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Abstract

The Nutrient Tracking Tool (NTT) is a free and user-friendly modeling program developed
by the Texas Institute for Applied Environmental Research (TIAER) at Tarleton State Uni-
versity in cooperation with the USDA Office of Environmental Markets. NTT simulates
various cropping systems to evaluate management practices that optimize crop production
while improving water quality and quantity. The objective of this study is to evaluate the
capability of NTT to predict corn yield under different agricultural management scenarios.
To assess model performance, 45 management scenarios from three field studies conducted
in Iowa, Colorado, and Kansas were replicated in NTT. These scenarios included variations
in nutrient sources and application rates, tillage practices, seeding rates, and irrigation
management. Field data, including location, slope, planting dates, tillage practices, fertil-
ization rates, and soil properties, were entered into NTT, and simulated crop yields were
compared with measured values reported in the studies. Results showed strong agreement
between measured and predicted corn yields across the evaluated scenarios. For example,
the average measured yield of combined strip-tillage and manure treatment reported by
Al-Kaisi and Kwaw-Mensah was 9.48 Mg ha, while NTT predicted 9.45 Mg ha. Similarly,
for Halvorson et al.,, NTT predicted a yield of 8.06 Mg ha, compared with the measured
yield of 8.23 Mg ha. Overall, the results indicate that NTT can reliably predict corn yield
under a range of management practices, demonstrating its potential as a decision-support
tool for agricultural management.
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using empirical data alone. Process-based simulation tools, therefore, provide a bridge
between field experimentation and large-scale sustainability assessment. Recent studies
have emphasized the importance of process-based agricultural models for evaluating
climate resilience, nitrogen-use efficiency, and long-term crop productivity under variable
environmental conditions [1,2].

The APEX model, developed by the USDA-ARS (Grassland, Soil and Water Research
Laboratory, Temple, TX) and Texas A&M AgrilLife (Blackland Research and Extension
Center), was created in the 1990s as an extension of the older Environmental Policy Inte-
grated Climate (EPIC) model [3,4]. APEX, when used with EPIC concepts, expands the
modeling scale to whole watersheds and was originally developed to better quantify the
environmental impacts of intensive livestock production [5-7]. Since its development, it
has been applied to a diverse range of agricultural systems worldwide [8].

The development of APEX from EPIC was driven by the need to improve represen-
tation of spatially distributed hydrologic and biogeochemical processes at the watershed
scale. APEX addresses these limitations by incorporating a subarea-based watershed repre-
sentation, thereby improving simulation of nutrient transport, sediment movement, and
hydrologic connectivity across heterogeneous landscapes.

APEX simulates a wide variety of environmental and agricultural outcomes, includ-
ing soil erosion, nutrient runoff and leaching, soil carbon dynamics, crop yield, and the
movement of pollutants within watersheds [3,6]. Similar process-based agricultural models
have recently been applied to evaluate nutrient-use-efficient conservation practices and
to assess large-scale crop productivity under varying climatic conditions [2,9]. However,
despite its robustness, APEX requires detailed input data and technical expertise, which
can limit its accessibility to non-specialist users. Recent modeling studies have also iden-
tified calibration complexity, parameter uncertainty, and spatial variability as continuing
challenges for process-based agroecosystem models [10]. These limitations include high
calibration demands, extensive parameterization requirements, and significant time invest-
ment for scenario setup, which collectively restrict their use in practical decision-making
and policy environments.

To address this limitation, the Nutrient Tracking Tool (NTT) was developed by the
Texas Institute for Applied Environmental Research (TIAER) at Tarleton State University in
cooperation with the USDA Office of Environmental Markets. NTT serves as a simplified,
web-based interface that uses the APEX model [3,4], allowing users to simulate nutrient
fluxes and crop growth from a variety of agricultural systems in the United States without
requiring advanced modeling skills [11]. By integrating preloaded spatial datasets, includ-
ing Web Soil Survey (USDA-NRCS) and weather data from the PRISM database (PRISM
Climate Group, Oregon State University), NTT reduces the data burden typically associ-
ated with process-based modeling while maintaining an APEX-based process simulation
structure. This integration of standardized spatial datasets enables consistent simulation of
agricultural systems across different geographic regions, making NTT particularly useful
for conservation planning, water quality trading programs, and environmental policy
applications that require comparable outputs across landscapes.

These features allow users to simply select their field(s) in default Google Maps
JavaScript API and enter their current and future management information [11]. The
built-in spatial datasets substantially reduce user data requirements, which is particularly
important for expanding the accessibility of agricultural and environmental modeling tools
among producers, land managers, and conservation planners.

NTT provides farmers, government officials, researchers, and land managers with
an efficient, web-based, and user-friendly method for evaluating environmental and agro-
nomic impacts of a wide range of management and conservation practices, including
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fertilizer application strategies, tillage systems, irrigation scheduling, and crop rotations.
Outputs from the model include crop yield, runoff, sediment loss, crop stress, and soil
carbon dynamics. Because of its accessibility and broad applicability, NTT has been suc-
cessfully utilized to assist decision-makers in adopting management practices that reduce
nutrient pollution and improve water quality while maintaining agricultural productiv-
ity [12,13].

Although multiple studies have evaluated NTT and its underlying APEX framework,
most validations have been conducted under limited geographic regions or single man-
agement systems. Few studies have systematically evaluated model performance across
multiple climatic regions and diverse combinations of irrigation, fertilizer application,
tillage, and plant density within a single framework. In addition, the reliance on general-
ized climate and soil datasets in many applications introduces uncertainty regarding the
model’s sensitivity to site-specific variability.

Previous studies have evaluated the performance of the NTT program. Menefee
et al. (2024) compared measured and predicted soil carbon sequestration using NTT [8].
They input field-measured data from multiple studies and simulated scenarios, finding a
reasonable correlation between measured and predicted values. They concluded that NTT
is reliable in predicting soil carbon changes under different management and environmental
conditions. Another study conducted across the Western Lake Erie Basin evaluated NTT
performance when simulating annual crop yields, water balance, and nutrient loads [14].
In this work, NTT results were compared with observed data collected across 12 paired
edge-of-field sites between 2015 and 2017 at various locations throughout the Western
Lake Erie Basin. The results showed that NTT satisfactorily predicted crop yield, with
a percent bias of 5-6%, close to the optimal value of 0% [14]. Nelson et al. (2019) [15]
compared differences in input values between ArcAPEX and NTT. For this study, water
quality data were obtained from the Rock Creek watershed in Ohio. The results indicated
that NTT’s ability to predict crop yields showed greater agreement than ArcAPEX [15]. In
2015, a verification study of NTT was conducted for Yakima County, Washington. Burnett
gathered relevant agricultural data and results from the Yakima area for validation. After
running sensitivity tests to ensure that NTT responded appropriately to slight alterations
in management practices, the predicted results for nutrient loss, runoff, and crop yield
accurately represented the county-level data for Yakima [16]. In a study conducted by
Pawlowski et al. (2023) [17], field- and watershed-scale models were applied in the Fox
River Watershed in Wisconsin. NTT was used to evaluate how corn and soybean production
could be modified to reduce nutrient and sediment runoff. The study found that properly
planned management practices could reduce nutrient loads by up to 90%. The results
of this work demonstrated that, at the field scale, NTT was precise and could serve as
a powerful tool for assisting agricultural producers [17]. NTT has also been used to
simulate and quantify reductions in nitrogen, phosphorus, and sediment runoff when
reforestation practices are implemented by converting cropland to forested land. Keller
and Fox (2019) [18] first ran a baseline scenario consisting of a typical cropping system,
such as corn or a corn-soybean rotation. A reforestation scenario was then implemented,
in which the same land was converted to forest cover. In this study, NTT was used as a
simulation tool to model how converting marginal cropland to forest reduces nutrient and
sediment runoff.

These previous studies demonstrate that while NTT has been validated under a
range of conditions, its performance across fully integrated combinations of irrigation,
fertilization, tillage, and plant density under multi-location scenarios remains less exten-
sively evaluated.
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Given the variability in model performance across studies and the continued reliance
on generalized spatial datasets, further evaluation of NTT under multi-location and multi-
management scenarios is necessary to better understand its predictive robustness under
realistic agricultural conditions.

Therefore, the objective of this study is to evaluate the capability of NTT to predict corn
yields under a range of agricultural management practices across multiple U.S. locations,
including Nashua, Iowa; Fort Collins, Colorado; and Colby, Kansas. The studies examined
the impacts of agricultural practices such as tillage methods, nitrogen source applications,
irrigation strategies, and seeding rates on corn yields [19-21]. The findings provide in-
sight into the accuracy and robustness of NTT under diverse production conditions and
contribute to its ongoing evaluation as a field-scale decision-support tool for sustainable

agricultural management.

2. Materials and Methods
2.1. Measured Input Data from Field Studies

Measured data from field studies conducted by Al-Kaisi and Kwaw-Mensah (2007),
Halvorson et al. (2006), and Lamm et al. (2009) [19-21] were used to verify the NTT
program’s ability to predict crop yield under various management practices (Table 1).
Management practices, soil data, and crop yield information were obtained from the
selected studies, which together comprised a total of 45 management practices, including
various fertilizer types and application rates, irrigation management strategies, seeding
rates, and tillage operations. The list of treatments and the corresponding measured crop
yields for each study are presented in Tables 2—4.

Table 1. Summary of the studies used.

Summary of Used Studies
Study Location Years # of Scenarios Management
Al . nd Sopben Com ot Sl vi0  lge
Kwaw-Mensah, D. Nashua, Iowa 2002-2004 24 5 L ’
2007 [19] fertilizer application at rates (0, 85, 170,
250 kg ha)
. Corn field with NT and CT, 6 nitrogen
Halvorson etal.,  Fort Collins, 55, 5904 12 application rates (0, 34, 67, 101, 134,
2006 [20] Colorado
202 kg ha)
Corn field with 3 seeding rates
(66,300 p ha, 74,500 p ha, 82,300 p ha),
Lamm thﬁl" 2009 Colby, Kansas ~ 2004-2007 9 3 different daily 25 mm irrigation rates
(4 days, 6 days, 8 days), and 3 different
tillage managements (NT, ST, CT)
Abbreviations: No Tillage = NT, Strip Tillage = ST, Chisel Plow = CP, Conventional Tillage = CT.
Table 2. Measured corn yield data.
Measured Yield Mg ha (Al-Kaisi, M., and Kwaw-Mensah, D., 2007) [19]
Nltrf)gen NT Fertilizer =~ CP Fertilizer ST Fertilizer NT Manure CP Manure ST Manure
Application kg ha
0 6.5 7.9 8.6 6.7 8 7
85 10.1 10 10.1 9.3 10.7 9.7
170 10.6 10.5 10.3 10.5 11 104
250 10.5 10.6 10.3 10.7 11.3 10.8

Abbreviations: No Tillage = NT, Strip Tillage = ST, Chisel Plow = CP.
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Table 3. Measured corn yield data.

Measured Yield Mg ha (Halvorson et al., 2006) [20]

Nitrogen Application kg ha NT CT
0 5.55 6.32

34 6.95 8.23

67 8.06 9.71
101 8.94 10.87
134 9.56 11.61
202 10.06 12.02

Abbreviations: No Tillage = NT, Conventional Tillage = CT.

Table 4. Measured corn yields data.

Measured Yield Mg ha (Lamm et al., 2009) [21]

66,300 13.9

Seeding Rate p ha 74,500 14.5
82,300 14.8

25mm/4d 15.3

Irrigation 25mm/6d 14.1
25mm/8d 13.9

CT 13.8

Tillage ST 14.9

NT 14.5

Abbreviations: No Tillage = NT, Strip Tillage = ST Conventional Tillage = CT.

The study conducted by Al-Kaisi and Kwaw-Mensah (2007) [19] included treatments
consisting of three tillage operations, two types of fertilizers (commercial and manure),
and four levels of nitrogen (N) application (Table 2). The treatments in the Halvorson et al.
(2006) [20] study included two tillage practices and six N application rates (Table 3). Finally,
the Lamm et al. (2009) [21] study included multiple irrigation schedules, seeding rates, and
tillage practices (Table 4).

These studies were selected because they represent a wide range of agroclimatic
conditions across the U.S. Corn Belt and High Plains regions, as well as diverse management
intensity. Together, they provide a robust dataset for evaluating model performance under
varying nitrogen applications, irrigation practices, and tillage systems.

2.2. NTT Input Data

Table 5 lists the reported management scenarios simulated using NTT. In addition
to the management information, the geographical location, weather, and soil data for
each study site were obtained from the currently available NTT database. Weather data,
including daily minimum and maximum temperatures and precipitation from PRISM, and
soil information from the USDA-NRCS Soil Survey are included within the NTT database.

Table 5. Reported management data for each study.

. . - . Seeding Rate .
Study Tillage Practice(s) Fertilizer Source(s) Fertilizer Rate(s) (kg ha) (Plants ha) Irrigation
[19]  NT,CP,ST Anhydrous Ammonia g5 170 414 250 84,000 None
and Swine Manure

NT, CT Urea Ammonium 0,34, 67,101, 134, Sprinkler—as
[20] (Moldboard + Disk)  Nitrate (UAN) and 202 84,000-96,000 needed
[21] NT, ST, CT UAN + Ammonium 295, split applied 66,300, 74,500, 25 mm/4, 6, and

(CP + Disk) Superphosphate » Sputapp and 82,300 8 days

Abbreviations: No Tillage = NT, Chisel Plow = CP, Strip Tillage = ST, Conventional Tillage = CT.
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It is important to note that the soil and weather data available in the NTT database
matched those reported in each study. Therefore, since all weather and soil data from NTT
matched those reported in the field studies used, there was no prior calibration, and the
default PRISM and NRCS data remained.

The use of standardized datasets within NTT ensures consistency across simulations
but also may introduce limitations when representing local-scale variability. PRISM climate
data are spatially interpolated and may smooth extreme precipitation events, while NRCS
soil databases represent generalized soil map units rather than measured field-specific pro-
files. These characteristics are important to consider when interpreting model performance
at the field scale. The framework of how NTT works and what inputs are used to influence
NTTs outputs shown in Figure 1.

Weather (PRISM)

Soil (USDA-NRCS) and
Field Geometry Management
(Google map & DEM)

Detailed results on changes in nutrient and sediment
losses, crop yield,
and CO, under baseline and alternative conservation
practice (CP)
scenarios at the farm level

Figure 1. Framework of NTT.

2.3. NTT Model Setup and Simulation Procedure

For each study location (Iowa, Colorado, and Kansas), fields were delineated within
the NTT interface using geographic coordinates corresponding to the original measured
field study sites. No calibration or modification of input datasets was performed prior
to simulation.

Each management scenario (n = 45) was manually constructed in NTT by specifying
tillage operations, fertilizer type, and application rate, planting date, seeding rate, and
irrigation schedule as reported in the original studies. Simulations were run annually,
corresponding to the study years. Only simulated corn yield outputs were extracted from
NTT for comparison with measured values. Although the model also generated outputs
for runoff, sediment, and nutrient losses, these were not analyzed in the present study.

2.4. Statistical Analysis

Statistical analyses were conducted to evaluate the accuracy of the predicted results.
The Mean Bias Error (MBE) was used to determine the average difference between the
predicted and measured values. The MBE formula is shown below:
1 n
MBE = —) (SIM; — OBS;
1 L (1M — 0BS)

where SIM represents the predicted values and OBS represents the measured data. A
positive MBE indicates that the predicted values, on average, overestimate the measured
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data, while a negative value indicates underestimation. Values close to zero suggest
minimal bias between predicted and observed results.

The Nash-Sutcliffe Efficiency (NSE) was used to quantitatively evaluate the agree-
ment between the predicted results and the measured data. The NSE formula used is

shown below:
", (OBS; — SIM;)?

NSE =1 — i
" (OBS; — OBS)?

where OBS is the mean of the measured data, SIM; represents the predicted values, and
OBS; represents the measured data points. An NSE of 1 indicates perfect agreement
between the measured and predicted data. Statistical analyses and graphical visualizations
were performed using Microsoft Excel.

3. Results
3.1. Al Kaisi M. and Kwaw-Mensah Study Results [19]

In the study by Al-Kaisi and Kwaw-Mensah [19], the average difference between
measured and predicted corn yields for the tillage and fertilizer source treatments re-
mained within £1.25 Mg ha. The largest difference between predicted and measured yields
occurred under chisel plow with 85 kg ha of anhydrous ammonia, at 2.20 Mg ha.

The MBE for corn yield under ST with manure treatments was —0.03 Mg ha, indi-
cating a strong agreement between the measured and predicted values. The observed
discrepancies at intermediate nitrogen rates suggest potential nonlinearities in nitrogen re-
sponse that may not be fully captured by generalized parameterizations within the model.
Figure 2 shows the measured and predicted NTT corn yields under CP incorporation
using increasing fertilizer treatments along with the average of all treatments. Figure 3
presents the measured and predicted corn yields under ST with increasing manure fertilizer
treatments. Table 6 is the predicted corn yields from NTT under all fertilizer and tillage
managements. Figures 2 and 3 as well as Table 6 use [19] for measured yields and NTT

Average

scenario development.

12.00

10.00
8.0
6.0
4.0
2.0
0.00
0 85 170 250

Nitrogen Application kg ha

Yield Mg ha
(e} S (=)

(=]

B Measured Yield  mPredicted Yield

Figure 2. Measured and NTT predicted corn yields CP fertilizer treatments.
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14.00
12.00
< 10.00
=
on
= 8.00
=
5 6.00
> 4.00
2.00
0.00
0 85 170 250 Average

Nitrogen Application kg ha

m Measured Yield ™ Predicted Yield

Figure 3. Measured and NTT predicted corn yields of ST manure fertilizer treatments.

Table 6. NTT predicted corn yields.

Predicted Yield Mg ha (Al-Kaisi, M., and Kwaw-Mensah, D., 2007) [19]

Nltr?gen NT Fertilizer  CP Fertilizer ST Fertilizer NT Manure CP Manure ST Manure
Application kg ha
0 6.29 6.51 6.67 6.29 6.51 6.67
85 7.63 7.8 7.96 7.85 8.06 8.12
170 8.98 9.3 941 9.78 10.22 10.59
250 10.22 10.43 10.7 11.61 12.04 12.42

Abbreviations: No Tillage = NT, Strip Tillage = ST, Chisel Plow = CP.

3.2. Halvorson et al. Study Results [20]

Simulation of the data reported by Halvorson et al. [20] using NTT resulted in a strong
correlation between measured and predicted crop yields, with the NSE reaching 0.97 for
CT treatments. The highest discrepancy (1.34 Mg ha) between the measured and predicted
corn yields occurred for the no-till (NT) x 67 kg ha nitrogen treatment (Figure 4).

12
10
4]
< 8
o0
= 6
o
9 4
=
2
0
0 34 67 101 134 202 Average

Nitrogen Application kg ha
M Measured Yield M Predicted Yield

Figure 4. Measured and predicted corn yields for NT treatments.

The most precise predicted corn yield under the replicated conditions was observed
for the CT treatment with no nitrogen application, with a difference of only —0.18 Mg ha

https://doi.org/10.3390/agronomy16101021
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compared with the measured values (Figure 5). The MBE values indicate reasonable
agreement between measured and predicted yields for both CT (MBE = —0.12 Mg ha) and
NT (MBE = —0.86 Mg ha) treatments (Figure 5). The higher NSE values observed under CT
management compared to NT suggest that the model may better represent systems with
more homogeneous soil disturbance and residue distribution. Table 7 shows the predicted

NTT corn yields under all conditions from measured field study [20].
0 34 67 101 134 202

14
12
1

o

Yield Mg ha
S N B O @©

Average
Nitrogen Application kg ha
B Measured Yield  m Predicted Yield
Figure 5. Measured and NTT predicted corn yields for CT treatments.
Table 7. NTT predicted corn yields.
Predicted Yield Mg ha (Halvorson et al., 2006) [20]
Nitrogen Application kg ha NT CT
0 4.57 6.51
34 5.59 8.06
67 6.72 9.35
101 7.63 10.38
134 8.55 11.29
202 10.86 12.47

Abbreviations: No Tillage = NT, Conventional Tillage = CT.

3.3. Lamm et al. Study Results [21]

The corn yields predicted by NTT and those measured in the Lamm et al. [21] study
showed good agreement across all treatments and scenarios, including irrigation schedules,
seeding rates, and tillage types. The difference between predicted and measured corn yields
did not exceed 0.8 Mg ha. The greatest difference between measured and predicted corn
yields occurred under the 25 mm 4 d irrigation schedule, with a difference of 0.79 Mg ha
(Figure 6).

A close agreement was also observed between the predicted corn yield (14.46 Mg ha)
and the measured yield (14.80 Mg ha) for the 82,300 plants ha seeding rate (Figure 7).
Strong agreement was also observed across other treatments, including various seeding
rates (66,300; 74,500; and 82,300 plants ha), tillage practices (CT, ST, and NT), and irrigation
schedules (25 mm/4 d; 25 mm/6 d; and 25 mm/8 d).
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15.50
15.00
«
<
b0 14.50
=
el
E 14.00
>
13.50
13.00
25mm/ 4d 25mm/ 6d 25mm/ 8d Average
Irrigation Applied

B Measured Yield  ® Predicted Yield

Figure 6. Measured and NTT predicted corn yields under different irrigation application rates.

15.50
15.00
]
g 14.50
o0 14.
=
gl
o 14.00
=
13.50 I
13.00
66,300 74,500 82,300 Average
Seeding Rate p ha

B Measured Yield ® Predicted Yield

Figure 7. Measured and NTT predicted corn yields under different seeding rates.

This agreement was further supported by the MBE values, which were close to zero for
all management scenarios. Both seeding rate and tillage management treatments showed
minimal bias, with an MBE of 0.002 Mg ha. Similarly, for the irrigation treatments, the
MBE value was —0.03 Mg ha. The minimal variation in predicted yields across tillage
treatments indicates that NTT may exhibit reduced sensitivity to tillage-induced changes in
soil physical properties under irrigated conditions. Table 8 presents predicted corn yields
under all conditions from Lamm et al. study.

Table 8. NTT predicted corn yields.

Predicted Yield Mg ha (Lamm et al., 2009) [21]

66,300 14.13

Seeding Rate p ha 74,500 14.34
82,300 14.74

25 mm/4d 14.51

Irrigation 25mm/6d 14.39
25mm/8d 14.30

CT 14.44

Tillage ST 14.35

NT 14.42

Abbreviations: No Tillage = NT, Strip Tillage = ST, Conventional Tillage = CT.
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To further evaluate model performance across all studies, the MBE and NSE values
were calculated and are summarized in Table 9.

Table 9. MBE and NSE values for NTT-predicted corn yields across all studies and management

scenarios.
Study  Nitrogen Rate kg ha Field Management
MBE
NT Fertilizer ~ CP Fertilizer ST Fertilizer NT Manure CP Manure ST Manure
0 —-0.21 —-1.39 —-1.93 —0.41 —1.49 —0.33
[19] 85 —2.47 -2.2 —-2.14 —1.45 —2.64 —1.58
170 -1.62 —-1.2 —0.89 —0.72 —0.78 0.19
250 —0.28 —-0.17 04 0.91 0.74 1.62
Average -1.15 —1.24 —-1.14 —0.42 —1.04 —0.03
NT CT
0 —0.98 0.18
34 -1.35 -0.17
67 —-1.34 —0.36
[20] 101 —1.31 —0.49
134 -1.01 —0.32
202 0.8 0.45
Average —0.87 —0.12
Seeding
66,300 0.23
74,500 —0.16
82,300 —0.06
Average 0.003
Irrigation
1 25mm/4 d —0.79
[21] 25 mm/6 d 0.29
25mm/8 d 0.4
Average —0.03
Tillage
CT 0.64
ST —0.55
NT —0.08
Average 0.003
NSE
[19] NT Fertilizer CP Fertilizer ST Fertilizer NT Manure CP Manure ST Manure
0.23 —-0.73 —3.57 0.66 0.21 0.79
NT CT
[20] 0.89 0.97
1] Seeding Rate p ha Irrigation Tillage
0.98 0.92 0.94

Abbreviations: No Tillage = NT, Strip Tillage = ST, Chisel Plow = CP, Conventional Tillage = CT, Nash—Sutcliffe
Efficiency = NSE, Mean Bias Error = MBE.

4. Discussion

The corn yields from each scenario showed a consistent pattern between measured and
predicted values across all treatments in the three studies. The strong agreement observed
across multiple studies suggests that NTT effectively captures first-order crop responses
to nitrogen and water management, indicating robust predictive capability under default
conditions. Among all scenarios, the closest agreement between predicted and measured
yields occurred in the Lamm et al. [21] study at the 82,300 plants ha seeding rate, with a
difference of 0.06 Mg ha.

The largest discrepancy between measured and predicted corn yields in this evaluation
occurred in the Al-Kaisi and Kwaw-Mensah study [19] under the CP treatment with 85 kg ha
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of anhydrous ammonia, which resulted in a difference of 2.20 Mg ha. This may be attributed
to the increased sensitivity of crop yield to nitrogen availability at moderate fertilizer
application rates. At this level, small differences in simulated nitrogen mineralization,
timing of availability, and soil-water interactions can lead to amplified deviations between
predicted and measured yields. As the nitrogen levels increased from this application rate,
predicted yields began to follow measured patterns. This mid-range nitrogen rate can be
more difficult to model compared to limited or high application of fertilizers.

The use of generalized PRISM climate data and NRCS soil datasets may limit the
model’s ability to capture field-scale spatial variability and short-term weather extremes,
which can influence yield predictions. Similar limitations associated with spatial variabil-
ity, calibration uncertainty, and climate representation have also been reported in recent
agricultural systems modeling studies [1,10]. As a result, the discrepancies likely reflect
both the uncertainty of the input dataset and the structural limitations of the model. While
NTT performs well with generalized inputs, incorporating site-specific weather and soil
data would likely improve prediction accuracy.

Under tillage treatments (CP, ST, NT) in the Lamm et al. [21] study, predicted results
(14.44, 14.35, 14.42 Mg ha) were all closely related to each other. Limited variation suggests
that the model may have reduced sensitivity to tillage effects under the simulated condi-
tions. This may be attributed to the use of generalized soil and weather inputs, as well as
default parameterization of tillage processes within the model, which may not fully capture
field-scale differences in soil structure, residue dynamics, and water availability. This
suggests that the model’s sensitivity to tillage-induced changes in soil physical properties
may be reduced under default parameterization. Overall, the findings indicate that NTT
can serve as a practical decision-support tool for evaluating management scenarios without
requiring extensive calibration. Similar conclusions have been reported in recent stud-
ies evaluating process-based agricultural models for conservation planning and nutrient
management across diverse production systems.

5. Conclusions

The objective of this study was to evaluate the performance of NTT in simulating corn
yield responses under a range of agricultural management scenarios across multiple geo-
graphic locations. This evaluation was conducted by comparing the corn yields predicted
by NTT with those reported in three independent field studies [19-21].

Overall, NTT demonstrated strong agreement with observed corn yields, with NSE
values up to 0.97 and MBE values close to zero, indicating minimal bias and reliable
predictive capability across diverse conditions. While minor deviations were observed
under intermediate nitrogen rates and certain tillage practices, predicted yields generally
followed measured trends across all studies.

These results indicate that NTT is capable of representing crop yield responses under
varying management systems when using integrated climate and soil datasets, supporting
its use as a field-scale decision-support tool. However, reliance on generalized spatial
datasets may limit the model’s sensitivity to site-specific conditions, particularly under
variable climate and soil environments.

Future research should focus on evaluating NTT performance for additional crops
and management systems, as well as incorporating site-specific data to further improve
prediction accuracy.
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