditions.

Materials and methods
Dataset of data assimilation

In the study, the datasets were obtained from two
incubation experiments, Liu et al. (2015, 2017).
Details on the sites and soil properties were provided
in Table 1. Experiment 1 investigated the effect of
NIs (3MPTZ, DMPP) on mineral N dynamics, N,O
and CO, fluxes in a vegetable farm (Boneo, Victo-
ria, Australia). This incubation experiment included
four treatments (control; fertilizer N; N+3MPTZ;
N+ DMPP), conducted at 25 °C and 60% WEFPS.
Experiment 2 investigated the effects of NI (1% v/v
acetylene, C,H,), incubation temperature (15 °C,
25 °C and 35 °C and soil moisture (50% and 70%
WEFPS) on mineral N dynamics, N,O and CO, fluxes
in a cropland (Hamilton, Victoria, Australia). Soil
samples were air-dried, ground and sieved (<2 mm)
before analysis and incubation experiments. Each
treatment was applied with 150 mg N kg~! (°N at
10% atom excess) except for the control treatment.
For both experiments, soil NO;—N and NH,—N meas-
ured on days 0, 6, 14, 23, 28, and 42. Total N,O and
CO, fluxes were measured on days 0, 2, 4, 6, 11, 21,

Table 1 Basic site description and soil physicochemical properties used in incubation studies

Land use Site name  Location Texture  Clay (%) pH  NH,~N (mg NO;-N (mg Organic Total
Nkg™h Nkg™h carbon (%)  nitrogen
(%)
Vegetable ~ Boneo 38.3°S, 144.9°E  Sand 1 79 11 19 0.64 0.08
Cropping Hamilton 38.3°S, 142.1°E Loam 10 70 51 10 6.2 0.52
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and 26. These observation data were used for model
development and validation ("Model description" and
"Data assimilation" sections).

Model description

Daily soil nitrification and denitrification rates, as
well as their contributions to N,O emissions under
different soil temperature, moisture and nitrification
inhibitors were modelled in a carbon—nitrogen cou-
pled N,O model (Fig. S1, Egs. 1-15). The model
contains two main components, viz. the C cycle and
the N component. Soil organic C exists in various
forms and its dynamics is typically represented by
multiple C pools (Trumbore 1997). This model was
developed to distinguish the measured CO, emissions
in experiments by separating it into two C pools: the
particulate and mineral-associated organic C pools
(POC and MOC, respectively) based on the different
decomposability (POC>MOC), and C transferred
between these pools. Since POC and MOC were not
directly measured in the incubation experiments, their
initial proportions were treated as model parameters
and inferred from total organic C. The transfer of C
among pools also regulates the amount of N avail-
able, because the mineralization process determines
NH," release and thereby links the C-N cycle by
affecting C:N ratios of these pools (Schédel et al.
2013). In each treatment, the C decomposition flux is
modelled as D, , the sum of all decomposition fluxes
d,, from C-pools C; (Egs. 1, 2) as:
1

Do, = Zdr:o«i iq *Ceot " [ (D

=1 =1

q; =a;-e %" ie{l,...,1}, ()

where D, denotes the total CO, emission result-
ing from decomposition; i represents the number of
C pools (i=1 or 2); C,, represents the initial total C
pool prior to decomposition; fl.C (Eq. 40 < fl.C <1
and Z;zl fl.c = 1) is the initial proportion of the ith
pool within C,; the parameter a; denotes the con-
stant of decomposition rate of the ith pool; while ¢
represents the decomposition duration in days. As
constants of decomposition rate a; are temperature
dependent, functions of temperature response (Eq. 3)
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were adopted to represent rates of decomposition
under different temperatures (7, T=15, 25, 35 °C).

a; = kino(T_zs)/lo’ 3)

£€ = ~ie(l, ) )
= —ie{l,...,I}.
! Ctot

In the N component, the total N mineralization
flux (N,,;,) that is the sum of n,,, can be modelled in

min

Egs. 5-8 as:
I
=me—2s,mw 5)
i=1 i=1

s;=a;-N¢, ce NG je(1, .., 1), (6)

ﬂ—ﬁwm I} 7
P =y dell T 7

tot

1 1
PWAEDWAESH ®)
=1 =1

where N, is the total available N for mineralization.
f; (Eq. 5, 0<f/<1 and Zﬁzlfli = 1) represents the
initial proportion of the ith pool in N,,; N_C,; is the
C/N ratio.

In this model, we adopted the generally accepted
conceptual ‘“hole-in-the-pipe” framework to distin-
guish between the two main N,O emission path-
ways: nitrification and denitrification (Firestone and
Davidson 1989). This conceptual idea can be found
in many process-based models and described as first-
order kinetics (WNMM, Li et al. 2007) or Michae-
lis—-Menten kinetics (APSIM, Keating et al. 2003) and
different input variables and functions were used in
these two processes. Nitrification (V,;,) and denitrifi-
cation (N,,;) rates can be calculated by Eqgs. 9-15 as:

Nmt = ﬂn : NHI (9)
Ngni = By - NO3 (10)
B, =k, - Q=29/10 (11)
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(T-25)/10

Bi=kq-Q, (12)
dNH}

dt - Ninpm + Nmin - N”it’ (13)
dNO;

dt =Ninput+Nnit_Ndni’ (14)
N0 = fx,0_nit * Nait + In20_ani * Nani- (15)

k. and k, represent the base rate constants (at 25 °C)
for nitrification and denitrification while Q, and Q,
are their respective Qo coefficients. N;,,,, denotes
the N application rate applied to the soil. N,O can
be simply modelled as a sum of N,O release from
both nitrification (NH,* pool) and denitrification
(NO;™ pool) (Eq. 15), where fy,0_ni and fyzo_gni are
the fractions of N,O emission from nitrification and
denitrification, respectively.

Data assimilation

To better simulate C and N dynamics in this N,O
model ("Model description" section), we used data
assimilation to optimize the parameters associated
with the model and thus to improve model predic-
tion. In this study, Bayesian probabilistic inversion
(Eq. 16) was employed to constrain parameters in C
and N dynamics (Xu et al. 2000).

P(p|Z) x P(Z|p)P(p). (16)

The posterior probability distribution of param-
eters (p), denoted as P(plZ), is derived from prior
information, which is described by the prior prob-
ability distribution P(p) and dataset-derived infor-
mation, represented through the likelihood function
P(Zlp). The prior probability of estimated parame-
ters was modelled following a uniform distribution
across predefined intervals. Parameters related to
N,O emissions (i.e., nitrification rate, denitrifica-
tion rate, fraction of N,O emitted from nitrification
and denitrification, Q;, at different temperatures)
and key parameters of initial C pools, C decom-
position rates were simultaneously constrained by
the approach of Bayesian probabilistic inversion
(Table 2). The ranges of prior parameter values
were determined by prior knowledge.

@ Springer

The likelihood function P(Zlp) was computed
assuming that errors between observed and mod-
elled data follow an independently and normally
distributed Gaussian distribution, expressed as fol-
lows (Eq. 17)

P(le)ocexp{—% z [Zi(l)—Xi(t)]z}’ 17

teobs(Z;)

where o is the standard deviation of the observed
measurements, Z(f) represents the observed measure-
ments data at time ¢, and X(¢) denotes the correspond-
ing simulated value. The Metropolis—Hastings (M—H)
algorithm was applied in probabilistic inversion
to estimate the posterior probability density func-
tions (PDFs) of model parameters. In brief, the M—H
algorithm enables the sampling of random variables
within high-dimensional probability distributions by
applying a Markov Chain Monte Carlo (MCMC)-
based approach (Metropolis et al., 1953; Hastings,
1970; Li et al. 2013). It operates through an iterative
process involving two main steps: a proposal step,
where a new candidate point p"*" is generated for the
parameter vector p using the previously accepted p°,
and a movement step, where the candidate is evalu-
ated for acceptance based on a proposal distribution

P(p"”|p°d) (Eq. 18):
" =p° + d(Ppax — Pmin )/D (18)

where p, .. and p, ., are the maximum and minimum
values, respectively, within the prior distribution of
the parameter. In each movement step, p"®" was eval-
uated using the Metropolis criterion to determine its
acceptance or rejection (Xu et al. 2006). The M-H
algorithm iteratively repeated the proposal and move-
ment steps until a sufficient number of parameter sets
had been accepted. To illustrate parameter distribu-
tions within the parameter space, PDFs were gener-
ated for each parameter. The maximum likelihood
estimates (MLEs) of each parameter or mean values
(if the parameter is not well constrained) were used to
simulate CO, and N,O emissions.

The model was then validated based on the poste-
rior optimal parameters derived from data assimila-
tion. A hold-out validation was implemented, where
80% of the observational data were used for model
fitting, and the remaining 20% were reserved for vali-
dation (Arlot 2010). Model predictions based on the
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Fig.1 a Scatter plot of the measured against simulated
N,O emission by data assimilation. Insets b and ¢ show the
observed and modelled N,O emissions at each sampling point
in Experiments 1 and 2, respectively

fitted parameters were evaluated against the held-
out data using overall R? metrics. To evaluate model
uncertainty, we used the optimized parameter sets
to simulate an ensemble of model outputs. For each
time point and variable, we calculated the median
prediction and the 95% confidence interval (2.5th to
97.5th percentiles) across all accepted simulations.

[ nitrification

N transformation rate (mg N kg’ day ')

T [ ] denitrification

Control N fertilizer N+DMPP

b bc
3L
ol
e b b b
1k
o-_-_‘_\

N+3MPTZ

Sensitivity analysis was conducted to quantify the
influence of each parameter on the predicted N,O
flux. Each parameter was perturbed by +20% around
its simulated value while others were held constant
(Shi et al. 2016). The sensitivity index was defined as
the relative change in N,O flux compared to the base-
line simulation (Figs. S3-S10). A least significant
difference (LSD) test was performed to compare the
differences in nitrification, denitrification and N,O
emission between treatments. SPSS was used to con-
duct all analyses (Version 25, SPSS, Inc., Chicago,
IL, USA).

Results

Model parameters are categorized into well-con-
strained, poorly constrained, and edge-hitting accord-
ing to their shapes of posterior PDFs (Luo et al.
2009). Here, most parameters across three datasets
were well constrained (Figs. S3-S10). However,
20 ani in the control treatment (Fig. S3) and N_C,
was not constrained in two NI treatments in experi-
ment 2 (Figs. S9, S10). For well-constrained param-
eters, an MLE was estimated, whereas a mean value
was used for poorly constrained ones (Table 2).
In,0_nie A0 froo gy Varied with N treatments. fy o i
was higher in the control (0.3) and N fertilizer (0.23)
treatment than N+3MPTZ (0.066) and N+ DMPP
(0.02). On the contrary, fyyo 4 Was higher in

,(b)
a @N20-nit
@N20-dni
25 |
s
©
©
- 2
(=2
L
=z
o
E1s
c
k=)
73
R
£ 1
[}
o
z b b
05 | b
0

N fertilizer ~ N+DMPP  N+3MPTZ

Control

Fig. 2 Modelled nitrification rate, denitrification rate (a) and associated N,O emissions (b) in Experiment 1. Different letters in the
figure indicated the statistically significant differences at the p <0.05 level
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Fig. 3 Modelled nitrification and denitrification rates at dif-
ferent moisture contents (50 and 70% WFPS) and temperatures
(15 °C, 25 °C and 35 °C) in Experiment 2. Different letters in

the figure indicated the statistically significant differences at
the p<0.05 level, capital and lower-case letters indicate two

moisture contents
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Fig. 4 Modelled N,O emission from nitrification and denitri-
fication at different moisture contents (50 and 70% WFPS) and
temperatures (15 °C, 25 °C and 35 °C) in Experiment 2. Dif-
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ferent letters in the figure indicated the statistically significant
differences at the p<0.05 level, capital and lower-case letters
indicate two moisture contents
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Fig. 5 Nitrification and denitrification contributions to N,O emission at different moisture contents (50 and 70% WFPS) and tem-

peratures (15 °C, 25 °C and 35 °C) in Experiment 2

N+3MPTZ (0.39) and N+DMPP (0.35) than the
control (0.02) and N fertilizer treatment (0.18). Over-
all, the model achieved a reliable prediction perfor-
mance of N,O emission with an R? of 0.65 (Fig. 1).

In Fig. 2a, the nitrification and denitrification
rates were the lowest for the control (0.7 mg N
kg~! day~! and 0.3 mg N kg~! day~!, respectively)
but highest under the N fertilizer treatment (5.8 mg
N kg~! day™! and 6.0 mg N kg™! day™!, respec-
tively). When N fertilizer was applied with NIs,
nitrification and denitrification rates were signifi-
cantly decreased by 60-64% and 88-90%, respec-
tively. Fertilizer treatment had the highest N,O
emission per day with an average of 2.4 mg N kg™,
followed by N+3MPTZ, N+ DMPP and the con-
trol (0.4 mg N kg~! day™', 0.3 mg N kg~! day~! and
0.2 mg N kg~! day~!, respectively, Fig. 2b). Nitri-
fication dominated the N,O production (96% and
56% for control and N fertilizer, respectively). With
the application of NIs, the contribution of denitrifi-
cation to N,O emissions increased and became pre-
dominant in N+DMPP and N+ 3MPTZ (84% and
64%, respectively).

The highest nitrification and denitrification
rates occurred at 35 °C and 70% WFPS (28.8 and
28.3 mg N kg~! day~!, respectively, Fig. 3). The

application of NIs generally decreased both nitrifi-
cation and denitrification rates.

Total N,O emission increased with higher tem-
perature and moisture content (Fig. 4). NI effectively
decrease N,O emissions by 27-63%. The contribu-
tion of nitrification to N,O emissions decreased with
increasing moisture content and temperature. Deni-
trification dominated N,O production at 70% WFPS
regardless of temperatures (Fig. 5).

Discussion

This study explores the integration of data assimila-
tion into process-based modelling to quantify soil
nitrification, denitrification processes and associated
N,O emissions. By incorporating observed experi-
mental data to optimize key model parameters, we
reduced uncertainties commonly associated with tra-
ditional modeling approaches. The following sections
detail the model’s performance with data assimilation
in estimating nitrification and denitrification rates,
assessing the effectiveness of NIs, and identifying
the environmental factors that regulate N,O emission
pathways.
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Performance of model and data assimilation analysis

The successful application of data assimilation in
refining key parameters, such as nitrification and
denitrification rates and the impact of NIs on N,O
emissions, demonstrates its potential to improve the
accuracy of process-based models beyond traditional
fixed-ratio approaches. Traditional incubation studies
(Liu et al. 2015, 2017) cannot quantify key param-
eters such as k,, k;, Q,, and Q, in nitrification and
denitrification processes. However, data assimila-
tion combined with empirical modeling and experi-
mental observations enables the estimation of these
parameters and associated uncertainties, providing a
more comprehensive understanding of these N trans-
formation processes. To our knowledge, this is the
first study using data assimilation and mathematical
model approach to estimate N,O production pathways
and fy o nir and fyo0 gqi- The satisfactory modelling
performance indicated that data assimilation can be
used to predict N,O emissions (overall R?=0.65,
Fig. 1; Fig. S2) and associated parameters (Table 2).
Moreover, for each treatment simulated in this study,
the high goodness-of-fit (R*=0.93 to 0.97, Figs.
S3-S10) and well-constrained model parameters fur-
ther showed that data assimilation effectively cap-
tured the varying responses of nitrification rate, deni-
trification rate and associated N,O emissions to soil
conditions, environmental factors and NI application.

By adjusting the values of these parameters and
updating their probability distribution, parameters
used in process-based models can be predicted with
reduced uncertainties. For example, fy,o ;> a crucial
variable for estimating N,O emission from nitrifica-
tion, was set to a fixed value in many process-based
models (Keating et al. 2003; Li et al. 2007), regard-
less of geographical location. However, we found that
this ratio varied widely (0.002—-0.3) with soil moisture
and temperature, as well as fertilizer and NI applica-
tion (Table 2), further corroborating the argument that
In,0_nie should be site-specifically adjusted in pro-
cess-based models (Chen et al. 2008; Pan et al. 2021).
The results demonstrate that most parameters were
well constrained by datasets derived from incubation
studies, but some parameters €.g., fyyp g, Was not
well constrained in the control (Fig. S7). This could
be attributed to the very small amount of N,O pro-
ducing from denitrification from the control, making

@ Springer

it challenging for the model to constrain parameters
with weak signals (Xu et al. 2016).

Contributions of nitrification and denitrification to
N,O emissions under various soil conditions and
nitrification inhibitors

The estimated parameters (k,, kg, fx,0_nir A0 fy20_dni)
varied across treatments, reflecting microbial
responses of N,O production to soil/environmental
and management conditions. These variations, con-
sistent with known biogeochemical mechanisms,
support the model’s capacity to capture process-level
responses via data assimilation.

Increased N mineralization stimulated by higher
temperature can provide more inorganic N as the sub-
strate for nitrification and denitrification (Li et al. 2020).
Higher temperature can also stimulate soil respiration
rate, providing anaerobic sites to boost denitrification
and associated N,O emissions (Butterbach-Bahl and
Dannenmann 2011). Moreover, nitrification’s contribu-
tion to N,O emissions declined as temperature increased
(Fig. 5), which might be attributed to the tendency of
nitrite to accumulate at low temperatures (Maag and
Vinther 1996). k; and Q, were significantly higher in
the 70% WEFPS treatments. This suggests denitrification
dominated N,O emissions at 70% WFPS (Fig. 5) due
to increased microbial activity (Fig. 4) resulting from
oxygen depletion at high soil moisture. (Davidson et al.
2000).

The estimated k, was highest under the fertilizer-
only treatment, reflecting the abundant NH,* supply
that stimulated autotrophic ammonia oxidizers. In
contrast, our simulation results showed that total N,O
emissions decreased by 27-88% when NIs were used
in the vegetable and cropping systems (Figs. 2b, 4).
The percent reduction is within the range of emis-
sion reduction observed in agricultural systems
(Li et al. 2018; Lam et al. 2022). We observed sig-
nificant reduction of ki, fy o ; and associated N,O
emission from nitrification under NI application
(Fig. 2; Table 2), likely resulting from the inhibition
of ammonia monooxygenase by DMPP, 3MPTZ and
C,H, (Ruser and Schulz 2015). Under inhibitor treat-
ments, k,; also decreased. The inhibitory effect of NIs
on denitrification and associated N,O was attributed
to their indirect influence on denitrification enzyme
activity. (Miiller et al. 2002).
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Soil denitrification-derived N,O emissions were
decreased by the reduced substrate (NO;™) avail-
ability for denitrifying organisms (Ruser and Schulz
2015; Wu et al. 2017) (Fig. 2). Notably, the ability
of NIs to mitigate N,O emissions varies with envi-
ronmental factors, especially soil moisture and tem-
perature, as demonstrated in prior research (Maag
and Vinther 1996; Menéndez et al. 2012) and the
present study. For example, we found that NI (C,H,)
was more effective under higher soil water content
and temperature (Fig. 4). This agrees with Wu et al.
(2017), who found that NIs were more effective in
reducing N,O emissions under the conditions favour-
ing denitrification, such as high labile C content and
soil moisture. In this regard, the choice of NIs needs
to be tailored for specific soil type and environmental
conditions (Lam et al. 2022).

Data assimilation successfully simulated the
responses of N transformation rates and N,O emis-
sions to NI application (Figs. 2b, 5), providing
insights into how N management (e.g., NI applica-
tion) reduces N,O emissions through affecting nitri-
fication and denitrification processes under diverse
soils and climates. As such, data assimilation could
be embedded into process-based models (Gurung
et al. 2021; Kivi et al. 2022) to build a new module
for simulating the inhibitory effect of NIs, and pos-
sibly expandable to other management strategies,
on N,O emissions. Indeed, recent studies have dem-
onstrated that combining neural networks with data
assimilation enhances soil C storage simulations in
land biogeochemical models (Tao et al. 2020, 2023;
Xia et al. 2020). Data assimilation refines machine
learning models by optimizing parameters and associ-
ated uncertainties, addressing ambiguities stemming
from observational limitations in soil C-N cycling
simulations (Geer 2021).

However, limitations and uncertainties still exist.
The limited short-term incubation data may make it
challenging to constrain some parameters as it may
not fully reflect the N,O emission response over a
longer term. The model performance can be improved
when more long-term data is available. Besides,
other microbial processes such as nitrifier denitrifi-
cation, dissimilatory nitrate reduction to ammonium
(DNRA), co-denitrification and chemical processes
(e.g., chemo-denitrification)may have also contrib-
uted to N,O production and led to uncertainty in the
current estimation (Hu et al. 2015). In this model,

only nitrification and denitrification were considered,
resulting in uncertainties in estimating N,O produc-
tion from different pathways. Data assimilation has
been successfully applied to in situ and large-scale
datasets in C cycle studies (e.g., Weng et al. 2011;
Zhou and Luo 2008). Its application in N cycle mod-
elling remains limited. Our study demonstrates its
potential, and future work could integrate diverse
field measurements to enhance parameter estimation
and model performance under real-world conditions.

Conclusion

We first attempted to incorporate data assimilation
techniques into a N,O model for estimating nitrifica-
tion, denitrification and their associated N,O produc-
tion under different soil conditions and the use of NIs.
Important parameters such as fy o nirr fv20_ani> @io
were optimized with data assimilation analysis. The
model reliably predicted N,O emissions from nitrifi-
cation and denitrification, the contributions of these
processes to the emissions, as well as the respon-
siveness of parameters to diverse soil environmen-
tal conditions and the use of nitrification inhibitors.
Our findings suggest that data assimilation could
potentially be embedded into process-based models
to reduce model uncertainties and associated errors
with N,O prediction, and to facilitate development of
new module targeting N management practices. This
advancement benefits the understanding and simula-
tions of terrestrial C and N dynamics.
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