Science of the Total Environment 879 (2023) 162906

Contents lists available at ScienceDirect

Science o e
Total Environment

Science of the Total Environment

journal homepage: www.elsevier.com/locate/scitotenv

Simulating agroecosystem soil inorganic nitrogen dynamics under long-term R

Check for

management with an improved SWAT-C model s

Kang Liang *, Xuesong Zhang ™*, Xin-Zhong Liang *<, Virginia L. Jin ¢, Girma Birru ¢, Marty R. Schmer ¢,
G. Philip Robertson ©, Gregory W. McCarty °, Glenn E. Moglen

@ Earth System Science Interdisciplinary Center, University of Maryland, College Park, MD 20740, USA

" USDA-ARS Hydrology and Remote Sensing Laboratory, Beltsville, MD 20705-2350, USA

¢ Department of Atmospheric and Oceanic Sciences, University of Maryland, College Park, MD 20742, USA

d USDA-ARS Agroecosystem Management Research, Lincoln, NE 68583, USA

€ W. K. Kellogg Biological Station and Dept. of Plant, Soil & Microbial Sciences, Michigan State University, Hickory Corners, MI 49060, USA

HIGHLIGHTS GRAPHICAL ABSTRACT

We incorporated new nitrification denitri-
fication algorithms into the SWAT-C
model.

Newly added algorithms help achieve
much improved performance for simulat-
ing soil inorganic nitrogen.

The revised SWAT-C model captured the
impact of fertilization, crop rotation, and
tillage on soil inorganic nitrogen.

The revised SWAT-C model will serve as a
useful open-source tool to inform N man-

agement for agroecosystem sustainabi]ity. a)One additional nitrification algorithm
b)Two additional denitrification algorithms

1. Modification of SWAT-C 2. SWAT-C evaluation

ARTICLE INFO ABSTRACT

Editor: Ouyang Wei Despite the extensive application of the Soil and Water Assessment Tool (SWAT) for water quality modeling, its ability
to simulate soil inorganic nitrogen (SIN) dynamics in agricultural landscapes has not been directly verified. Here, we
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for 40 cropping system treatments in the U.S. Midwest. We added one new nitrification and two new denitrification
algorithms to the default SWAT version, resulting in six combinations of nitrification and denitrification options
with varying performance in simulating SIN. The combination of the existing nitrification method in SWAT and the
second newly added denitrification method performed the best, achieving R, NSE, PBIAS, and RMSE of 0.63, 0.29,
—4.7 %, and 16.0 kg N ha~?, respectively. This represents a significant improvement compared to the existing
methods. In general, the revised SWAT-C model's performance was comparable to or better than other agroecosystem
models tested in previous studies for assessing the availability of SIN for plant growth in different cropping systems.
Sensitivity analysis showed that parameters controlling soil organic matter decomposition, nitrification, and denitrifi-
cation were most sensitive for SIN simulation. Using SWAT-C for improved prediction of plant-available SIN is ex-
pected to better inform agroecosystem management decisions to ensure crop productivity while minimizing the
negative environmental impacts caused by fertilizer application.
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1. Introduction

Globally, excess nitrogen (N) application in agroecosystems is a leading
cause of worldwide environmental problems, such as surface and sub-
surface water quality degradation and trace N gas emissions (Hashemi
etal., 2016; Hoben et al., 2011; Padilla et al., 2018). Numerous agricultural
conservation management practices such as crop rotation, conservation
tillage or no-till, reduced fertilizer, and cover crops have been applied to
improve nutrient use efficiency (NUE) in corn (Zea mays L.) production
systems in the U.S. Midwest (Hess et al., 2020; Robertson and Hamilton,
2015; Sanchez et al., 2004). In spite of the proven effectiveness of conserva-
tion management practices for optimizing crop NUE (Dinnes, 2004; Dunn
et al.,, 2011; Pandey et al., 2018), the selection of appropriate site-specific
practices to curtail nutrient loss remains challenging because of the
variability in local climate, as well as site-specific settings such as soils,
topography, management, and genetics (Hansen et al., 2017; Liang et al.,
2020; Ouyang et al., 2013). Predicting the potential benefits of using mul-
tiple conservation management practices and their environmental impacts
is complex and cannot be exhaustively tested via field experiments
(Robertson et al., 2011). As such, modeling approaches have often been
used by researchers and decision makers as a proxy for field-based evidence
to support sustainable agricultural management for productivity, climatic,
environmental, and social goals (Hood et al., 2019; Rabotyagov et al.,
2014; Zhang et al., 2010; Zhang et al., 2015).

Soil inorganic nitrogen (SIN) in agroecosystems is highly dynamic be-
cause the cycling of SIN is affected by the interplay of management decisions
with multiple complex biophysiochemical processes (e.g., mineralization/
immobilization of soil organic matter (SOM), plant uptake, nitrification,
denitrification, volatilization, and leaching) (Robertson and Groffman,
2023). Effective evaluation of the long-term interaction between land
management and SIN dynamics under a wide range of climate, soil, and
management conditions is crucial for improving N fertilization recommen-
dations and reducing N loss risks from agricultural soils. Moreover, SIN es-
timates can be valuable for parameterizing other models that use SIN as
input parameters. For example, Saha et al. (2021) fed SALUS (Basso and
Ritchie, 2015) estimated daily SIN to a machine learning model to improve
the performance of daily nitrous oxide (N,O) fluxes simulation. However,
the accurate estimation of SIN dynamics remains challenging due to the
complex nature of N cycling in agricultural soils. The quantification of
SIN relies on process-based models by extrapolating field experimental re-
sults to a wider range of management and climate scenarios, and larger
scales (Banger et al., 2019; Franqueville et al., 2018; Robertson et al.,
2007).

An extensive list of process-based models has been developed with the
capabilities to study SIN dynamics in agricultural landscapes. These models
offer the potential to quantify the contribution of an individual process to
the entire system and help to understand how environmental conditions
combined with land management practices interact with N cycling. The N
cycling related algorithms in these models range from simple empirical re-
lationships to complex mechanistic algorithms. For example, the field scale
model LEACHM (Leaching Estimation and CHemistry Model) (Hutson and
Wagenet, 1989) uses first-order reaction functions to estimate N minerali-
zation, nitrification, and denitrification processes. Johnson et al. (1999)
suggested that the LEACHM model severely underestimated or
overestimated soil nitrate (NO3 -N) and ammonium (NH -N) due to the
unrealistic hydraulic properties and N mineralization rate constants deter-
mined through laboratory experiments. The DSSAT (Decision Support Sys-
tem for Agrotechnology Transfer) model (Jones et al., 2003), allows the
simulation of N balance while the embedded CERES-Maize (Jones, 1986)
model accounts for water and N availability effects on photosynthesis,
leaf expansion, and other corn yield determinants. Even though the
DSSAT model can predict corn yield reasonably well, it is still a challenging
task for the model to simulate SIN under multi-site and multi-treatment
conditions (Banger et al., 2018; Banger et al., 2019). The DNDC (DeNitrifi-
cation DeComposition) model (Li et al., 1992) uses a microbial growth
model to allow nitrification and denitrification to occur simultaneously in
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aerobic and anaerobic microsites (Li et al., 2000). The DNDC model was
successfully applied to predict soil NO3 -N in a single study site (Chirinda
et al., 2010; Kim et al., 2014), but the model performance decreased sub-
stantially when multiple sites with diverse climatic, soil, and management
conditions were involved (Molina-Herrera et al., 2016). In the APSIM
(Agricultural Production System Simulator) (Keating et al., 2003) and
SWAT (Soil and Water Assessment Tool) (Arnold et al., 1998) models, the
processes of nitrification and denitrification are described via empirical re-
action equations with the consideration of key environmental factors such
as soil temperature and soil water. However, the lack of volatilization rou-
tines in APSIM can potentially lead to the overestimation of SIN
(Archontoulis et al., 2014). Archontoulis et al. (2014) also point out that
site-specific calibration strategies may be needed to accurately reproduce
SIN dynamics, such as initializing the model with a warm-up period before
the targeted study period to stabilize SOM pools. Despite the extensive
modeling efforts in SIN estimation, quantifying SIN is still very challenging
because of the large spatial and temporal variability of N cycling processes.
Notably, it is even more challenging to accurately predict N fluxes in crop
rotations than in monoculture (Yin et al., 2020) and in tilled soils than in
no-tilled soils (Oorts et al., 2007).

The SWAT model has been widely applied to examine water quality
problems across the globe (Wellen et al., 2015), particularly in agricultural
watersheds to explore sustainable agricultural management practices to im-
prove N utilization efficiency and mitigate N pollution. Despite the >4000
peer-reviewed journal articles (https://www.card.iastate.edu/swat_
articles/) that have reported the SWAT model applications for water quality
modeling and assessment (Cherry et al., 2008; Fu et al., 2019; Gassman
et al., 2007; Hashemi et al., 2016; Ouyang et al., 2008), this model has
not been directly verified for simulating dynamics of SIN (i.e., NO3 -N
and NHJ -N) stocks in agricultural soils. Given the wide use of SWAT in
supporting sustainable agricultural and water quality management, includ-
ing the U.S. Department of Agriculture's Conservation Effects Assessment
Project (CEAP) (Richardson et al., 2008) and U.S. Environmental Protection
Agency's Better Assessment Science Integrating Point and Non-Point Source
(BASINS) program (EPA U, 2019), there is an urgent need to assess this
model's capacity to simulate SIN under diverse cropping systems.

As one of the most intensive agricultural production regions in the
world, the U.S. Midwest hosts >85 %, 80 %, and 50 % of total corn, soybean,
and wheat production, respectively, in the U.S. (NASS, 2021). In addition,
the U.S. Midwest is home to over 80 % of domestic biorefineries and likely
will undergo further development to support bioenergy production (Zhang
etal., 2021). A major persisting issue is the excess input of N fertilizer and its
low utilization efficiency by crops, which has resulted in a substantial
amount of N losses to the environment through leaching, runoff, and
gaseous emissions (Robertson and Vitousek, 2009; Tilman et al., 2002;
Tilman et al., 2001). For example, N loss from the Upper Mississippi River
Basin (UMRB) has been identified to be the major contributor of N load to
the Gulf of Mexico due to the intensive agricultural activities in the U.S.
Midwest (David et al., 2010; McLellan et al., 2015). To mitigate the hypoxia
in the Gulf of Mexico and reduce GHG emissions, efficient N management in
agricultural production systems in the U.S. Midwest is urgently needed.
Since soil is the largest source of active N, accurate prediction of SIN is
essential for assessing measures for efficient N utilization, mitigating N
loss, and developing effective agricultural management practices.

The major objective of this study is to improve and evaluate the perfor-
mance of the SWAT-Carbon (SWAT-C; https://sites.google.com/view/
swat-carbon) model under prevailing cropping systems in the U.S. Midwest,
which is a globally significant breadbasket and the major contributor to
water degradation in the Mississippi River Basin and the Gulf of Mexico
(David et al., 2010; McLellan et al., 2015). Specifically, we aim to: (1) ex-
tend the capability of the SWAT-C model in simulating the turnover of
SIN with new nitrification and denitrification algorithms; (2) examine the
sensitivity of SIN simulations to the existing and newly available methods
representing nitrification and denitrification processes; and (3) evaluate
the overall performance of the SWAT-C model in simulating long-term
SIN dynamics in agricultural soils in the U.S. Midwest.


https://www.card.iastate.edu/swat_articles/
https://www.card.iastate.edu/swat_articles/
https://sites.google.com/view/swat-carbon
https://sites.google.com/view/swat-carbon
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2. Materials and methods
2.1. Existing and new nitrogen cycling algorithms in SWAT-C model

The SWAT-C model divides a watershed into subbasins then subdivides
subbasins into hydrologic response units (HRUs), representing unique com-
binations of homogenous soil, slope, and land use. The SWAT-C model sim-
ulates N cycling in the soil profile through processes such as mineralization,
immobilization, plant uptake, leaching, nitrification, and denitrification in
each HRU. It also determines the amount of N loading to the main channel
through processes such as surface runoff, lateral flow, leaching, and
groundwater transport in each subbasin. The N cycle in the land phase is
a dynamic process that involves the interaction of soil, water, plant, and
the atmosphere (Neitsch et al., 2011).

Recent developments in the SWAT-C model further linked the soil or-
ganic matter (SOM) module of the CENTURY model (Parton et al., 1994)
with SWAT (Zhang, 2018; Zhang et al., 2013b) and have been successfully
verified for simulating watershed scale carbon cycling as well as the effects
of crop management practices on SOM (Liang et al., 2022; Qi et al., 2020b).
Those changes also led to strong improvement in water quality modeling in
the UMRB (Du et al., 2019; Liang et al., 2022; Qi et al., 2020a; Qi et al.,
2020c; Wang et al., 2021). Despite the extensive testing for simulating
soil C cycles (Zhang et al., 2013b; Zhang, 2018; Liang et al., 2022) in the
SWAT-C model, it has not been assessed for simulating SIN.

In the SWAT-C model, N is partitioned into two major pools, organic
and inorganic. The organic N pool is further divided into five pools, namely
the slow humus, passive humus, metabolic litter, structural litter, and mi-
crobial biomass (Izaurralde et al., 2006; Zhang, 2018; Zhang et al.,
2013b). Organic C and N flow among these pools through multiple path-
ways as controlled by biotic and abiotic factors. The decomposition of
SOM can either immobilize or mineralize SIN, including NO5 -N and
NH -N. Soil inorganic N is mainly sourced from direct inputs of synthetic
N fertilizers and atmospheric deposition, or indirect inputs derived from ni-
trogen fixation, compost and manure, and plant residues. Nitrogen can be
transformed/removed from the soil through multiple biogeochemical pro-
cesses such as plant uptake, leaching, volatilization, nitrification, denitrifi-
cation, and erosion (Neitsch et al., 2011). Building on the SWAT-C model,
we added new algorithms for nitrification and denitrification to further en-
hance its performance in predicting SIN dynamics (Table 1). The main
equations of different algorithms are described below with more details
provided in the SI.

2.1.1. Nitrification methods

Nitrification is a two-step process in which bacteria convert ammonia N
to nitrite and then to NO3 . The SWAT-C model provides two options for
representing the nitrification process (Table 1). The first option is the orig-
inal SWAT method (Nit1) (Neitsch et al., 2011), wherein nitrification is es-
timated as a function of soil ammonia content, soil water factor, and soil
temperature factor. NO3 production (Np;, kg Nha™ D) through nitrification
was calculated as:

Npie = SOlNH4 * (1 —e(iTMPFl*SWF])) (1)

Table 1

Summary of different methods used to represent nitrification and denitrification
processes in SWAT-C. Nitl and Denitl are referring to the original nitrification
and denitrification methods in the SWAT model. Nit2, Denit2, and Denit3 are the
newly added methods in the SWAT-C model.

Name Equationno. References

Nitl Eq. 1 Neitsch et al. (2011)

Nit2 Eq. 2 Parton et al. (2001), Yang et al. (2017)

Denitl Eq. 3 Neitsch et al. (2011)

Denit2 Eq. 4 Parton et al. (2001), Yang et al. (2017), Del Grosso et al. (2000)
Denit3 Eq. 5 Parton et al. (1996), Wagena et al. (2017)
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where solyy4 is the amount of NHS (kg N ha™1) in the soil profile, and
TMPF1 and SWF represent a soil temperature factor and soil water factor,
respectively.

The second new option (Nit2) estimates nitrification following Yang
et al. (2017) and Parton et al. (2001), which considers the effects of soil
pH. Nitrification is regulated by the soil water factor, soil temperature,
and soil pH factor:

Nuie = SWF2 + TMPF2  pHF1 % Ny -+ Niage 2)

where TMPF2 and SWF2 represent the impacts of soil temperature and soil
water on nitrification. pHF1 is the soil pH factor. Ny, is the maximum ni-
trification rate, Nygy, = 0.4 gsm ~ 2d ~ ! Npase is the minimum nitrification
rate, Npgse = 10 ~ 5gsm —2d ~ 1.

2.1.2. Denitrification methods

Denitrification is the process through which bacteria remove NO3 -N
from soil under anaerobic conditions by the stepwise reduction of nitrogen
oxides. We added two new options for the representation of denitrification
in the SWAT-C model on top of the original algorithm (Table 1). The orig-
inal approach in the SWAT model (Denit1) (Neitsch et al., 2011) estimates
denitrification (N ) as a function of soil water content, soil temperature,
and soil carbon content:

Ndenit _ SOl,w3 % <1 _e(—cdn*cdg*vaf*solc,m)> (3)

where sol,,3 is the amount of NO3 (kg N ha™ 1) available in the soil profile.
cdn represents the rate coefficient for denitrification, cdg represents soil
temperature control, vof is the soil voidness factor, and soly, is the initial
organic carbon content in the soil layer (%).

The first of the two added options (Denit2) estimates denitrification
using algorithms described by Yang et al. (2017), Parton et al. (2001),
and Del Grosso et al. (2000). The amount of NO3 loss through denitrifica-
tion Ngeni (kg N ha™ 1) was estimated as:

Nenic = 10 % DNpyye ¥ DN (4)

where DNjp,, is the denitrified NO3 (ppmNd ™ 1), DN} represents the effect
of the water filled pore space on denitrification, and:

The second of the two added options (Denit3) estimates denitrification
following Wagena et al. (2017), which obtained the methods for denitrifi-
cation flux estimation from Parton et al. (1996) and Mosier et al. (2002).

Nenie = min(DNpos max: DNGmax) * SWF3 % TMPF3 « pHF2 % 103 (5)

where Ngeisis the denitrification rate per unit area per day (kg N ha™*
d™1), DNpos max is the maximum rate of total N gas flux for a given soil
NOj3 level under optimal condition (g N ha™! d '), DN is the maxi-
mum rate of total N gas flux for a given soil C level under optimal conditions
(g N ha~' d™'), SWF3, TMPF3, and pHF2 represent the effects of soil
moisture, soil temperature, and pH on denitrification, respectively. Site
and experiment description and model setup.

2.2. Model evaluation

Performance of the SWAT-C model was evaluated against time series
observations from the 40 treatments (Table 2). Seven indices used in previ-
ous studies (Archontoulis et al., 2014; Banger et al., 2019; Yin et al., 2020)
that assessed agroecosystem models for simulating SIN were calculated in
this study, including the Pearson correlation coefficient R, the Nash-
Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970), root mean square
error (RMSE), mean biased error (MBE), mean absolute percentage error
(MAPE), index of agreement (IA), and percent bias (PBIAS). R, ranging
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Table 2

Key management practices of the 40 treatments used to test the SWAT-C model.
Site Trt ID Fertilizer Crop rotation® Tillage”
MCSE 1 High N Corn-Soybean-Wheat Con Till
MCSE 2 High N Corn-Soybean-Wheat No-till
LFL 1-2 High N Corn-Soybean- Others Con Till
LFL 3 High N Corn Con Till
LFL 4-5 High N Corn-Soybean- Others Con Till
LFL 6 High N Corn Con Till
LFL 7-8 High N Corn-Soybean- Others Con Till
LFL 9 High N Corn Con Till
LFL 10-11 High N Corn-Soybean-Others Con Till
LFL 12 High N Corn Con Till
LFL 13-14 High N Corn-Soybean-Others Con Till
LFL 15 High N Corn Con Till
CRS 1 ON Corn Con Till
CRS 2 Low N Corn Con Till
CRS 3 High N Corn Con Till
CRS 4-5 ON Corn-Soybean Con Till
CRS 6-7 Low N Corn- Soybean Con Till
CRS 8-9 High N Corn- Soybean Con Till
CRS 10-11, 20-23 ON Corn-Soybean- Others Con Till
CRS 12-15 Low N Corn-Soybean- Others Con Till
CRS 16-19 High N Corn-Soybean- Others Con Till

# Others include crops such as wheat, sorghum, or oats.
b Con Till represents conventional tillage.

from —1 to 1, measures to what extent the observed data are explained by
the model. R was calculated as:

f_ XN(5-5)(0i-0)
VN (58 2 ((0-0)°

(6)

where N is the number of observations, S; represents the i™ simulated value,
0; represents the i observed value.

The NSE value ranges from - to 1, with the value of 1 indicates a per-
fect match between simulation and observation. The NSE was expressed as:

SN (0i-8)°

NSE = —
Eﬁl (Oi _O)z

(7)

The RMSE, MBE, and MAPE are indicators of data concentration around
the best fit. The closer these indicators are to zero, the lower the prediction
error of the model. RMSE, MBE, and MAPE are expressed as the following
equations:

N A2
RisE — || SO (8)
N _N)\2
MBE — 221 (51700 (ﬁ 0)) 9)
N ppa— .
MAPE = % (10)
i=1 Vi

The IA is a dimensionless metric and has been widely used for measur-
ing the degree of model prediction error (Willmott, 1981). It ranges from 0
to 1, where 1 indicates a perfect match between simulation and observa-
tion. It was calculated by the following equation:

o i (simoy?
ne >V, (1Si—0| + |0, 0])* (11)

The PBIAS provides a measure of the average tendency of the simula-
tions to be larger or smaller than observations. Positive PBIAS values
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indicate model underestimation and negative values indicate model overes-
timation (Gupta et al., 1999). The PBIAS was expressed as:

N _cy
PBIAS = 100*—21'% (NO‘OSL)I (12)
i i

i=1

To evaluate the performance of the SWAT-C model, we identified three
corn production experimental sites with long-term SIN measurements and
detailed management records available in the U.S. Midwest (Fig. 1;
Table S1). They were the Main Cropping System Experiment (MCSE) and
the Living Field Lab Experiment (LFL) sites at the Kellogg Biological Station
(KBS) in Michigan, and the Crop Rotation System (CRS) experiment near
Ithaca, Nebraska.

The LFL and MCSE sites (42°25'N, 85°22'W) were part of the KBS Long-
term Ecological Research (LTER) Network and Long-term Agroecosystem
Research (LTAR) Network that aim to address the impacts of agricultural
management on ecosystem services. They involve multiple agricultural
treatments defined by crop rotation, tillage, fertilizer, and cover crops.
We selected the conventional chisel plow (T1) and no-till (T2) corn produc-
tion systems from the MCSE experiment. The T1 treatment received con-
ventional tillage practices (chisel plow) and chemical inputs (fertilizers
and pesticides). The T2 treatment received conventional inputs but was
not tilled. Both T1 and T2 treatments started with a two-year corn-
soybean rotation in 1989 and later changed to a three-year corn-soybean-
winter wheat rotation (Hess et al., 2020; Robertson and Hamilton, 2015).
Data collected during 1989-2020 was in this study.

The LFL experiment was established in 1993 to extend the basic findings
of the MCSE experiment (Robertson and Hamilton, 2015). The LFL experi-
ment treatments considered variability in fertilizer and crop rotation. The
three fertilization treatments included Integrated Compost, Integrated Fer-
tilizers, and Conventional Fertilizers. For the Integrated Compost treatment,
composted dairy manure was applied to all crops at a rate of 79—
160 kg N ha™! (4 Mg ha™! dry weight basis; 19-29 g N kg~ !, 250-380 g
C kg™ 1) before tillage except for soybean (Culman et al., 2013; Fortuna
et al., 2003). The Integrated Fertilizer treatment followed low-input prac-
tices, with targeted applications of herbicide (herbicides applied only within
rows for an application rate one-third that of commercial practice), reduced
tillage, and detailed accounting of N inputs to minimize N fertilizer require-
ments. The Conventional treatment represented typical farmer practices in
the region with regard to soil management, fertilizer rates and application
practices, and herbicide applications (Culman et al., 2013). Several treat-
ments include four-year crop rotations with two years of corn plus soybean
and winter wheat. In these treatments, some had the first-year corn started
in 1993, while other treatments had the second-year corn started in 1993
(Sanchez et al., 2004). As a result, 15 treatments that include crop rotation
and fertilizer treatments were identified from the LFL experiment. Our study
period for LFL was 1993-1997 for which SIN measurements are available.

Based on the experimental records of the CRS experiment near Ithaca,
Nebraska (31°10'N, 96°25'W), we identified 23 experimental treatments re-
lated to corn production. These treatments included different crop rotations
and N fertilizer levels between 1984 and 2002. Crop rotations included
continuous corn, two-year soybean-corn or corn-soybean, and four-year rota-
tions (i.e., corn—soybean—grain sorghum (Sorghum bicolor L. Moench] - oats
(Avena sativa L.)/clover (80 % Melilotus officinalis Lam. + 20 % Trifolium pre-
tense L.) mixture rotation and corn—oat/clover—grain sorghum-soybean rota-
tion). In the two-year and four-year treatments, there were treatments with
the same crops, but the sequences of crops were different. Conventional till-
age practices were applied to all treatments during the experimental period.
Corn was typically planted in the first week of May and soybean was gener-
ally planted in mid-May. Herbicide application often varied between years
for different crops and at least one application of glyphosate occurred for
corn and soybean each season. N Fertilizer treatments started in 1984, in-
cluding zero N, low N, and high N levels, which correspond to 0, 90, and
180 kg N ha ™" for corn and 0, 34, and 69 kg N ha™! for soybean, grain sor-
ghum, and oat/clover, respectively (Sindelar et al., 2016).
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Fig. 1. Location of the study sites and 2011 land use in the Conterminous U.S.

In total, there were 11,272 measurements (including replications) of
SIN at the top 25 or 30 cm for the 40 experimental treatments across the
three study sites between 1984 and 2020. Experimental data and further
model result analysis was performed using R version 4.1.2. To facilitate
the evaluation of model performance under different fertilization levels
and crop rotations, we further categorized the 40 experimental treatments
into three fertilizer treatments based on N input amount for corn [zero N,
low N (0-100 kg N ha™') and high N (>100 kg N ha™')] and three crop ro-
tation treatments (continuous corn, corn- soybean, and corn-soybean-other
crops). More information on the three sites and 40 treatments are shown in
Table 2. Among the 23 treatments at CRS, there were nine treatments with
zero N, seven treatments with low N, and seven treatments with high N
input (Table 2). Based on the number of crops involved in a crop rotation,
we categorized the crop rotations into three groups, continuous corn
(three treatments), corn-soybean rotation (six treatments), and corn-
soybean and others (e.g., sorghum and oats) (14 treatments) (Table 2).
The 15 treatments at LFL included different fertilization and crop rotations.
There were six treatments with composted dairy manure, six treatments
with reduced fertilizer and three treatments with conventional fertilizer.
Based on the amount of N applied through these treatments, all 15 treat-
ments were grouped as high N treatments (> 100 kg N ha™ ). In terms of
crop rotation, there were five treatments of continuous corn, and the re-
maining 10 treatments were four-year rotations involving two-year corn,
one-year soybean, and one-year wheat, with the crop sequences varying
across treatments (Table 2).

2.3. Model setup and calibration

We prepared inputs for the SWAT-C model for each study site/treat-
ment using the ArcSWAT 2012 interface (Winchell et al., 2013), including

topography, soil, climate, and land management. Digital elevation model
(DEM) data were obtained from the NASA (National Aeronautics and
Space Administration) Shuttle Radar Topography Mission (SRTM) (Farr
etal., 2007), and soil data were derived from the SSURGO (Soil Survey Geo-
graphic Database) (Soil Survey Staff, Natural Resources Conservation
Service, United States Department of Agriculture, 2022) database by the
National Cooperative Soil Survey. Climate data from the nearest station to
each study site that used to drive the SWAT-C model for the period of
1980-2020 were retrieved from the National Oceanic and Atmospheric Ad-
ministration (NOAA). To accurately capture the long-term dynamics of SIN,
detailed records of management are required as input. We obtained the
field records for the period of 1988-2020 and 1993-2002 for the MCSE
and LFL experiments from the KBS data catalog (https://Iter.kbs.msu.
edu/datatables), respectively. Field records for the CRS site were obtained
from the AgCROS (Agricultural Collaborative Research Outcomes System)
database (https://agcros-usdaars.opendata.arcgis.com/) established by
USDA-ARS (United States Department of Agriculture, Agricultural Research
Service).

Calibration and evaluation of daily SIN content were performed using
the SPE (SWAT Parameter Estimator) program in the SWAT-CUP (SWAT
Calibration and Uncertainty Procedure) 2019 Premium software package
(Abbaspour, 2022; Abbaspour et al., 2015). A four-year warm-up period
(1980-1983) was used to initialize the model.

2.4. Sensitivity analysis

Sensitivity analysis was performed to determine the most influential pa-
rameters for the prediction of SIN. The Global Sensitivity Analysis proce-
dure in the SPE program was used (Abbaspour et al., 2004). This method
estimates the change in the objective function (i.e., PBIAS in the present
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study) resulting from changes in each parameter while all other parameters
are changing, given as:

g=a+2" B:b (13)

where g is the objective function value, @ and f3; are regression coefficients,
b; is the calibration parameter for the i parameter, and m is the number of
parameters considered. This method provides a measure of relative sensi-
tivity. The sensitivity of each parameter was evaluated by two statistics:
the t-stat index and the p value. The t-stat index indicates the magnitude
of the sensitivity of parameters; the larger the absolute value of t-stat the
higher the probability that the parameter is sensitive. A p-value <0.05 indi-
cated a sensitive parameter (Abbaspour et al., 2004; Brighenti et al., 2019).

We identified a list of parameters for sensitivity analysis by reviewing
previous studies that calibrated soil N cycling related processes using the
SWAT or SWAT-C model (Cai et al., 2016; Moriasi et al., 2013; Yuan and
Chiang, 2014). As a result, 15 parameters were identified (Table 3) for
sensitivity analysis. These parameters control N related cycling processes
such as organic matter decomposition, immobilization, plant uptake, and
nitrification/denitrification. Those sensitive parameters were subsequently
calibrated. Note that parameters that control SOM decomposition in the
SWAT-C model, such as OX aa_para, OX bb_para, PRMT 45 para,
PRMT 51 _para, Tf nit, and DF, were only used for the newly added algo-
rithms and were not used in the SWAT 2012 model.

3. Results and discussion

3.1. The overall performance of different configurations of nitrification and
denitrification algorithms for simulating SIN

As shown in Table 2, treatments at the CRS and LFL sites include differ-
ent fertilization levels and crop rotations. At the CRS site, measured SIN
ranged from 10.3 kg N ha™ " to as high as 216.0 kg N ha™* with an average
of 39.9 kg N ha™?. Across the 23 treatments at CRS, measured average SIN
ranged from 32.4 kg N ha™" for the corn-soybean-sorghum-oat rotation
with low N input to 64.6 kg N ha™! for continuous corn treatment with
high N input. Measured SIN at the LFL site ranged from 5.3 kg N ha™! to
142.9 kg N ha™! with an average of 42.1 kg N ha™'. The two treatments
at the MCSE site were conventional-till and no-till treatments under corn-
soybean rotation. Measured SIN at MCSE ranged from 5.1 kg N ha™! to
as high as 355.3 kg N ha~!. The average measured SIN was 34.5 kg N ha ™!
and 33.0 kg N ha™! for the conventional-till and no-till treatments, respec-
tively. The variation in SIN was mainly explained by key N cycling pro-
cesses such as fertilizer application (Table 2), crop uptake during the
growing season, tillage, cover crop, and mineralization of soil organic mat-
ter. Cropping systems with N fertilizer application or cover crop utilized
much more N than those with zero N application (Dharmakeerthi et al.,

Table 3
List of calibrated parameters and ranges.
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2006; Liang et al., 2019; Zebarth et al., 2004), and tillage practices (conven-
tional tillage) could substantially improve plant N uptake during the early
growing season based on an experimental study in southern Ontario
(Dharmakeerthi et al., 2006). Net N mineralization in clover-amended
soils could be as much as five times higher than that in soils amended
with compost or manure (Masunga et al., 2016). We then compared the
simulated annual SIN with measurements for all treatments (including
276, 75, and 64 annual SIN observations for the CRS, LFL, and MCSE
sites, respectively) (Fig. 2).

The two nitrification methods and three denitrification methods
(Table 1) resulted in a total of six combinations. For each combination,
we ran the model 2000 times using the Latin hypercube sampling (LHS) al-
gorithm and chose the best performing parameter set. The LHS algorithm
partitions the parameter space into equal probability segments based on
the indicated number of simulations, then a single parameter value is sam-
pled from each segment in a way that ensures a thorough and efficient ex-
ploration of the entire parameter range (Abbaspour, 2013). The six
combinations of nitrification and denitrification methods exhibited a
wide range of performance (Table 4). R ranged from 0.45 to 0.63, NSE
from —0.31 to 0.29, PBIAS from —4.7 % to —17.3 %, and RMSE from
16.0 to 22.0 kg N ha~'. Among the six combinations, scenario S5 (N1-
D3), which represents the combination of the default nitrification method
in SWAT with the second newly added denitrification method, generally
outperformed the other combinations and achieved R, NSE, PBIAS, and
RMSE of 0.63, 0.29, — 4.7 %, and 16.0 kg N ha™?, respectively. The overall
results suggest that nitrification method N1 performed slightly better in
simulating SIN dynamics. Among the three denitrification methods (D1,
D2, and D3), the results show that the newly added denitrification method
D3 consistently outperformed the other two methods.

Hereafter, we focus on the analysis of the SIN simulations with the best
performing scenario S5 (N1-D3) configuration within the SWAT-C model.
The measured average annual SIN at the CRS site was 39.9 kg N ha~*
versus 38.6 kg N ha ! for simulation. Overall, the SWAT-C model captured
the dynamics of SIN well across different sites. The cross-sites correlation
coefficient R, NSE, PBIAS, and RMSE were 0.63, 0.29, —4.7 %, and
16.2 kg N ha™ !, respectively. The performance of SWAT-C varied across
the three individual sites. With R, NSE, PBIAS, and RMSE ranging from
0.63t00.67, —0.29t00.41, —32.9 % to 2.4 %, and 10.6 to 23.0 kg N ha™?,
respectively (Fig. 2).

Our SWAT-C model performance was comparable to or even better than
other modeling studies on SIN dynamics (Archontoulis et al., 2014; Banger
et al., 2019). For example, Archontoulis et al. (2014) applied the APSIM
model to predict SIN as affected by manure application in the 20 cm topsoil
at two corn production sites in the U.S. Midwest, and achieved a RMSE of
7.7-17.6 kg N ha™'. A “fair” performance was obtained by the DSSAT
model in predicting SIN during the growing season of corn production sys-
tems in the U.S. Midwest (Banger et al., 2019).

D Parameter File Definition Relative/Replace® Max Min Fitted value Sensitivity ranking
1 ANION_EXCL sol Fraction of porosity from which anions are excluded v 0 1 0.047 6
2 BIOMIX mgt Biological mixing efficient r -0.2 0.2 -0.175 14
3 DF hru Decomposition coefficient v 0 1.5 1.122 5
4 ERORGN hru Organic N enrichment ratio v 0 5 1.667 8
5 N_UPDIS bsn Nitrogen uptake distribution parameter r -0.5 0.5 —0.862 10
6 NPERCO bsn Nitrogen percolation coefficient r -0.5 0.5 0.124 13
7 OX_aa_para tes Soil oxygen coefficient v 0 20 4.753 4
8 OX_bb_para tes Soil oxygen coefficient v 0.001 0.05 0.005 3
9 PRMT 45 para tes Coefficient adjusts microbial activity r -0.4 0.4 0.17 11
10 PRMT 51 _para tes Coefficient adjusts microbial activity r -0.4 0.4 —0.076 12
11 RSDIN hru Initial residue cover (kg/ha) v 0 10,000 2794.5 9
12 SDNCO bsn Denitrification threshold water content r -0.5 0.5 -0.294 7
13 SOL_CBN sol Initial organic carbon content in the soil layer (%) v 0 5 2.35 1
14 SOL_NO3 chm Initial NO3 -N concentration in the soil layer (mg/kg) v 5 40 30.21 15
15 TF_nit bsn Temperature factor in controlling nitrification v 0 0.5 0.155 2

a

v indicates relative change of a parameter; r indicates replace of a parameter.
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Fig. 2. Simulated and observed average annual SIN for all sites (a), (b), (c¢) and at each individual site. The dashed black line indicates the 1:1 identity line and the solid red
line represents the linear regression line. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

3.2. Model performance against time series data

We examined model performance in predicting SIN dynamics for differ-
ent treatments across the three sites (Figs. 3-6). At the CRS site, the SWAT-
C model achieved the least error among the three sites, with R, NSE, PBIAS,
RMSE, MAE, MAPE, and IA of 0.56, 0.22, 3.2 %, 17.5 kg N ha™ ', —1.3,
0.33, and 0.73, respectively. At the MCSE site, the SWAT-C model per-
formed slightly poorer than at the other two sites. The model captured
well the temporal dynamics of SIN (R = 0.62, NSE = 0.20, & IA =
0.75), but was subject to large bias (PBIAS = -36.6 %, RMSE = 34.3,
MBE = 12.4, & MAPE = 1.2). This was likely due to the long-term and
higher temporal resolution datasets used for model evaluation at the
MCSE site compared to the other two sites, which makes it more challeng-
ing to simulate. Overall, as illustrated in Figs. 4-6, the model can capture
the temporal and spatial variation of SIN reasonably well for most of the
treatments. The large spread between the two ends of the error bars
(i.e., the range of observed values from multiple replicates) suggests large
uncertainties associated with measured SIN. The peaks of SIN often
followed fertilizer or manure application or the mineralization of returned
crop residues. Fertilizers were normally applied within a month after the
sowing of corn in early May or late April. The peaks in the fall were likely
due to enhanced mineralization due to the return of crop residues or ma-
nure application to the soil.

Table 4
Performance of different combinations of nitrification and denitrification methods
in simulating SIN. Bold values represent the optimal combination of methods.

Scenarios  Nitrification  Denitrification R NSE PBIAS RMSE
method method (%) (kg N ha™!)
S1 N2 D1 0.56 —0.18 —16.4 20.84
S2 N1 D1 057 —-0.09 -11.6 20.05
S3 N1 D2 0.45 0.07 5.5 18.49
S4 N2 D2 0.57 -0.29 -16.6 21.81
S5 N1 D3 0.63 0.29 —-4.7 16.20
S6 N2 D3 062 -0.31 -17.3 22.00

As shown in Figs. 4-6, the model simulations generally reflected the
interannual and intral-annual changes of SIN caused by key N cycling pro-
cesses such as N application and crop growth. Continuous corn treatments
(CRS T1-3 and LFL T3, T6, T9, T12, T15) had the highest amount of SIN,
with the simulated and observed average SIN values of 48.7 kg N ha™?
and 44.5 kg N ha™!, respectively. This is understandable since corn
generally receives higher N applications compared to other rotational
crops such as soybean, winter wheat, and oats. Large overestimation
was found for treatment 3, which was a high N treatment under contin-
uous corn. Simulated SIN showed a larger variation under the high N
treatment as compared to measurements under zero and low N treat-
ments. This was likely because most of the measurements (81.2 %)
were taken during the non-growing season at the CRS site. The rela-
tively small fraction of dataset from the growing season for model calibra-
tion could cause uncertainties in SIN simulation because the rapid change
of SIN normally occurs during the growing season shortly after the applica-
tion of N fertilizer.

Compared to the LFL and CRS sites, long term and more frequent
data were available at the MCSE site (Fig. 6). The correlation coeffi-
cient for the two treatments at the MCSE site were 0.58 and 0.66,
which was slightly better than the results in Cai et al. (2016), who re-
ported correlation coefficients of 0.58 and 0.56 for soil NO3 simulation
at the MCSE site between 1989 and 2011 using the built-in soil N cy-
cling modules of the SWAT model. In our study, the simulated SIN at
the MCSE site was calibrated simultaneously with the other two sites.
This calibration helps with model generalization and application at
broader scales.

To further compare our model with the results reported in Cai et al.
(2016), we calibrated the SWAT-C model against experimental data from
the MCSE site. The performance of SWAT-C further improved, with the
overall R, NSE, PBIAS, and RMSE values of 0.63, 0.32, —8.0 %, and
31.7 kg N ha™ %, respectively. The correlation coefficient R for treatment
1 (T1) and treatment 2 (T2) were 0.61 and 0.66, respectively. The findings
indicate that the new algorithms added to the SWAT-C model outperformed
the algorithms used in the SWAT2012 model. Meanwhile, we also note that
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Fig. 3. Cross-site comparison of simulated and measured daily SIN in the U.S. Midwest. The dashed black line indicates the 1:1 identity line and solid red line represents the
linear regression line. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

there is further need of improving the algorithms to capture the temporal
dynamics of SIN more accurately, particularly at a finer temporal resolution
(e.g., daily time steps).

3.3. Comparison of the SWAT-C model with other models reported in previous
studies

Multiple previous studies have evaluated process-based models in
predicting SIN (Table 6) (Archontoulis et al., 2014; Banger et al., 2019;
Yin et al., 2020), most of which were carried out at a single site or did
not have long-term data to reflect the variation of soil and climate condi-
tions. In contrast, our study used long-term experimental datasets from 40
experimental treatments across three sites for model evaluation. It is
difficult to directly compare the performance of the SWAT-C model with
those reported in previous studies, due to the use of different cropping
systems, model simulation length, and number of observations. For exam-
ple, Archontoulis et al. (2014) and Banger et al. (2019), respectively,
evaluated APSIM and DSSAT for corn using <300 observations for pe-
riods <3 years. In contrast, Yin et al. (2020) evaluated six different
process-based models for complex crop rotations against data over a
12-year period, but with only ca. 144 observations. Four out of the six
models (APSIM, DAISY, FASSET and HERMES) underestimated SIN (ob-
served = 60.3 kg N ha™' vs simulated = 25.8 kg N ha™'), the
CROPSYST model overestimated SIN (observed = 59 kg N ha™ 1 vs sim-
ulated = 107 kg N ha™ 1), and the STICS model simulated SIN relatively
well with RMSE = 27, MBE = —1, MAPE = 2, and IA = 0.67. Also, itis
worth noting that the same model could perform very differently in dif-
ferent studies. For instance, the APSIM model achieved RMSE of 12.6 as
reported by Archontoulis et al. (2014), which is much lower than the
value of 48 reported by Yin et al. (2020). In terms of complexity of

cropping system and duration of assessment, the study of Yin et al.'s
(2020) is more feasible for use to compare the performance of SWAT-
C. Overall, the performance of the SWAT-C model in simulating SIN is
comparable or even better than those process-based models reported
in Table 5. It is worth noting that, the models reported in previous stud-
ies may exhibit different performance when evaluated using the
datasets used to evaluate the SWAT-C model. Therefore, a more robust
comparison between different models is deserved in the future with col-
laboration between experts on different models and usage of the same
experimental datasets.

3.4. Model performance by treatments

Nitrogen fertilization and crop rotation were the two major practices
examined at the 40 treatments in this study. Model simulations gener-
ally reflect the changes across treatments (Table 6 & Fig. 7). Fig. 7
shows that the model reproduced well the effect of crop rotation and fer-
tilizer treatments on SIN across different sites. For the CRS site, the av-
erage measured and predicted daily SIN during the study period
(mean =+ std) under continuous corn, corn-soybean rotation, and corn-
soybean-other crops rotation were 46.7 = 27.6 vs 48.2 *
346kgNha"! 39,5 £ 17.4vs 40.4 + 9.4 kg Nha~!, and 38.6 =
19.3vs 36.3 *+ 13.2kg N ha™?, respectively. At the LFL site, the average
measured and predicted SIN under continuous corn and corn-soybean-
other crops rotation were 41.2 + 13.2 vs 49.4 + 12.3 kg N ha™!,
40.4 + 12.9 vs 40.9 + 10.2 kg N ha~*, respectively. The model
underperformed with the high N treatment, especially at the MCSE
site, where the average simulated SIN was 35.9 % higher than the mea-
surement (46.6 + 24.1 vs 34.3 + 20.4 kg N ha™1). This is likely due to
the lumped calibration strategy applied in this study, in which SIN was
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Fig. 4. Observed and SWAT-C model simulated daily SIN (kg N ha ™) for treatment 1-23 between 1984 and 2002 for the long-term CRS experimental site in Ithaca, Nebraska.

calibrated simultaneously for all treatments across all sites without spe-
cifically considering local settings of the MCSE site. It has been reported
(Archontoulis et al., 2014) that model performance could be reduced
when conducting multi-site and multi-treatment calibration compared
to single-site and treatment calibration.

3.5. Parameter sensitivity

As shown in Table 3 and Fig. 8, the 15 parameters demonstrated var-
ied sensitivity for SIN simulation. The smaller the p-value and the larger
the t-stats, the more sensitive the parameter. The top six sensitive pa-
rameters were SOL_CBN, TF_nit, OX_aa_para, OX_bb_para, DF, and
ANION_EXCL (as indicated by the p values and t stats). The SOL_CBN de-
fines the initial soil carbon content; TF_nit represents the temperature
control on nitrification; both OX_aa_para and OX_bb_para control oxy-
gen effects on decomposition; DF controls the SOM decomposition
rate; and the ANION_EXCL is the fraction of porosity (void space) from
which anions are excluded. Among those parameters, four of them can
directly affect the amount of SOC and SOC decomposition. Our result
is consistent with previous findings that SIN is highly sensitive to the cy-
cling of SOM (Mitchell et al., 2000; Osterholz et al., 2016), as SOM is
generally the dominant source of mineralizable N and predicting C and N
mineralization of crop residues in soil is important for forecasting subse-
quent soil N availability during crop growth cycles (De Notaris et al.,
2018; Liang et al., 2019).

3.6. Limitations and uncertainties

Previous studies indicated that SIN simulation is difficult due to the
complexity of N cycling (Archontoulis et al., 2014; Banger et al., 2019;
Franqueville et al., 2018; Moriasi et al., 2013). This study involved several
major sources of uncertainties that could explain the discrepancy between
the simulations and measurements, including model input and evaluation
data, model structure, and model parameters.

3.6.1. Uncertainties associated with model input and evaluation data

In addition to the uncertainties associated with climate data (Qi
et al., 2019; Sexton et al., 2010), accurate estimation of SIN requires re-
liable and detailed characterization of field managements such as the
timing, type, and rate of fertilizer application, timing and type of tillage
practices, crop types/varieties, and dates of planting and harvesting.
The inaccuracy or mismatch in these management records could lead
to misrepresentation of the N cycle in the model, and consequently
cause model biases. In this study, detailed information such as the
dates and types of the management practices applied for some of the
treatments were not available, which could be a source of uncertainties
in model simulations.

Also, initial soil conditions need to be prescribed for the model. For
example, bulk density and soil organic carbon content are critical model
inputs. In the SWAT-C model, soil bulk density was fixed for each soil
layer in each hydrologic response unit (HRU) and used for the
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Fig. 5. Observed and SWAT-C model simulated daily SIN (kg N ha™?) for treatment 1-15 between 1993 and 1998 at the LFL site at the KBS, Michigan.

calculation of soil nutrient and chemical content during the entire sim- development of plants. In addition, changes in temperature/moisture
ulation period, therefore could not reflect the dynamics of soil bulk den- changes could affect soil bulk density (e.g., freeze-thaw, soil cracking,
sity as affected by factors such as tillage, soil compaction, and root etc.). Measuring soil chemical content involves sampling soils from
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Table 5
Studies of SIN simulation by typical process-based models.
ID Model Reference Region Cross-site  Metrics N N N Growing and  Crop Trtd Period
calibration sites® Trts® Obs®  non-growing
seasons
1 APSIM Archontoulis et al. (2014) U.S. No RMSE = 12.6,R? = 0.60 4 2 48 Growing Corn Manure & N fertilizer ~ 2000-2001
2 DSSAT Banger et al. (2019) U.s. Yes PBIAS = —3.6,IA = 0.88 6 28 257 Growing Corn N fertilizer 2015-2017
3 APSIM Yin et al. (2020) France No RMSE = 48, MBE = -30, 1 12 ~144 Growing Winter Crop rotation, N 1991-2003
MAPE = 50,IA = 0.31 wheat, sugar fertilizer & Cover crop
4  CROPSYST RMSE = 96, MBE = 48, Growing beets, & pea’
MAPE = 81,1A = 0.04 catch crop:
5 DAISY RMSE = 40, MBE = -23, Growing radish
MAPE = 38,1A = 0.49
6  FASSET RMSE = 54, MBE = -47, Growing
MAPE = 79,1IA = 0.43
7  HERMES RMSE = 45, MBE = -37, Growing
MAPE = 62,IA = 0.49
8 STICS RMSE = 27, MBE = -1, Growing
MAPE = 2,]A = 0.67
9 SWAT-C Present study u.s. Yes R = 0.60, PBIAS = -12.5, 3 40 1994 Growing &  Corn, Crop rotation & N 1984-2015
RMSE = 26.0, MBE = 4.8, non-growing Soybean &  fertilizer
MAPE = 0.67,1IA = 0.75 Others

@ Number of sites.
 Number of treatments.

¢ Number of measurements.
4 Treatment types.

multiple locations at different depths in an experimental plot and/or
multiple replication plots. The conversion of mass (i.e., mg/kg) to area
(i.e., kg/ha) assumed that the samples can accurately represent the spa-
tial variability of chemical content in a larger area. Notably, the coeffi-
cient of variation (CV = ratio of the standard deviation to the mean)
for measured SIN between replications can range from 2.0 % to 186 %
with an average of 29.1 % at the KBS MCSE site. The large range of
CVs among experimental replications indicated large uncertainties in
SIN measurements. Therefore, the SIN measurement errors in represent-
ing spatial variability and accuracy also contributed to the uncertainties
in SIN calibration and assessment.

3.6.2. Uncertainties associated with model structure and parameters

Numerical models are simplified representations of the real world,
therefore and hence subject to structural uncertainties (Beven, 1993). Pre-
vious studies have demonstrated that the SWAT-C model simulations are
subject to structural uncertainties (Yen et al., 2014; Zhang et al., 2013a). Al-
though the SWAT-C model is a comprehensive model that encompasses a
large number of processes, there is still room to further improve its repre-
sentation of additional processes related to the N cycling. For example,
the nitrification and denitrification algorithms are approximations of the
nitrification and denitrification processes occurring under natural condi-
tions. Further improvements regarding multiple biogeochemical processes
that are driven by different microbial communities hold promise to benefit
the simulation of SIN (Daims et al., 2016; Kuenen and Robertson, 1994;
Liang and Robertson, 2021).

Parameters in the SWAT-C model are often not directly available from
field observations, therefore they are frequently adjusted to match model
simulations and observed variables of interest. Despite the fact that model

Table 6
Evaluation metrics of SIN by N fertilizer treatment and crop rotation treatment.
Major Sub-treatments PBIAS R NSE RMSE
treatments (%) (kg N ha™!)
N Fertilizer ON —-199 0.32 —0.01 12.0
Low N —-54 0.25 0.00 14.0
High N -18,8 0.66 0.31 18.5
Crop Rotation ~ Continuous Corn —-183 0.78 0.40 17.6
Corn- Soybean =332 0.59 0.08 17.6
Corn-Soybean- Others  —6.1 0.61 0.37 143
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parameters vary by location (i.e., different sites have different parameter
values), here we did not perform parameter calibration for each individual
site. Instead, we simultaneously calibrated parameters across all three sites
using a batch calibration approach. Whereas this strategy provided an ob-
jective and robust assessment of model performance for more general appli-
cation across locations, the batch calibration likely did not represent the
best results achievable by site-specific calibration. For example, the site-
specific calibration for MCSE improved model performance compared to
the batch calibration over all three sites (Fig. 6). It is reasonable to assume
that a site-specific calibration strategy may be needed to reflect site condi-
tions to accurately reproduce SIN dynamics (Archontoulis et al., 2014). We
acknowledge that these limitations could be sources of uncertainties in SIN
simulation.

4. Conclusions

We sought to improve the SWAT-C model in predicting the dynamics
of SIN under typical cropping systems in the U.S. Midwest. We added
new nitrification and denitrification algorithms into the SWAT-C
model and evaluated the model performance for simulating SIN against
experimental data compiled from three sites with a total of 40 treat-
ments. The different algorithms for simulating nitrification and denitri-
fication demonstrated varied performance for SIN simulation, which
allowed us to identify the optimal combination for the study sites. The
improved SWAT-C model captured both the magnitude and temporal
variation of SIN. Sensitivity analyses showed that SIN dynamics was
most sensitive to the parameters that control SOM decomposition and
nitrification. The performance of the SWAT-C model in simulating SIN
was comparable or even better than previously reported evaluation of
process-based models. We expect the model developed and tested here
will help to advance the capability of agroecosystem models in N simu-
lation and facilitate improved understanding and quantification of N dy-
namics in complex agricultural landscapes.

Author contributions statement

KL compiled and analyzed the data, modified the code, conducted sim-
ulations, and prepared the draft. XZ supervise the study, modified the code,
revised the manuscript. VJ, GB, MRS, and GPR provided the experimental
data and contributed to writing. XL, GWM, and GEM commented on the
methodology and contributed to writing.



K. Liang et al. Science of the Total Environment 879 (2023) 162906
100
g (a) M Measured SIN
<80 A 0 Simulated SIN
J |
> 60 -
% |
X 40 |
= |
a 20 j
0
ON High N Low N High N High N
CRS LFL MCSE
100
— - (b) M Measured SIN
w 80 1 O Simulated SIN
= |
=z 60 1
2o
Z 20
(%2] 1
0 =
Cont Corn Corn & Corn, Soybean| Cont Corn |Corn, Soybean Corn &
Soybean & Others & Others Soybean
CRS LFL MCSE

Fig. 7. Comparison of simulated and measured daily SIN during the study period under different fertilizer treatments (a) and crop rotation treatments (b) at the three study

sites.

Data availability
Data will be made available on request.
Declaration of competing interest

The authors declare no conflict of interest.

TF_nit.bsn -
SOL_CBN.sol 1
OX_bb_para.tes A
0OX_aa_para.tes A
DF.hru A

ANION_EXCL.sol o

SDNCO.bsn
ERORGN.hru

Parameter

RSDIN.hru
N_UPDIS.bsn
PRMT_45 para.tes

PRMT_51_para.tes

NPERGO.bsn
BIOMIX.mgt
SOL_NO3.chm
00 02 04 06 08
p Value

1.0

Acknowledgements

This research was supported by the U.S. Department of Agriculture pro-
ject (USDA) “Dashboard for Agricultural Water Use and Nutrient Manage-
ment” (Award number: 20206801231674) and the U.S. National Science
Foundation (NSF) project “A Modeling Framework to Couple Food, Energy,
and Water in the Teleconnected Corn and Cotton Belts” (Award number:

TF_nit.bsn
SOL_CBN.sol 1
OX_bb_para.tes 4
OX_aa_para.tes 4
DF.hru A
ANION_EXCL.sol 4
SDNCO.bsn 4
ERORGN.hru A
RSDIN.hru A
N_UPDIS.bsn A
PRMT_45 para.tes 4
PRMT_51_para.tes 4

NPERCOQO.bsn 4

SOL_NO3.chm 1

BIOMIX.mgt 4 l

-10

Fig. 8. Sensitivity of SWAT-C model parameters for simulating SIN.

12



K. Liang et al.

1639327). This research was in part supported by the USDA — Agricultural
Research Service, the NSF Long-term Ecological Research Program (DEB
2224712) at the Kellogg Biological Station, the USDA Long-Term
Agroecosystem Research Program, and Michigan State University
AgBioResearch. Mention of trade names or commercial products in this
publication is solely for the purpose of providing specific information and
does not imply recommendation or endorsement by the funding agencies.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2023.162906.

References

Abbaspour, K.C., 2013. Swat-cup 2012. SWAT Calibration And Uncertainty Program—A User
Manual.

Abbaspour, K.C., 2022. User Manual for SWATCUP-2019/SWATCUP-Premium/
SWATplusCUP Calibration And Uncertainty Analysis Programs. 2w2e Consulting GmbH
Publication, Duebendorf, Switzerland.

Abbaspour, K.C., Johnson, C., Van Genuchten, M.T., 2004. Estimating uncertain flow and
transport parameters using a sequential uncertainty fitting procedure. Vadose Zone J.
3, 1340-1352.

Abbaspour, K.C., Rouholahnejad, E., Vaghefi, S., Srinivasan, R., Yang, H., Klgve, B., 2015. A
continental-scale hydrology and water quality model for Europe: calibration and uncer-
tainty of a high-resolution large-scale SWAT model. J. Hydrol. 524, 733-752.

Archontoulis, S.V., Miguez, F.E., Moore, K.J., 2014. Evaluating APSIM maize, soil water, soil
nitrogen, manure, and soil temperature modules in the midwestern United States. Agron.
J. 106, 1025-1040.

Arnold, J.G., Srinivasan, R., Muttiah, R.S., Williams, J.R., 1998. Large area hydrologic model-
ing and assessment part I: model development 1. J. Am. Water Resour. Assoc. 34, 73-89.

Banger, K., Nafziger, E.D., Wang, J., Muhammad, U., Pittelkow, C.M., 2018. Simulating nitro-
gen management impacts on maize production in the U.S.Midwest. PLoS One 13,
€0201825.

Banger, K., Nafziger, E.D., Wang, J., Pittelkow, C.M., 2019. Modeling inorganic soil nitrogen
status in maize agroecosystems. Soil Sci. Soc. Am. J. 83, 1564-1574.

Basso, B., Ritchie, J.T., 2015. Simulating Crop Growth And Biogeochemical Fluxes in Re-
sponse to Land Management Using the SALUS Model. Vol. 2015. Oxford University
Press, Oxford.

Beven, K., 1993. Prophecy, reality and uncertainty in distributed hydrological modelling. Adv.
Water Resour. 16, 41-51.

Brighenti, T.M., Bonuma, N.B., Grison, F., Mota, Ad.A., Kobiyama, M., Chaffe, P.L.B., 2019.
Two calibration methods for modeling streamflow and suspended sediment with the
swat model. Ecol. Eng. 127, 103-113.

Cai, X., Yang, Z.L., Fisher, J.B., Zhang, X., Barlage, M., Chen, F., 2016. Integration of nitrogen
dynamics into the Noah-MP land surface model v1.1 for climate and environmental pre-
dictions. Geosci. Model Dev. 9, 1-15.

Cherry, K., Shepherd, M., Withers, P., Mooney, S., 2008. Assessing the effectiveness of actions to
mitigate nutrient loss from agriculture: a review of methods. Sci. Total Environ. 406, 1-23.

Chirinda, N., Kracher, D., Lagdsmand, M., Porter, J.R., Olesen, J.E., Petersen, B.M,, et al.,
2010. Simulating soil N20 emissions and heterotrophic CO2 respiration in arable systems
using FASSET and MoBiLE-DNDC. Plant Soil 343, 139-160.

Culman, S.W., Snapp, S.S., Green, J.M., Gentry, L.E., 2013. Short- and long-term labile soil car-
bon and nitrogen dynamics reflect management and predict corn agronomic perfor-
mance. Agron. J. 105, 493-502.

Daims, H., Liicker, S., Wagner, M., 2016. A new perspective on microbes formerly known as
nitrite-oxidizing bacteria. Trends Microbiol. 24, 699-712.

David, M.B., Drinkwater, L.E., Mclsaac, G.F., 2010. Sources of nitrate yields in the Mississippi
River Basin. J. Environ. Qual. 39, 1657-1667.

De Notaris, C., Rasmussen, J., Sgrensen, P., Olesen, J.E., 2018. Nitrogen leaching: a crop rota-
tion perspective on the effect of N surplus, field management and use of catch crops.
Agric. Ecosyst. Environ. 255, 1-11.

Del Grosso, S., Parton, W., Mosier, A., Ojima, D., Kulmala, A., Phongpan, S., 2000. General
model for N20 and N2 gas emissions from soils due to dentrification. Glob. Biogeochem.
Cycles 14, 1045-1060.

Dharmakeerthi, R.S., Kay, B.D., Beauchamp, E.G., 2006. Spatial variability of in-season nitro-
gen uptake by corn across a variable landscape as affected by management. Agron. J. 98,
255-264.

Dinnes, D.L., 2004. Assessments of Practices to Reduce Nitrogen And Phosphorus Nonpoint
Source Pollution of Iowa's Surface Waters. USDA-ARS, National Soil Tilth Laboratory.

Du, X., Zhang, X., Mukundan, R., Hoang, L., Owens, E.M., 2019. Integrating terrestrial and
aquatic processes toward watershed scale modeling of dissolved organic carbon fluxes.
Environ. Pollut. 249, 125-135.

Dunn, A.M., Julien, G., Ernst, W.R., Cook, A., Doe, K.G., Jackman, P.M., 2011. Evaluation of
buffer zone effectiveness in mitigating the risks associated with agricultural runoff in
Prince Edward Island. Sci. Total Environ. 409, 868-882.

EPA U, 2019. BASINS 4.5 (Better Assessment Science Integrating Point & Non-point Sources)
Modeling Framework. National Exposure Research Laboratory, Research Triangle Park,
North Carolina.

Farr, T.G., Rosen, P.A., Caro, E., Crippen, R., Duren, R., Hensley, S., et al., 2007. The shuttle
radar topography mission. Rev. Geophys. 45.

13

Science of the Total Environment 879 (2023) 162906

Fortuna, A., Harwood, R., Kizilkaya, K., Paul, E., 2003. Optimizing nutrient availability and
potential carbon sequestration in an agroecosystem. Soil Biol. Biochem. 35, 1005-1013.

Franqueville, D., Benhamou, C., Pasquier, C., Henault, C., Drouet, J.-L., 2018. Modelling reac-
tive nitrogen fluxes and mitigation scenarios on a landscape in Central France. Agric.
Ecosyst. Environ. 264, 99-110.

Fu, B., Merritt, W.S., Croke, B.F.W., Weber, T.R., Jakeman, A.J., 2019. A review of catchment-
scale water quality and erosion models and a synthesis of future prospects. Environ.
Model Softw. 114, 75-97.

Gassman, P.W., Reyes, M.R., Green, C.H., Arnold, J.G., 2007. The soil and water assessment
tool: historical development, applications, and future research directions. Trans. ASABE
50, 1211-1250.

Gupta, H.V., Sorooshian, S., Yapo, P.O., 1999. Status of automatic calibration for hydrologic
models: comparison with multilevel expert calibration. J. Hydrol. Eng. 4, 135-143.
Hansen, A.L., Refsgaard, J.C., Olesen, J.E., Borgesen, C.D., 2017. Potential benefits of a
spatially targeted regulation based on detailed N-reduction maps to decrease N-load
from agriculture in a small groundwater dominated catchment. Sci. Total Environ. 595,

325-336.

Hashemi, F., Olesen, J.E., Dalgaard, T., Borgesen, C.D., 2016a. Review of scenario analyses to
reduce agricultural nitrogen and phosphorus loading to the aquatic environment. Sci.
Total Environ. 573, 608-626.

Hess, L.J.T., Hinckley, E.-L.S., Robertson, G.P., Matson, P.A., 2020. Rainfall intensification in-
creases nitrate leaching from tilled but not no-till cropping systems in the U.S.Midwest.
Agric. Ecosyst. Environ. 290, 106747.

Hoben, J., Gehl, R., Millar, N., Grace, P., Robertson, G., 2011. Nonlinear nitrous oxide (N20)
response to nitrogen fertilizer in on-farm corn crops of the US Midwest. Glob. Chang. Biol.
17, 1140-1152.

Hood, R.R., Shenk, G., Dixon, R., Ball, W., Bash, J., Cerco, C., et al., 2019. Chesapeake Bay
Program Modeling in 2025 And Beyond: A Proactive Visioning Workshop STAC Publica-
tion Number 19-002: 61 pp.

Hutson, J.L., Wagenet, R., 1989. LEACHM: Leaching Estimation And Chemistry Model; A
Process-based Model of Water And Solute Movement, Transformations, Plant Uptake
And Chemical Reactions in the Unsaturated Zone; Version 2. Cornell Univ., Center for En-
vironmental Research.

Izaurralde, R.C., Williams, J.R., McGill, W.B., Rosenberg, N.J., Jakas, M.C.Q., 2006. Simulat-
ing soil C dynamics with EPIC: model description and testing against long-term data.
Ecol. Model. 192, 362-384.

Johnson, A.D., Cabrera, M.L., McCracken, D.V., Radcliffe, D.E., 1999. LEACHN simulations of
nitrogen dynamics and water drainage in an Ultisol. Agron. J. 91, 597-606.

Jones, C.A., 1986. CERES-Maize; A Simulation Model of Maize Growth And Development.

Jones, J.W., Hoogenboom, G., Porter, C.H., Boote, K.J., Batchelor, W.D., Hunt, L., et al., 2003.
The DSSAT cropping system model. Eur. J. Agron. 18, 235-265.

Keating, B.A., Carberry, P.S., Hammer, G.L., Probert, M.E., Robertson, M.J., Holzworth, D., et
al., 2003. An overview of APSIM, a model designed for farming systems simulation. Eur.
J. Agron. 18, 267-288.

Kim, Y., Berger, S., Kettering, J., Tenhunen, J., Haas, E., Kiese, R., 2014. Simulation of N20
emissions and nitrate leaching from plastic mulch radish cultivation with
LandscapeDNDC. Ecol. Res. 29, 441-454.

Kuenen, J.G., Robertson, L.A., 1994. Combined nitrification-denitrification processes. FEMS
Microbiol. Rev. 15, 109-117.

Li, C., Frolking, S., Frolking, T.A., 1992. A model of nitrous oxide evolution from soil driven
by rainfall events: 1. Model structure and sensitivity. J.Geophys.Res.Atmos. 97,
9759-9776.

Li, C., Aber, J., Stange, F., Butterbach-Bahl, K., Papen, H., 2000. A process-oriented model of
N20 and NO emissions from forest soils: 1.Model development. J. Geophys. Res. Atmos.
105, 4369-4384.

Liang, D., Robertson, G.P., 2021. Nitrification is a minor source of nitrous oxide (N(2) O) in an
agricultural landscape and declines with increasing management intensity. Glob. Chang.
Biol. 27, 5599-5613.

Liang, K., Jiang, Y., Nyiraneza, J., Fuller, K., Murnaghan, D., Meng, F.-R., 2019. Nitrogen dy-
namics and leaching potential under conventional and alternative potato rotations in At-
lantic Canada. Field Crop Res. 242, 107603.

Liang, K., Jiang, Y., Qi, J., Fuller, K., Nyiraneza, J., Meng, F.-R., 2020. Characterizing the im-
pacts of land use on nitrate load and water yield in an agricultural watershed in Atlantic
Canada. Sci. Total Environ. 729, 138793.

Liang, K., Qi, J., Zhang, X., Deng, J., 2022. Replicating measured site-scale soil organic carbon
dynamics in the US Corn Belt using the SWAT-C model. Environ. Model Softw. 158,
105553.

Masunga, R.H., Uzokwe, V.N., Mlay, P.D., Odeh, I, Singh, A., Buchan, D., et al., 2016. Nitro-
gen mineralization dynamics of different valuable organic amendments commonly used
in agriculture. Appl. Soil Ecol. 101, 185-193.

McLellan, E., Robertson, D., Schilling, K., Tomer, M., Kostel, J., Smith, D., et al., 2015. Reduc-
ing nitrogen export from the Corn Belt to the Gulf of Mexico: agricultural strategies for
remediating hypoxia. J. Am. Water Resour. Assoc. 51, 263-289.

Mitchell, R., Harrison, R., Russell, K., Webb, J., 2000. The effect of crop residue incorporation
date on soil inorganic nitrogen, nitrate leaching and nitrogen mineralization. Biol. Fertil.
Soils 32, 294-301.

Molina-Herrera, S., Haas, E., Klatt, S., Kraus, D., Augustin, J., Magliulo, V., et al., 2016. A
modeling study on mitigation of N20 emissions and NO3 leaching at different agricul-
tural sites across Europe using LandscapeDNDC. Sci. Total Environ. 553, 128-140.

Moriasi, D.N., Gowda, P.H., Arnold, J.G., Mulla, D.J., Ale, S., Steiner, J.L., 2013. Modeling the
impact of nitrogen fertilizer application and tile drain configuration on nitrate leaching
using SWAT. Agric. Water Manag. 130, 36-43.

Mosier, A., Doran, J., Freney, J., 2002. Managing soil denitrification. J. Soil Water Conserv.
57, 505-512.

Nash, J.E., Sutcliffe, J.V., 1970. River flow forecasting through conceptual models part I—a
discussion of principles. J. Hydrol. 10, 282-290.


https://doi.org/10.1016/j.scitotenv.2023.162906
https://doi.org/10.1016/j.scitotenv.2023.162906
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140751119038
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140751119038
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140746176938
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140746176938
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140746176938
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140746214848
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140746214848
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140746214848
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755384508
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755384508
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755384508
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755424338
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755424338
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755424338
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755468208
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755468208
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140746410038
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140746410038
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140746410038
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755501248
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755501248
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747192138
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747192138
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747192138
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755530228
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755530228
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747234148
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747234148
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755584538
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755584538
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755584538
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747275318
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747275318
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747332298
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747332298
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756020148
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756020148
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756020148
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756047428
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756047428
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756122128
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756122128
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756158378
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756158378
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756158378
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747381078
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747381078
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140747381078
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756192717
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756192717
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756192717
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748058698
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748058698
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756227077
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756227077
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756227077
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756294827
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756294827
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756294827
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140751507898
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140751507898
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140751507898
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748086528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748086528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748113338
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748113338
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756345117
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756345117
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756345117
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756375987
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756375987
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756375987
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748151388
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748151388
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748151388
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756408107
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756408107
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756449927
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756449927
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756449927
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756449927
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756486408
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756486408
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140756486408
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748376738
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748376738
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748376738
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748420918
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748420918
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140748420918
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752067978
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752067978
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752067978
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739216016
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739216016
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739216016
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739216016
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752109028
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752109028
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752109028
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752202968
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752202968
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140749048898
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739244625
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752237418
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752237418
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752267358
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752267358
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752267358
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752287938
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752287938
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752427618
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752427618
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752427618
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739500225
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739500225
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739500225
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752482428
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752482428
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752482428
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752535728
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752535728
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752535728
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752577028
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752577028
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140752577028
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739590968
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739590968
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140739590968
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753025428
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753025428
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753025428
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753238598
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753238598
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753238598
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740035608
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740035608
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740035608
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753293928
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753293928
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753293928
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753338698
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753338698
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753338698
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740061038
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740061038
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753388528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753388528

K. Liang et al.

NASS, 2021. Census of Agriculture, National Agricultural Statistics Service. https://www.
nass.usda.gov/AgCensus/.

Neitsch, S.L., Arnold, J.G., Kiniry, J.R., Williams, J.R., 2011. Soil And Water Assessment Tool
Theoretical Documentation Version 2009. Texas Water Resources Institute.

Oorts, K., Garnier, P., Findeling, A., Mary, B., Richard, G., Nicolardot, B., 2007. Modeling soil
carbon and nitrogen dynamics in no-till and conventional tillage using PASTIS model.
Soil Sci. Soc. Am. J. 71, 336-346.

Osterholz, W.R., Rinot, O., Liebman, M., Castellano, M.J., 2016. Can mineralization of soil or-
ganic nitrogen meet maize nitrogen demand? Plant Soil 415, 73-84.

Ouyang, W., Hao, F.-H., Wang, X.-1., Cheng, H.-G., 2008. Nonpoint source pollution responses
simulation for conversion cropland to forest in mountains by SWAT in China. Environ.
Manag. 41, 79-89.

Ouyang, W., Huang, H., Hao, F., Guo, B., 2013. Synergistic impacts of land-use change and
soil property variation on non-point source nitrogen pollution in a freeze-thaw area.
J. Hydrol. 495, 126-134 (Amsterdam).

Padilla, F.M., Gallardo, M., Manzano-Agugliaro, F., 2018. Global trends in nitrate leaching re-
search in the 1960-2017 period. Sci. Total Environ. 643, 400-413.

Pandey, A., Li, F., Askegaard, M., Rasmussen, I.A., Olesen, J.E., 2018. Nitrogen balances in or-
ganic and conventional arable crop rotations and their relations to nitrogen yield and ni-
trate leaching losses. Agric. Ecosyst. Environ. 265, 350-362.

Parton, W.J., Ojima, D.S., Cole, C.V., Schimel, D.S., 1994. A general model for soil organic
matter dynamics: sensitivity to litter chemistry, texture and management. Quantitative
Modeling of Soil Forming Processes. 39, pp. 147-167.

Parton, W., Mosier, A., Ojima, D., Valentine, D., Schimel, D., Weier, K., et al., 1996. General-
ized model for N2 and N20 production from nitrification and denitrification. Glob.
Biogeochem. Cycles 10, 401-412.

Parton, W., Holland, E., Del Grosso, S., Hartman, M., Martin, R., Mosier, A., et al., 2001. Gen-
eralized model for NO x and N20 emissions from soils. J.Geophys.Res.Atmos. 106,
17403-17419.

Qi, J., Wang, Q., Zhang, X., 2019. On the use of NLDAS2 weather data for hydrologic model-
ing in the Upper Mississippi River Basin. Water 11 (5), 960.

Qi, J., Du, X., Zhang, X., Lee, S., Wu, Y., Deng, J., et al., 2020a. Modeling riverine dissolved
and particulate organic carbon fluxes from two small watersheds in the northeastern
United States. Environ. Model Softw. 124.

Qi, J., Zhang, X., Lee, S., Wu, Y., Moglen, G.E., McCarty, G.W., 2020b. Modeling sediment dia-
genesis processes on riverbed to better quantify aquatic carbon fluxes and stocks in a
small watershed of the Mid-Atlantic region. Carbon BalanceManag. 15, 1-14.

Qi, J., Zhang, X., Yang, Q., Srinivasan, R., Arnold, J.G., Li, J., et al., 2020. SWAT ungauged:
water quality modeling in the Upper Mississippi River basin. J. Hydrol. 584 (Amst).
Rabotyagov, S.S., Campbell, T.D., White, M., Arnold, J.G., Atwood, J., Norfleet, M.L., et al.,
2014. Cost-effective targeting of conservation investments to reduce the northern Gulf

of Mexico hypoxic zone. Proc. Natl. Acad. Sci. 111, 18530-18535.

Richardson, C., Bucks, D., Sadler, E., 2008. The conservation effects assessment project bench-
mark watersheds: synthesis of preliminary findings. J. Soil Water Conserv. 63, 590-604.

Robertson, G., Groffman, P., 2023. Nitrogen transformations: fixation, mineralization-
immobilization, nitrification, denitrification, and movement. In: Paul, E.A., Frey, S.D.
(Eds.), Soil Microbiology, Ecology, And Biochemistry, 5th edition Elsevier (in press).

Robertson, G.P., Hamilton, S.K., 2015. Long-term ecological research at the Kellogg Biological
Station LTER site. The Ecology of Agricultural Landscapes: Long-term Research on the
Path to Sustainability. Oxford University Press, New York, USA, pp. 1-32.

Robertson, G.P., Vitousek, P.M., 2009. Nitrogen in agriculture: balancing the cost of an essen-
tial resource. Annu. Rev. Environ. Resour. 34, 97-125.

Robertson, G., Burger, L., Kling, C., Lowrance, R., Mulla, D., 2007. Methods for environmental
management research at landscape and watershed scales. J. Soil Water Conserv. Soc. An-
keny, IA. 196.

Robertson, G.P., Hamilton, S.K., Del Grosso, S.J., Parton, W.J., 2011. The biogeochemistry of
bioenergy landscapes: carbon, nitrogen, and water considerations. Ecol. Appl. 21,
1055-1067.

Saha, D., Basso, B., Robertson, G.P., 2021. Machine learning improves predictions of agricul-
tural nitrous oxide (N20) emissions from intensively managed cropping systems. Envi-
ron. Res. Lett. 16, 024004.

14

Science of the Total Environment 879 (2023) 162906

Sanchez, J.E., Harwood, R.R., Willson, T.C., Kizilkaya, K., Smeenk, J., Parker, E., et al., 2004.
Managing soil carbon and nitrogen for productivity and environmental quality. Agron. J.
96, 769-775.

Sexton, A., Sadeghi, A., Zhang, X., Srinivasan, R., Shirmohammadi, A., 2010. Using NEXRAD
and rain gauge precipitation data for hydrologic calibration of SWAT in a northeastern
watershed. Trans. ASABE 53, 1501-1510.

Sindelar, A.J., Schmer, M.R., Jin, V.L., Wienhold, B.J., Varvel, G.E., 2016. Crop rotation affects
corn, grain sorghum, and soybean yields and nitrogen recovery. Agron. J. 108,
1592-1602.

Tilman, D., Fargione, J., Wolff, B., D'Antonio, C., Dobson, A., Howarth, R., et al., 2001. Fore-
casting agriculturally driven global environmental change. Science 292, 281-284.

Soil Survey Staff, Natural Resources Conservation Service, United States Department of Agri-
culture. Web Soil Survey. Available online at https://websoilsurvey.nres.usda.gov/ Soil
Survey Staff NRCS-USDA. Soil Survey Geographic (SSURGO) Database. Accessed [07/
11/2022].

Tilman, D., Cassman, K.G., Matson, P.A., Naylor, R., Polasky, S., 2002. Agricultural sustain-
ability and intensive production practices. Nature 418, 671-677.

Wagena, M.B., Bock, E.M., Sommerlot, A.R., Fuka, D.R., Easton, Z.M., 2017. Development of a
nitrous oxide routine for the SWAT model to assess greenhouse gas emissions from
agroecosystems. Environ. Model Softw. 89, 131-143.

Wang, Q., Qi, J., Qiu, H., Li, J., Cole, J., Waldhoff, S., et al., 2021. Pronounced increases in
future soil erosion and sediment deposition as influenced by freeze-thaw cycles in the
Upper Mississippi River basin. Environ. Sci. Technol. 55 (14), 9905-9915.

Wellen, C., Kamran-Disfani, A.-R., Arhonditsis, G.B., 2015. Evaluation of the current state of
distributed watershed nutrient water quality modeling. Environ.Sci.Technol. 49,
3278-3290.

Willmott, C.J., 1981. On the validation of models. Phys. Geogr. 2, 184-194.

Winchell, M., Srinivasan, R., Di Luzio, M., Arnold, J., 2013. ArcSWAT (2013) Interface for
SWAT 2012-User's Guide. Blackland Research and Extension Center Texas AgriLife Re-
search & Grassland SaWLUARS, Temple.

Yang, Q., Zhang, X., Abraha, M., Del Grosso, S., Robertson, G.P., Chen, J., 2017. Enhancing
the soil and water assessment tool model for simulating N20 emissions of three agricul-
tural systems. Ecosyst. Health Sustain. 3, e01259.

Yen, H., Wang, X., Fontane, D.G., Harmel, R.D., Arabi, M., 2014. A framework for propagation
of uncertainty contributed by parameterization, input data, model structure, and calibra-
tion/validation data in watershed modeling. Environ. Model Softw. 54, 211-221.

Yin, X., Kersebaum, K.-C., Beaudoin, N., Constantin, J., Chen, F., Louarn, G., et al., 2020. Un-
certainties in simulating N uptake, net N mineralization, soil mineral N and N leaching in
European crop rotations using process-based models. Field Crop Res. 255.

Yuan, Y., Chiang, L.-C., 2014. Sensitivity analysis of SWAT nitrogen simulations with and
without in-stream processes. Arch. Agron. Soil Sci. 61, 969-987.

Zebarth, B., Leclerc, Y., Moreau, G., 2004. Rate and timing of nitrogen fertilization of Russet
Burbank potato: nitrogen use efficiency. Can. J. Plant Sci. 84, 845-854.

Zhang, X., 2018. Simulating eroded soil organic carbon with the SWAT-C model. Environ.
Model Softw. 102, 39-48.

Zhang, X., Izaurralde, R.C., Manowitz, D., West, T., Post, W., Thomson, A.M., et al., 2010. An
integrative modeling framework to evaluate the productivity and sustainability of biofuel
crop production systems. GCB Bioenergy 2, 258-277.

Zhang, X., Beeson, P., Link, R., Manowitz, D., Izaurralde, R.C., Sadeghi, A., et al., 2013a. Effi-
cient multi-objective calibration of a computationally intensive hydrologic model with
parallel computing software in python. Environ. Model Softw. 46, 208-218.

Zhang, X., Izaurralde, R.C., Arnold, J.G., Williams, J.R., Srinivasan, R., 2013b. Modifying the
Soil and Water Assessment Tool to simulate cropland carbon flux: model development
and initial evaluation. Sci. Total Environ. 463-464, 810-822.

Zhang, X., Izaurralde, R.C., Manowitz, D.H., Sahajpal, R., West, T.O., Thomson, A.M,, et al.,
2015. Regional scale cropland carbon budgets: evaluating a geospatial agricultural
modeling system using inventory data. Environ. Model Softw. 63, 199-216.

Zhang, X., Lark, T.J., Clark, C.M.,, Yuan, Y., LeDuc, S.D., 2021. Grassland-to-cropland conver-
sion increased soil, nutrient, and carbon losses in the US Midwest between 2008 and
2016. Environ. Res. Lett. 16.


https://www.nass.usda.gov/AgCensus/
https://www.nass.usda.gov/AgCensus/
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740258998
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740258998
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753455558
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753455558
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753455558
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740300728
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740300728
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753488388
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753488388
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753488388
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740554208
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740554208
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140740554208
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753527908
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753527908
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753565508
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753565508
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140753565508
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140742022168
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140742022168
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140742022168
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140741127058
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140741127058
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140741127058
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140741088388
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140741088388
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140741088388
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754176548
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754176548
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754008088
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754008088
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754008088
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140742244528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140742244528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140742244528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140742531328
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140742531328
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140749322889
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140749322889
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140742584078
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140742584078
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140750115528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140750115528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140750115528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140743367878
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140743367878
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140743367878
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754242408
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754242408
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140749496308
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140749496308
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140749496308
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754209558
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754209558
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754209558
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754281568
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754281568
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754281568
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754312058
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754312058
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140743415408
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140743415408
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140743415408
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754348008
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754348008
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754348008
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754426958
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754426958
https://websoilsurvey.nrcs.usda.gov/
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754369968
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754369968
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754463698
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754463698
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754463698
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140743549318
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140743549318
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140743549318
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754587678
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754587678
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140754587678
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755054708
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140744576148
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140744576148
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140744576148
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140750517618
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140750517618
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140750517618
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755117198
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755117198
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755117198
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755178718
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755178718
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755178718
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140745019768
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140745019768
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140745153278
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140745153278
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755201378
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755201378
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140745361928
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140745361928
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140745361928
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755239528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755239528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755239528
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140745318778
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140745318778
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140745318778
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755283598
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755283598
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755326668
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755326668
http://refhub.elsevier.com/S0048-9697(23)01522-X/rf202303140755326668

Simulating agroecosystem soil inorganic nitrogen dynamics under

long-term management with an improved SWAT-C model

Supplementary Material

Kang Liang?, Xuesong Zhang®, Xin-Zhong Liang®¢, Virginia L. Jin, Girma Birru¢, Marty R.

Schmer?, G. Philip Robertson®, Gregory W. McCarty®, Glenn E. Moglen®

a. Earth System Science Interdisciplinary Center, University of Maryland, College Park,
MD 20740, USA

b. USDA-ARS Hydrology and Remote Sensing Laboratory, Beltsville, MD 20705-2350,
USA

c. Department of Atmospheric and Oceanic Sciences, University of Maryland, College
Park, MD 20742, USA

d. USDA-ARS Agroecosystem Management Research, Lincoln, NE 68583, USA

e. W. K. Kellogg Biological Station and Dept. of Plant, Soil & Microbial Sciences,

Michigan State University, Hickory Corners, MI 49060, USA



S1. Sub-algorithms of nitrification methods

S1.1 Nitrification method 1

The soil temperature factor (TMPF1) for nitrification method 1 was calculated as:
TMPF1 = Tfp;, * (solgmpy — 5)/10 (S1)

where s0l;p,, is the soil temperature and T f;, is the temperature coefficient.

The soil water factor (SWF1) for nitrification method 1 was calculated as a function of soil

moisture and field capacity, as shown in Eq. S2.

solgt

SWF1 = 0.25*solfc;
1; solg = 0.25 * solg,

solg < 0.25 * solg, s2)

where solg; represents the amount of water stored in the soil in each time step (mm H20), and

soly, is the amount of soil water held in the soil layer at field capacity (mm H20).

S1.2 Nitrification method 2

The soil water factor (SWF2) for nitrification method 2 was calculated as:

1

SWF2 = S3
14+30we(~"Weor) (53)
where the soil water coefficient SW,,r was calculated as:
solst+solwpmm_swmin
SW,,, = —2thick 0 < SWpp <1 (S4)
Cof (SOlfC+SOlwpmm) ! - Cof -
solehick SWmin

where solg; represents the amount of water stored in the soil in each time step (mm H20),

S0lypmm 1s the soil wilting point (mm H20), and sol;p;c is depth of the soil profile (mm).

The minimum volumetric water content (SW,,,;,,) was calculated as:

SW,,, = 2wemm g 049 (S5)

solthick

The temperature factor (TMPF2) for nitrification method 2 was calculated as:

—5—soltmp)7> (—s—soltmp)4'5
*

0.643%| 1—
TMPF2 = e ( (o —40 (S6)



Parton et al. (1996) suggested that soil pH could have substantial impact on nitrification by
affecting the partition of trace N gases (e.g., N2O and N2) produced through this process. The

soil pH factor pHF was calculated as:

pHF1 = 0.56 + ~ x atan(0.45 «  * (pH — 5)) (S7)

S2 Sub-algorithms of denitrification methods
S2.1 Newly added denitrification method 1

The denitrified NO3s™ (D Nfyy,x) for the newly added denitrification method 1was calculated as:

DNflux = min (DN¢gz, DNp,3) (S8)

DN,y = 1076 = [1.556 + 222 atan (3.14 * 0.0022 * (S0lyosppm — 9.23))] xsolpass  (S9)

4

where DN,,,; is the intermediate denitrification flux (g N day™), soly,ss is the soil mass in

grams, S0lyg3ppm 18 s0il NO3™ concentration (ppm N m™). The denitrification rate due to CO2

effect (DNp,) was estimated as:

DNCOZ - 01 * 0(1'3 - N03mln (SIO)

where NO3,,,;,, is the minimum NO3" concentration required in a soil layer for trace gas
calculation (ppm N), « is the corrected CO2 concentration.

DNz = 0.45 + % * atan(0.6 * 17 x 10 x (Wfps — y)) (S11)
where wfps is water filled pore space, y represents the impacts of CO2 concentration, and y
was estimated using the following equation:

Y = WfPpSaqj * (9 — (—1.25 * @ x +0.145) * a) (S12)
where @ is the normalized soil diffusivity at field capacity. Bwfpsqq; is the adjustment on the
inflection point for water filled pore space effect on denitrification. Detailed information

regarding how parameters @, 8, Bqqj, and @ were estimated is available in Yang et al. (2017).



S2.1 Newly added denitrification method 2
The functional forms for estimating DN,,p3max> D Nemax> and SWF can differ to some extent,
Parton et al. (1996) and Weier et al. (1993) have developed relatively robust functions for

estimating DN, p3max> D Nemax, and SWE:

DNoosmax = 11,000 + (40,000 + 22200002 50tnos 1900, (S13)
24,000
DNemax = ——=200— — 100 (S14)
1+e(0.35*solc>
SWF3 = —%— (S15)

bbd+wfps

where sol,. is the soil C content in g ha! d°!, wfps is water-filled pore space, and a, b, c and d
are soil-specific fitting parameters to incorporate the effect of soil texture. Note that the term
sol. of Eq. (S14) represents the soil respiration rate in Parton et al. (1996), but the SWAT 2012
model version applied by Wagena et al. (2017) does not explicitly simulate soil respiration,
therefore the soil carbon content was used to replace the soil respiration rate. In our case, the
SWAT-C model offers the capability to robustly simulate soil organic C dynamics as well as
soil respiration (as illustrated in Fig. 1 of Liang et al. (2022)). Therefore, we used the soil
respiration rate to calculate the DN, in Eq. (14).

The function that represents the soil temperature effect (TMPF3) on denitrification was

derived from Seligman and Keulen (1980):

TMPF3 = max [0.9 * Solimp +0.1,0.1] (S16)

soltmp+e9'93_0'312*S°ltmp

The pH factor pHF2 was derived from SImek and Cooper (2002):

0.001; pH < 3.5

223 3.5 < pH < 6.5 (S17)

1; pH > 6.5

pHF2 =



Table S1. Basic information of the Living Field Lab (LFL) and Main Cropping System Experiment sites at the Kellogg Biological

Station (KBS), Michigan and the long-term Crop Rotation Experiment (CRS), Nebraska.

. Study . No. Trt/ Depth Soil  Temperature Precipitation
Site State Lat Long Period Crops Treatment Tillage Rep/Data! (cm) type  (°C) (mm)
1992- Corn, Crop rotation,
LFL MI 42.41 -85.39 1997 Soybean, fertilizer, Con Till 15/4/2746 30 Loam 8.97 901
Wheat cover crop
Corn, . .
MCSE MI 424 854 B9 govpean, ~ Grop rotation, Con il 0,00 o5 Loam 897 901
2020 tillage No-till
Wheat
1984- Corn, Oats, Crop rotation, Silty
CRS NE 41.17  -96.42 2002 Sorghum, fertilizer, Con Till 23/4/4485 30 Clay 9.7 734
Soybean cover crop Loam

Note: 1. Trt indicates the total number of treatments; Rep indicates number of replicates; Data represents the total number of measurements
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