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Nitrous oxide (N,O) is a potent and persistent greenhouse gas, with rising atmospheric
concentrations driven in part by inefficient use of synthetic nitrogen (N) fertilizers
in agriculture. Predicting soil N,O emissions is challenging due to high spatial and
temporal variability arising from complex soil biogeochemical processes. Process-based
ecosystem models and standalone machine learning (ML) approaches without exten-
sive site-specific calibration often miss high-emission episodes. Here, we show how an
Ensemble Modeling System (EMS) based on outputs from an ensemble of ecosystem
models coupled to an ensemble of ML models can improve predictions and under-
standing of N,O fluxes from US cropland. Trained and validated on ~12,000 N,O
chamber measurements at 17 US Midwest sites (six crops, 35 management practices),
the EMS accurately predicted daily fluxes of N,O at both training (R” = 0.84, RMSE =
164 gN ha! d™) and held-out testing sites (R* = 0.84, RMSE = 6.2 gN ha! d™Y).
Analyses identified six dominant N, O drivers: soil organic carbon (SOC), NH,", NO;/,
water-filled pore space, temperature, and aboveground biomass production. Wet, warm
soils produced large N,O peaks only with sufficient SOC and mineral N; in low-SOC
soils, fluxes remained low. Incorporating these drivers into process-based models might
significantly improve their predictive capacity. The EMS demonstrates a strong poten-
tial to predict N,O fluxes at unseen sites, enabling more reliable regional inventories,
improved gap-filling where measurements are sparse, and enhanced understanding of
mechanisms to advance targeted mitigation strategies in food, feed, and bioenergy crops.

ensemble modeling | nitrous oxide emissions | multimodel ensemble | machine learning | Al

Atmospheric nitrous oxide (N,O) concentrations, increasing currently at 0.9 ppb y™,
which is 44% faster than at the start of the century, account for 6 to 7% of global anthro-
pogenic radiative forcing (1, 2). Nearly 60% of this rise originates from nitrogen (N)
fertilized croplands (3), where pulses of N,O primarily released during nitrification and
denitrification are governed by soil mineral-N supply, water content, temperature, pH,
and organic carbon (4), factors that are influenced by management practices such as tillage
and fertilizer timing as well as weather. Direct measurements identify these controls but
operationalizing and validating their influence, which is often site-specific, can be expensive
and time-consuming and thus difficult to upscale (5, 6). Consequently, many national
greenhouse gas (GHG) inventories for agriculture still rely on approaches that use a single,
fixed value emission factor (EF), commonly a global default of 1% of added N (7), to
estimate N,O emissions. This approach is tied almost exclusively to N inputs, which masks
field-scale management differences and nonlinear N rate effects (8, 9).

Process-based ecosystem or biogeochemical models can simulate daily N,O emissions
mechanistically (10-18), yet they often miss or inadequately represent high-flux events
(19) and typically require site-specific calibration. Saha et al. (20) reported that two of
the most commonly used process-based biogeochemical models explained, on average,
only ~20% of variability in daily N,O fluxes across all of the cropping systems for which
uncalibrated results had thus far been reported. Similarly, Ehrhardt et al. (21) showed
comparably large uncertainties for an ensemble of 24 process-based models.

Machine-learning (ML) algorithms, including random forest, gradient boosting, long
short-term memory networks, and other deep architectures, improve predictability but
require detailed observations of N,O fluxes and associated plant and soil properties. ML
models generalize poorly beyond their training domain and frequently struggle with
imbalanced datasets that typically include frequent observations of low-to-moderate N,O
fluxes and few but important high-emission events. They also lack a mechanistic
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Nitrous oxide (N,O) is a potent
and increasingly important
greenhouse gas currently
responsible for ~7% of human-
caused atmospheric warming.
Agriculture is a major emitter of
N,O globally, and agricultural
soils are a major if still uncertain
source. In large part this
uncertainty stems from the
challenge of accurately predicting
emissions from fertilized crops.
Here, we show how an ensemble
modeling system that couples a
group of ecosystem models with
a group of machine learning
models can substantially improve
cropland N,O flux predictions.
The system additionally
generates insights that can
improve existing ecosystem
models, guide field measurement
efforts, and advance N,O
mitigation strategies under
diverse soils and climates in food
and bioenergy cropping systems.
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Fig. 1. Map of the experiment locations. Symbols mark the individual sites:
red stars identify the 13 experiments used for model training and cross-
validation, while yellow stars denote the four independent experiments
reserved exclusively for out-of-sample testing (see Table 1 and Dataset S1
for a detailed description of each site). Basemap: Esri World Imagery (sources
listed on map).

understanding (20, 22-25) and cannot be reliably used to evaluate
what-if scenarios or to predict the influence of future weather
trends or management practices not included in the training data-
sets. Perhaps most importantly, few training datasets contain the
full suite of potential environmental drivers.

Hybrid modeling approaches can overcome this last limitation
by allowing process-based models to provide the detailed plant—
soil variables needed as inputs for ML algorithms. For example,
Saha et al. (20) improved N,O flux predictions by feeding SALUS
(15) outputs of soil nitrate (NO5’) and ammonium (NH,") into
a random forest model to reduce daily RMSE by ~45% when
compared to the use of random forest alone. Hybrid frameworks
have similarly enhanced ML predictions for other ecosystem pro-
cesses (26-28). However, approaches relying on a single ecosystem
model often remain constrained by inherent structural biases,
limited transferability across sites, and challenges related to model
interpretability (29).

Here, we show how an Ensemble Modeling System (EMS) can
overcome these limitations by combining five process-based eco-
system models [APSIM (12), EPIC (14), SALUS (15), DSSAT
(13), and STICS (16)] in an ensemble to provide daily plant and
soil properties that are in turn used as input data for an ensemble
of four ML models [Random Forest (30), Gradient Boosting (31),
Support-Vector Regression (SVR) (32), and XGBoost (33)]
blended by an SVR metalearner. We used 12,181 individual cham-
ber observations of N,O fluxes from 17 long-term experimental
sites in the US Midwest and Great Plains (13 sites for training and
four for testing; Fig. 1 and Table 1) spanning six crops and 35
management regimes. Shapely Additive exPlanations (SHAP) (34)
analysis reveals drivers that corroborate the well-known biogeo-
chemical processes that generate N,O fluxes, valuable for advanc-
ing understanding of the mechanisms most important for
improving process-based models (29).

Our objective is to establish a high-resolution EMS capable
of i) accurately representing daily N,O dynamics, including epi-
sodic emission peaks not reliably predicted by current models;
ii) generalizing across diverse sites and agricultural management
practices without the need for site-specific calibration; and iii)
identifying the key variables and potential thresholds that drive
emissions in order to improve process-based models. By offering
enhanced accuracy, transferability, and transparency, this
proof-of-concept approach could provide a means for refining
national GHG inventories and informing effective field-specific
N,O mitigation strategies.

https://doi.org/10.1073/pnas.2524808123

Results and Discussion

The EMS captured 84% of the daily N,O flux variance at the 13
training sites (Fig. 24) and sustained the same explanatory power
(R* = 0.84) at four independent test sites (Fig. 2 B and C).
At the individual test sites, the EMS reliably reproduced both
the magnitude and timing of emission peaks (S Appendix,
Fig. S1), explaining 89% of daily variance at the first site (Site
ID 1; RMSE = 2.09 g N,O-N ha ' d™"), 90% at the second (Site
ID 8; 2.85 g N,O-N ha™' d™'), 63% at the third (Site ID 9;
9.14 g N,O-N ha™' d™"), and 98% at the fourth (Site ID 14;
3.34 gN,O-N ha™' d).

For training data, we compared the full range of observed and
predicted values across the 13 training sites (S/ Appendix, Fig. S2).
Across all training sites, the distributions of predicted values align
with those of the observations. Next, we examined time-series align-
ments at each training site (S/ Appendix, Fig. S3). For all locations,
the EMS closely followed measured flux events, capturing both the
timing and magnitude of emission peaks. Individual site predictions
are consistently high (2 < 0.001), with site-level R’ ranging from
0.79 t0 0.95 and RMSE between 1.8 and 24.9 gN ha™' d™".

Without ecosystem model inputs, i.e., relying only on site-level
environmental data, the ML ensemble model performed poorly:
While it fit the training data well (fivefold cross-validation R* =
0.79), performance at the independent test sites was wanting
(R? = 0.26; see ST Appendix, Fig. S4). This loss of predictive skill
at independent test sites indicates that emergent behavior captured
by the process-based models is critical for generalizing N,O flux
predictions beyond the training sites.

To validate the performance of the ecosystem models for cap-
turing soil water and N dynamics, we used yield as an overarching
integrator in the absence of appropriate soil data from each site.
We compared simulated and observed crop yields for the six sites
in our study with yield data (Table 1) supplemented with an addi-
tional 17 Midwest sites previously analyzed with the exact same
models (53) (S Appendix, Fig. S5 and Table S1). Individual mod-
els predicted yields with R* = 0.59 to 0.70, and the multimodel
ensemble (MME) achieved R” = 0.73. We also compared modeled
vs. observed data for soil temperature and water-filled pore space
(WFPS) at the seven sites with available measurements (Table 1;
see ST Appendix, Fig. S6), also finding close agreement (r*=0.73
to 0.80). Additionally, we compared N,O fluxes simulated by the
ensemble of process-based models (53) with those from the ESM
(81 Appendix, Table S2). Across all sites, the ESM achieved much
lower RMSE and higher R than the process-based ensemble’s

corresponding predictions.

SHAP Analysis N,0 Flux Impact Drivers. Average SHAP values
from the four ML models show that SOC and NH," are the two
most influential drivers of EMS output, followed by above-ground
biomass, WEPS, NOj’, and soil temperature (Fig. 3). These variables
are widely recognized as key drivers of N,O emissions (54, 55).

"The dominance of SOC and mineral-N variables confirms that
large quantities of electron donors and C and N substrates must
be present in the soil to enable substantial N,O production (4).
Above-ground biomass ranks third and highlights the well-known
coupling between plant N demand and soil N,O potential (56),
while the presence of a soil moisture metric (WFPS) and soil
temperature among the top six factors aligns with studies showing
that their variability solely or in combination has a major impact
on N,O production (57).

Across all four ML models (87 Appendix, Fig. S7), SOC, NH,",
NO;’, WEPS, above-ground biomass, and soil temperature lead
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Table 1. Studied site location, soil conditions, climate, data points, and years

Observa- Treat-
Site ID U.S.State SOC (%) Sand (%) Clay (%) MAT(°C) MAP(mm) tions(n) ments(n) Crops Reference
1 SD 2.1 47 6 7 701 60 1 Corn (35, 36)
2 IN 1.7 17 18 11 990 375 1 Corn (35,37)
3 MN 3.5 36 30 6 673 676 10 Alfalfa, (35, 38)
Corn,
Soybean,
Wheat
4 NE 1.8 35 14 11 764 2,016 2 Corn (35, 37)
5 IN 1.7 17 18 11 990 817 5 Corn, Rye, (35, 37)
Soybean
6 IN 2.6 10 33 11 994 548 4 Corn, Rye, (35, 39)
Soybean
7 MN 2.0 10 22 8 842 518 5 Corn (35, 40)
8 PA 1.5 22 35 10 1,036 42 1 Alfalfa, (35, 41)
Corn,
Soybean
9 1A 4.1 32 31 8 831 105 2 Corn (42)
10 IA 3.5 6 30 9 846 727 18 Corn (43)
11 WI 0.9 48 11 8 888 473 1 Corn (44, 45)
12 Ml 0.8 43 19 10 1,013 742 2 Corn, (46)
Soybean,
Wheat
13 ID 0.9 14 17 9 266 317 1 Alfalfa, (35, 47)
Barley,
Corn
14 MT 2.9 10 21 7 505 53 1 Wheat (35, 48)
15 Ml 2.3 10 22 10 987 790 1 Corn (49, 50)
16 KY 1.7 4 19 15 1,298 2,125 9 Corn (35, 51)
17 CcoO 0.9 43 19 9 392 1,797 13 Corn (35,52)

The data from the site IDs 1, 8, 9, and 14 were used for testing, and the others were used to train the model. SOC = soil organic carbon, MAT = mean annual temperature, MAP = mean
annual precipitation. Treatments differ by site and include tillage, fertilizer rate, and residue management. Yield, soil temperature, and soil moisture observations are available for sites

IDs 1-6 and 12-14. See Dataset S1 for site-specific details.

the top 10 factors, underscoring their central role in daily N,O
fluxes. The three tree-based algorithms (RE, GB, XGB) consist-
ently place SOC and NH," at the top of their rankings, together
explaining 82 to 87% of total SHAP importance. SVR, on the
other hand, elevates WFPS to first place and introduces relative
humidity among its top 10 features, while pushing NH," out of
the ranking. This difference likely reflects SVR’s sensitivity to lin-
ear correlations after standardization, whereas tree methods cap-
ture hierarchical splits. Averaging across all four ML models
balances these architecture-specific preferences. Plant-related fea-
tures also rank among the top 10 factors, including leaf area index
(LAI) and belowground biomass (Fig. 3; see SI Appendix, Fig. S7),
both of which show relationships to N,O that differ from
aboveground biomass. LA is strongly correlated with aboveground
biomass early in the season, then plateaus while biomass continues
to accumulate, decoupling their combined effects on N,O.
Belowground biomass, in turn, can act both as a sink for nitrogen
and as a source of labile carbon, leading to a more complex and
weaker net influence on N,O (SI Appendix, Text S1).

SHAP Profiles of the Major Impact Variables. The N,O flux
dependence profiles for the six dominant variables (S/ Appendix,
Fig. $8) exhibit apparent nonlinear thresholds for each within the
study region. For soil NH," (S7 Appendix, Fig. S8A), the SHAP
values are negative at low values (0 to 10 kg N ha™), increase
sharplY to >0 at ~15 kg N ha™', are maximized at ~30 to 40 kg
N ha™, and on average remain relatively consistent beyond. For
NO; (8] Appendix, Fig. S8B), SHAP values are more consistently

PNAS 2026 Vol.123 No.10 2524808123

negative until relatively higher concentrations are reached.
Values > 0 appear more frequently at ~50 to 60 kg N ha™' and
are consistently >0 at ~125 kg N ha ', plateauing at ~200 g N ha™".
A recent ML study based on long-term measurements in row crop
rotations under conventional and no-till management found that
the importance of both NH," and NO;™ was enhanced beyond
concentrations of ~10 to 15 kg N ha™', peaking at ~20 (NH,")
and 30 to 40 (NO;) kg N ha™', then remaining consistent
above these values (58). Process-based modeling using field and
laboratory data has also shown threshold values for NH;" of ~8 to
10 kg N ha™' (59), beyond which N,O fluxes were more strongly
impacted. Higher NO;™ concentrations are also known to inhibit
the conversion from N,O to N, (60), potentially explaining its
continuing impact on N, O fluxes even at very high concentrations
(e.g., >300 kg N ha™).

With respect to WEPS (87 Appendix, Fig. S8C), although there
is great variability, there is a positive SHAP peak value at ~0.40,
decreasing thereafter, with an inflection point at ~0.60, at which
point nitrification and denitrification have been shown to trade
places as the dominant N,O production process in laboratory
studies (61, 62). Beyond 0.70, SHAP values are more consistently
positive, likely due to larger contributions from denitrification
under anaerobic conditions (63, 64), a trend also identified by an
earlier ML study (20). In coarser sandy soils, the optimum WFPS
for high N,O emissions can occur at a lower range (0.40 to 0.60)
likely due to increased nitrification facilitated by improved aera-
tion and oxygen availability (65). The shallow trough in the
response (0.50 to 0.60) likely reflects texture-dependent optima
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Fig. 2. Predictive performance of the EMS compared with observations. (A) Scatterplot of daily N,O fluxes for the 13 training sites (n = 11,936). (B) Scatterplot
for the four fully withheld test sites (n = 260). (C) Violin-plus-box plots for each test site (IDs 1, 8, 9, and 14) comparing the distribution of observed N,O fluxes
(gray), and EMS N,O predictions (red). Dashed lines in (4) and (B) are the 1:1 fits. Statistical fit is reported as the coefficient of determination (R?), RMSE (g N ha™

d™), and two-tailed significance (P).

whereby N,O fluxes may be optimized below and above this range
for coarse- (nitrification) and fine- (denitrification) textured soils,
respectively.

For SOC content (S Appendix, Fig. S8D), SHAP values rise
quickly and linearly between about 20 and 50 Mg C ha™, turning
predominantly positive ~60 Mg C ha™', beyond which the
response slows, with values remaining consistent beyond ~80 Mg
C ha™', on average. This suggests that higher SOC contents
increase the likelihood of larger N,O fluxes (66, 67) but that at
sufficiently high levels, SOC can perhaps inhibit N,O production
by favoring reduction to N, (68).

The soil temperature profile shows predominantly negative
SHAP values below 20 °C (SI Appendix, Fig. S8E), with a trough
and the lowest values ~10 °C. There is a clear threshold ~20 °C,
with values consistently positive above, and a peak at ~25 °C.

Nonlinear increases of N,O emissions are well known with
increasing temperature (69), and denitrification is extremely sen-
sitive to rising temperatures due to the tight coupling of the micro-
bial C and N cycles and the succession of several temperature-
sensitive microbial processes during the process (55), especially
following long-term fertilization (70). The positive SHAP values
at or below 0 °C may reflect active soil microbes during freeze/
thaw processes that can lead to substantial pulses of N,O (71)

https://doi.org/10.1073/pnas.2524808123

potentially driven by the release of stored C due to macroaggregate
fracturing (72).

The SHAP values for aboveground biomass (S/ Appendix,
Fig. S8F) show an inverse pattern, unique among the major
impact variables (see also Fig. 3). Overall values are predominantly
positive at low biomass and decline toward zero and then turn
negative as biomass increases, indicating that higher biomass is
generally associated with lower predicted N,O fluxes—but the
effect is crop-specific (SI Appendix, Fig. S9), reflecting both differ-
ences in crop N uptake dynamics as well as the amount of crop
residue returned to soil (73, 74). Lower aboveground biomass
values have a stronger predictive influence on N,O fluxes than
larger values, suggesting that the growing crop is taking up avail-
able mineral N from the soil and/or mineral N is being immobi-
lized in crop residue, in either case suppressing N,O fluxes,
whereas when N uptake and by extension biomass accumulation
(crop growth) slows, the available N is more readily captured by
microbes that produce N,O. While the effects of crop N uptake
dynamics (e.g., ref. 70) and trade-off thresholds for N,O emissions
(56, 75, 76) are well known, these thresholds have not been well
captured in prior ML studies (20, 58).

We recognize that these threshold ranges are likely region-
dependent, reflecting local soils, climate, and management, and may

pnas.org
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Top 10 features (explaining 82% of SHAP)

Soil Organic Carbon
Soil NH,; High
Aboveground biomass
Water Filled Pore Spaces
Soil NO3”

Soil Temperature

Leaf Area Index

Soil Evaporation
Low

Potential Evapotranspiration 2

Relative Humidity

-1 0 1
SHAP value

Fig. 3. Relative contribution of the 10 most influential predictors of daily
N,O fluxes as identified with SHAP. For every observation, the EMS generates
four SHAP values, one from each base learner (RF, XGB, GB, and SVR). The
points plotted here are the averages of those four values, so each dot shows
the netimpact of a single predictor on a single daily prediction. Predictors are
ordered by their mean absolute SHAP value; larger means indicate stronger
influence on model output. Together, the 10 variables shown account for
~82% of the model’s explanatory power. Point color scales from low (yellow)
to high (blue) values of the corresponding predictor, revealing whether large
or small magnitudes push the prediction up or down.

change elsewhere. However, the ranges we identify are consistent
with previous analyses of long-term regional data, underscoring the

general veracity of EMS thresholds.

Identifying Highly Episodic N,O Fluxes. Fig. 4 visualizes the
requirements that are conducive to large daily N,O fluxes that
arise only when i) the soil has sufficient mineral N and labile C
substrate and ii) the dual moisture—temperature threshold has been
exceeded. The presence and separation of blue-green “low” and
red-purple “high” point clusters reflect the spatial heterogeneity of
N,O fluxes observed at subfield scales ranging from centimeters
to tens of meters (65, 77—-80).

To elaborate, we grouped all daily predictions from the EMS
into three SOC classes (78): Low SOC (<48 Mg C ha” Y, inter-
medlate SOC (48 to 78 Mg C ha” ", and high SOC (>78 Mg C
ha™) (three columns in Fig. 4) and, within each class, show the
magnitude of N,O fluxes (different colors in Fig. 4) for different
combinations of soil temperature (x-axis in Fig. 4) and WFPS
(y-axis in Fig. 4). To further explore the interaction, we separate
factors based on the amount (bubble size) of NO; and
NH, contents as well as aboveground biomass (three rows in
Fig. 4). 'This reveals i) the combinations of C and N substrate,
moisture, and temperature factors that generate the largest daily
N,O peaks, and ii) whether high plant N uptake (or biomass
accumulation) dampens these peaks under otherwise favorable
conditions.

In low SOC soils (Fig. 4 A, D, and G), even under high soil
moisture (WEPS = 0.7) and warm soil temperatures (=15 °C), and
alongside moderate to large concentrations of mineral N (e.g.,
>50 kg NO31 or >30 kg NH,"), many of the fluxes are low (<5 g
N,O-N ha' d7', blue points), with the vast majority less than
20 ¢ N,O-N hzl'1 d™" (blue or green points), which we interpret
as a consequence of low SOC with its inference of low dissolved
organic carbon (DOC). This is consistent with the “cannon
model” of Zhang et al. (78), wherein localized sites with sufficient

PNAS 2026 Vol.123 No.10 2524808123

NO; and soil moisture lack the DOC needed to sustain substan-
tial N,O production. Under intermediate SOC (Fig. 4 B, E, and
H) under the same soil temperature and moisture conditions (i.e.,
top right-hand quadrants), daily fluxes of N,O are on averagle
considerably larger than in low SOC soils (>50 g N,O-N ha™' d
orange-red-purple points). Here, the mineral N concentratlons
are also typlcally larger, i.e., NO; > 100 kg N ha™' or NH," > 30
kg N ha™, but high fluxes are also present with lower amounts,
particularly NH," (i.e., <30 kg N ha™). These higher SOC content
soils presumably provide more labile DOC that can serve as an
energy substrate for N,O-producing microbes (49), resulting in
higher fluxes than equivalent conditions under low SOC, a sce-
nario also consistent with Zhang et al.’s (78) conceptual model.

There is further evidence of the role of labile SOC on daily N,O
fluxes in high SOC soils (Fig. 4 C, F, and J). In the top right-hand
quadrants, the soil can be considered primed for denitrification,
with warm, wet conditions accompanied by large soil NO;™ or
NH4 pools generating many high flux episodes (>100 g N,O-N
ha™ d™"), visible as clusters of large red purple points. Here, also,
large fluxes (50 to 200 g N,O-N ha'd™, orange-red points) can
be seen under drier (WFPS 0.30 to 0 50) conditions with large
NO;’ concentrations (>150 kg N ha” " and colder (~8 to 12 °C)
scenarios with large NH," concentrations (>50 kg N ha Y. That
fluxes do not increase at WFPS > 0.9 and as soil temperature
increases between 25 and 30 °C (i.e., do not show a color trend
toward more red and purple points) suggests that in high SOC
soils under very wet and warm conditions N,O fluxes level off,
perhaps in deference to greater denitrification, which con-
sumes N,O.

Across SOC stock levels (Fig. 4 G, H, and 1), variation in
aboveground biomass displays a more prominent threshold with
daily soil temperature than with soil m01sture Data points rep-
resenting greater biomass (>8 Mg ha” 1 occur when soil temper-
atures are >15 °C compared to when temperatures are <15 °C,
where aboveground biomass is predominantly <2 Mg ha™". This
reflects annual crop growth seasonality, where lower soil temper-
atures occur outside the main crop growing season and during
the late fall to early spring period when winter cover crops may
be grown, for example, in the US Midwest. As w1th mineral N
variables, the highest fluxes (>100 g N,O-N ha™' d”', red-purple
points) are most common in the top-right quadrant but occur
relatively to a lesser extent than when mineral N concentrations
are highest.

Although the EMS captures overall daily N,O fluxes well and
identifies key drivers of variability, winter/fallow emissions remain
a critical, often underrepresented contributor to annual cropland
N,O budgets (81, 82). To evaluate model performance during
this period, we isolated 1,564 observations from November—
February, representing ~13% of the total number of daily records.
For this subset, the EMS reproduced the observed winter range
and variability well in the training data (r* = 0.84; see ST Appendix,
Fig. S10), but performance declined at the independent test sites
(t* = 0.50), likely reflecting the limited number of winter/fallow
observations in the data. These results highlight winter and fallow
periods as a key remaining source of uncertainty that warrants
greater measurement and modeling attention.

Conclusions

The EMS shows how an ensemble of process-based ecosystem and
ML models can substantially enhance the accuracy of N,O flux
predictions across both spatial and temporal scales, capturing
emission dynamics that traditional approaches often miss. By
integrating outputs from multiple ecosystem models, the system
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NH," in the Middle row—(D-F); and aboveground biomass (ABG) in the Bottom row—(G-I). The horizontal dashed line indicates WFPS = 0.65, and the vertical

dashed line indicates soil temperature = 15 °C.

both reduces prediction errors and reveals, in general terms, the
underlying threshold responses for key drivers of flux variability.
These insights provide a stronger scientific basis for refining eco-
system process-based models, perhaps enabling better representa-
tion of soil-plant—atmosphere interactions, and should improve
their capacity to simulate GHG emissions at scale under diverse
food, feed, and bioenergy crops, management practices, and envi-
ronmental conditions. Incorporating additional data across
broader geographies and different crops and management regimes
will benefit the future ability of hybrid models such as the EMS
to adequately represent soil N, O fluxes, allowing for better assess-
ments of the impacts of farming on N,O emissions and for design-
ing more effective N,O abatement technologies and practices in
agriculture.

https://doi.org/10.1073/pnas.2524808123

Materials and Methods

Chamber-Based Measurements. A total of 17 experimental sites using static
chambers to measure N,0 fluxes were identified across the northern United States
(Fig. 1). Data for 12 of the 17 locations were obtained from the GRACEnet/REAP
network of US field experiments (35). Two locations are associated with the KBS
Long-term Ecological Research site in Michigan (44, 46), and the remaining two
sites were reconstructed from published studies in lowa (42, 43). In total, data
from 544 site-years were used to populate the dataset (Dataset S1A). Sites are
broadly representative of regional soils, climates, cropping systems, and man-
agement practices (Table 1). Soils span the dominant fine-textured glacial till and
loess soils of the Corn Belt (83) and northern Great Plains, and cropping systems
represent the main commercial field-crop systems of the region (continuous corn;
corn-soybean; corn-soybean-wheat/alfalfa rotations) under contrasting manage-
ments, including no-till, strip-till, and conventional tillage; rainfed and irrigated
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conditions; residue retained and removed; and different N fertilizers applied at
rates from unfertilized controls to fertilizer excess. Together, sites account for a
large and agronomically important share of US cropland (>50 Mha, ~75% of US
corn and soybean area).

Data Generation and Processing. The dataset was categorized into soil, crop,
and weather groups to form the input feature set for our stacked ML model
(S Appendix, Table S3). Soil and crop variables were obtained by running five
uncalibrated process-based ecosystem models (described below) for each exper-
imental site, utilizing site-specific soil, weather, and management data. When
initial soil conditions were not explicitly available from published studies, we
sourced data from the nearest gSSURGO dataset (84) at 30 m resolution. Each
process-hased model simulates daily carbon-nitrogen dynamics, soil hydrol-
ogy, and crop phenological stages, generating key state variables such as soil
mineral N pools, WFPS, and above- and below-ground biomass production. In
postprocessing, simulated volumetric soil-water content was converted to WFPS
using site-specific soil bulk density values. Subsequently, all soil-related varia-
bles, including WFPS, mineral-N pools, and soil temperature, were applied to the
top 30 cm of soil depth and used to calculate an unweighted model ensemble
mean for all soil and crop variables. Weather data, including daily precipitation,
maximum and minimum air temperature, short-wave radiation, wind speed, and
specific humidity, were extracted from the nearest NASA POWER grid cell (85).
Because soil, crop, and weather variables were available daily, while N,0 fluxes
were measured intermittently, we aligned the datasets by extracting the daily
soil, crop, and weather values for the exact dates of the flux measurements, so
each flux observation is paired with same-day features. Given the highly skewed
distribution of observed N,0 fluxes, we applied a log transformation for mod-
eling and then backtransformed predictions to their original physical units by
exponentiation. All feature set variables were standardized (centered and scaled
to unitvariance) to ensure compatibility across different feature scales. After inte-
grating all sources, our compiled dataset consisted of >12,000 site-day records,
including 19 feature set variables and observed N,0 flux values (Dataset S2).

Model Building.

Process-based ecosystem models. We employed an ensemble of five process-
based ecosystem models: APSIM (12), DSSAT (13), EPIC (14), SALUS (15), and
STICS (16) (SI Appendix, Table S4 and Text $2). These models were selected
based on their demonstrated ability to represent daily interactions among soil,
plants, and the atmosphere, capturing variations in crop yields and ecosystem
processes (53). Each model is unique in its mathematical representation of these
interactions (S/ Appendix, Table S5) and all operate with a daily time step and
are responsive to various crop management practices, including variations in
N fertilization, tillage, and irrigation. The outputs of the process-based model
ensemble were coupled to the ML model ensemble as inputs. Although each
process-based model also produces an N,0 flux prediction, we did not use N,0
asan MLinput variable.

Machine learning algorithms. The EMS integrates four supervised ML algo-
rithms: Random Forest (30), Gradient Boosting Machine (31), SVR (32), and
Extreme Gradient Boosting Regression (XgBoost) (33) (S/ Appendix, Text $3). We
applied a stacking approach, whereby the combined predictions of four base
models are fed to a metalearner and fitted using ridge regression, effectively
reducing collinearity without forcing uniform weighting (86). Several studies have
found that stacked MLensembles demonstrate superior predictive performance
relative to individual models (87-89). Hyperparameters for these algorithms
were fixed based on preliminary grid searches to avoid cross-validation bias
(SI Appendix, Text S4).

Model validation. Our validation strategy is two-pronged. First, we used k-fold
cross-validation (S/ Appendix, Text S4) to assess the model's ability to reproduce

1. R.L.Thompson et al., Acceleration of global N,0 emissions seen from two decades of atmospheric
inversion. Nat. Clim. Chang. 9, 993-998 (2019).

2. IPCC, Climate Change 2021: The physical science basis. Contribution of Working Group | to the
Sixth Assessment Report of the Intergovernmental Panel on Climate Change (Cambridge University
Press, Cambridge UK and New York, NY, 2021), 10.1017/9781009157896.

3. H.Tianetal, Global nitrous oxide budget (1980-2020). Earth Syst. Sci. Data 16, 2543-2604 (2024).

4. G.P.Robertson, P. M. Groffman, "Chapter 14-Nitrogen transformations" in Soil Microbiology,
Ecology and Biochemistry, E. A. Paul, S. D. Frey, Eds. (Elsevier, ed. 5, 2024), pp. 407-438.
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fluxes withheld from the training set (13 of the 17 total). In this approach (k = 5),
we randomly partitioned all training data into five equal folds. For each iteration,
onefold (1/5 of the data) was withheld for testing and the remaining four folds
were used for training. Repeating this procedure five times with different folds
held out helps reduce selection bias and yields an overall measure of model fit.
Model evaluation metrics (R? and RMSE) for training sites were computed on the
held-out fold in each iteration of fivefold cross-validation, and then averaged
across all folds to present in the final results.

Second, we assigned 20% of the sites (4 of 17) to an independent test set

used solely to evaluate overall model performance. Twenty percent is a stand-
ard proportion (90) commonly used in wide-ranging fields including medicine
(91, 92), geophysics (93), agriculture (94), hydrology (95), and climate science
(96-102), and as well in other N,0 flux studies (20, 103, 104). Details of the
test-site selection procedure appear in S/ Appendix, Text S5.
Model interpretation using SHAP. We applied SHAP analysis (34) to help inter-
pret ML model outputs (S/ Appendix, Text S6), decomposing predictions into
contributions from individual features. SHAP values were calculated separately
fortree-based models (TreesHAP) (105) and SVR (KernelsHAP) (106). These were
visualized using beeswarm summary plots (Fig. 3) and one-variable dependence
plots (S/ Appendix, Fig. S8) to identify threshold behaviors for key predictors.

Uncertainty Analysis. We quantified EMS prediction uncertainty with a Monte-
Carlo approach (107). First, soil and plant variables spread was estimated from the
five process-based models by treating their ensemble mean () and SD (o) as the
parameters of a normal distribution N(p, &). Second, independent input errors
were imposed on NASA-POWER weather forcings, using published uncertainty
bounds: 1.5 °Cfor air temperature (108); £20% for precipitation (109); =10%
for short-wave radiation (110); and =10% for wind speed (assumed equal to
radiation uncertainty).

For each of the observation records (training set), we simulated 2000 Monte-
Carlo iterations by i) sampling process-based model soil and plant variables from
N (p, o) and ii) perturbing the weather inputs within their stated error ranges.
Resulting daily flux predictions were summarized by their mean, SD, and 5th to
95th percentiles (Dataset S3).

Data, Materials, and Software Availability. Numeric data have been depos-
ited in datadryad.org (10.5061/dryad.pvmcvdnzx) (111).
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