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A B S T R A C T

Ammonia (NH3) volatilization represents a major pathway of reactive nitrogen loss in agroecosystems, yet the 
soil controls governing its variability remain insufficiently understood. In this study, we quantified soil- 
atmosphere NH3 fluxes in a fertilized sunflower field in Hungary using multi-point field measurements (20 lo
cations, 18 campaigns), combined with detailed soil, canopy, and microclimatic observations. To identify the 
dominant drivers of NH3 flux variability, we applied a Random Forest modeling approach complemented by 
SHAP-based interpretation. The RF and SHAP analyses indicated non-linear, modelled associations of NH3 flux 
with soil temperature, moisture, humus content, and the [NH4

+]/[H+] proxy (Γ). Notably, properties measured in 
deeper soil layers (20–30 cm) contributed to the model predictions, indicating associations between NH3 flux 
variability and vertically structured soil processes rather than surface conditions alone. NO3

− emerged as a 
conditional, state-dependent model-associated indicator, potentially reflecting broader N-transformation dy
namics and covariance with soil moisture and temperature rather than a direct causal effect on NH3 volatili
zation. These findings emphasize that NH3 fluxes arise from complex interactions among soil chemical status, 
microclimate, and nitrogen transformation processes within the soil profile. The results demonstrate that data- 
driven approaches can provide new insights into nitrogen cycling processes in agroecosystems.

1. Introduction

The enrichment of ecosystems with reactive nitrogen (Nr) has 
emerged as a major environmental challenge of the Anthropocene. 
Reactive nitrogen compounds exert multiple adverse effects: they reduce 
air quality through the formation of fine particulate matter, threaten 
biodiversity via aquatic eutrophication and soil contamination, acidify 
soils, and contribute to nitrate (NO3

− ) contamination of groundwater. In 
the atmosphere, nitrous oxide (N2O) is both a potent greenhouse gas and 
a driver of stratospheric ozone depletion, whereas ammonia (NH3) 
volatilization plays a central role in atmospheric aerosol formation and 
nitrogen deposition (Galloway et al., 2003; Sutton et al., 2013).

The global expansion of synthetic fertilizer use since the advent of 
the Haber-Bosch process has intensified the nitrogen cascade. The global 
production of NH3 was estimated at ~150 million metric tons (Statista, 
2025), and a significant fraction of this reactive nitrogen is released back 
to the environment rather than assimilated by crops. Estimates suggest 
that the overall nitrogen use efficiency (NUE) of synthetic fertilizers is 
below 50% at the global scale, with volatilization and leaching repre
senting major loss pathways (Bindraban et al., 2020; Coskun et al., 
2017).

Among these losses, NH3 emissions are of particular concern. 
Fertilizer-derived NH3 volatilization contributes substantially to the 
total nitrogen budget of croplands, often exceeding losses in the form of 
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N2O; emission rates peak shortly after fertilizer application and are 
strongly modulated by fertilizer formulation, soil chemical properties 
(especially pH and cation exchange capacity), microclimatic factors 
(temperature, soil moisture, wind), and crop canopy development 
(Génermont and Cellier, 1997; Nelson et al., 2017; Sommer et al., 2004; 
Zhan et al., 2020). Volatilization tends to be highest from urea-based 
products but varies among NH4

+ salts and mixed fertilizers (He et al., 
1999; Ma et al., 2021). The relationship between N dose and NH3 
emission is non-linear, with disproportionately high losses at elevated 
inputs (Jiang et al., 2017).

Beyond fertilizer type and placement, soil chemistry exerts first- 
order control on NH3 losses. Soil pH governs the NH4

+/NH3 equilib
rium; higher surface pH intensifies volatilization, whereas management 
that buffers acidity or modifies microsite pH can reduce emissions. On 
acidic soils, organic fertilizer applications have been shown to lower 
NH3 loss, likely via enhanced buffering and altered microsite conditions 
(Gan et al., 2025). The size and vertical distribution of inorganic N pools 
also shape emission timing and magnitude: surface enrichment of NH4

+

correlates with higher volatilization, while deeper placement reduces 
exposure to alkaline microsites and atmospheric exchange (Zhong et al., 
2021). Changes in labile soil C-N fractions interact with these pools and 
microbial pathways, influencing both NH3 volatilization and N2O 
emission (Zhang et al., 2022).

Soil microclimate is another key regulator. Moisture and tempera
ture modulate hydrolysis, diffusion processes and boundary-layer hu
midity; manipulations such as plastic film mulching, residue retention 
and irrigation timing shift surface water and thermal regimes and 
thereby NH3 fluxes (Chae et al., 2022; Li et al., 2021). Warming ex
periments in paddy soils show that elevated temperature accelerates N 
transformations and amplifies both NH3 volatilization and N2O emis
sions, consistent with temperature-sensitive NH4/NH3 partitioning 
(Deng et al., 2023).

Management can leverage these controls. Cover cropping, depending 
on the species composition, with reduced N rates mitigates NH3 loss and 
greenhouse gas emissions by regulating labile C and N fractions without 
compromising yields, while side-deep or root-zone targeted placement 
moves urea/NH4

+ away from high-pH surface microsites and improves 
NUE; rate, placement and timing jointly determine volatilization dy
namics, with split and non-surface applications limiting early peaks (Sun 
et al., 2022; Wang et al., 2021; Zhong et al., 2021). Plant canopy 
development interacts with soil processes: leaf area index (LAI) and crop 
height affect near-surface turbulence and microclimate, which in turn 
modulate NH3 exchange (Sun et al., 2022).

Alongside NH3, croplands are important sources of CO2 and N2O. 
CO2 fluxes are tightly coupled to soil respiration, organic matter turn
over and plant activity, whereas N2O arises chiefly from microbial 
nitrification-denitrification; both respond to the same temperature- 
moisture drivers that regulate NH3 (Butterbach-Bahl et al., 2013). 
Overall, evidence converges on a process-level picture in which NH3 
peaks shortly after N application and is modulated by (i) soil pH and 
buffering capacity, (ii) the size and lability of NH4

+ and organic C pools, 
(iii) surface temperature-moisture states and (iv) fertilizer-soil-root 
contact geometry. Management addressing these levers, cover crops, 
side-deep placement, mulching, irrigation adjustments and organic 
amendments, can simultaneously raise NUE and suppress NH3 while 
co-benefiting (or at least not worsening) N2O and CO2 outcomes (Chae 
et al., 2022; Gan et al., 2025; Li et al., 2021; Sun et al., 2022; Zhong 
et al., 2021). Despite extensive research, the role of subsoil layers in 
NH3 volatilization remains poorly understood.

Soil NH3 fluxes arise from strongly nonlinear, multi-factor in
teractions among soil physical (e.g., VWC, soil temperature), and 
chemical drivers (e.g. pH, NH4

+, mineral N pools, together with substrate 
availability, soil organic matter, and canopy state (LAI, height of 
biomass). Such interactions often produce thresholds and non-additive 
effects that are captured more effectively by data-driven models, espe
cially Random Forest (RF) and related gradient-boosting approaches, 

than by linear or fixed-form empirical schemes. Across diverse systems, 
recent studies show that RF improves predictions of daily and cumula
tive fluxes and yields robust variable-importance rankings, particularly 
when soil physical (VWC), soil chemical (pH, NH4

+, NO3
− ), and man

agement predictors (application method/timing, inhibitors, water sup
ply) are combined (Adjuik and Davis, 2022; Dhaliwal et al., 2025; Favrot 
et al., 2025; Hurtado et al., 2024; Philibert et al., 2013; Saha et al., 2021; 
Uyekawa et al., 2025).

The aim of this study was to identify the key soil and plant factors 
controlling NH3 emissions from a fertilized sunflower field. We focused 
on disentangling the relative influence of soil physical and chemical 
properties, including VWC, soil temperature, NH4

+, NO3
− , total nitrogen, 

humus, and pH, together with vegetation characteristics such as leaf 
area index (LAI) and plant height. These variables were analyzed as 
measured at three soil depth intervals (0–10, 10–20, and 20–30 cm), in 
order to determine which soil layer exerts the strongest influence on net 
NH3 fluxes and how vertical soil heterogeneity shapes gaseous nitrogen 
losses. The primary objective of this study was not to derive a complete 
emission budget, but to identify the key environmental controls gov
erning NH3 flux variability.

2. Materials and methods

2.1. The site of investigations

Measurements and sampling were conducted in an arable field near 
Kartal, at the Gödöllő Experimental Farm PLC, during the 2024 growing 
season (March to October). The site coordinates were φ = 47◦ 39′ 42.56″, 
λ = 19◦ 31′ 43.21″, at an elevation of 153 m. The climate is continental, 
with an average annual precipitation (1991-2020) between 550 and 
600 mm year− 1. During the study period, the amount of precipitation 
was 350 mm.

The soil was classified as a Haplic Phaeozem (Humic, Pantoloamic) 
according to the International Union of Soil Sciences World Reference 
Base for Soil Resources classification system (IUSS Working Group WRB, 
2022). The soil texture was as follows: clay 32.3%, silt 49.1%, and sand 
18.6%, which corresponds to a silty clay loam according to the USDA 
textural classification.

For soil flux sampling, collars were installed on the soil surface. 
These remained in place throughout the season, except during certain 
cultivation operations, to minimize errors in flux estimation caused by 
soil disturbance. The arrangement of the collars is shown in Fig. 1.

On 20 March 2024, 54 kg N ha− 1 in the form of granulated calcium 
ammonium nitrate (CAN) was applied to the soil surface. Sunflower 

Fig. 1. Measurement site and collar arrangement near the CO2 Eddy Covari
ance station.
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(Helianthus annuus L., cv. SY Bacardi) was sown at a density of 60,000 
plants ha− 1 on 14 April. After the sunflower harvest on 3 September, an 
additional 15 kg N ha− 1 was applied on 19 September as part of a mixed 
N-P-K fertilizer containing diammonium hydrogen phosphate 
[(NH4)2HPO4] as the N-P component and an additional potassium- 
containing component (KCl).

2.2. Soil physical properties

Soil moisture was measured with an ML3 ThetaProbe Soil Moisture 
Sensor (Delta-T Devices, UK) using electrical conductivity to estimate 
volumetric water content. Soil temperature was recorded with a 
Brannan thermometer (accuracy ±0.1 ◦C). To estimate the daily course 
of soil temperature, measurements were taken at the eddy covariance 
CO2 flux measurement site located near the experimental sampling 
points using a Campbell CS650 sensor connected to a CR3000 data 
logger.

2.3. Plant characteristics

Plant height was measured at 20 locations using a measuring tape, 
while the leaf area index values at 7 permanent locations were estimated 
by using an AccuPAR LP-80 Ceptometer (METER Group Pullman, WA). 
Measurements were conducted approximately every 7-10 days (DOY 
140-276), with shorter intervals following fertilization and major pre
cipitation events.

2.4. Soil chemistry analysis

After each soil flux measurement, three soil samples were collected 
from each of the 20 sampling points at three depths (0–10, 10–20, and 
20–30 cm). On the first sampling day (14 March 2024), all samples were 
analyzed individually. On subsequent days, composite samples were 
prepared separately from sampling points 1-10 and 11-20.

After drying, the soil samples were ground with a 2 mm jaw crusher 
for chemical analyses. Air drying before extraction may alter mineral N 
concentrations, particularly through partial NH3 loss from ammonium- 
rich soils (Rochester et al., 1991). Therefore, the reported NH4

+ con
centrations represent operationally defined values measured in dried 
soil rather than direct estimates of in situ soil-solution NH4

+ concentra
tions. Humus content was determined using the modified Walkley-Black 
method for organic carbon (FAO, 2020). Total nitrogen (tot N) was 
quantified using a modified Kjeldahl method (ISO, 1995). NH4

+ and NO3
−

concentrations were analyzed using wet chemical methods (Bremner 
and Keeney, 1966). Soil pH was measured with a MultiLine meter 
after sample preparation according to the Hungarian Standard (MSZ, 
1978).

During the measurement period, soil solution pH(H2O) values 
measured across the 20 sampling locations (n = 18 campaigns) ranged 
between 7.15 and 8.13, with a mean value of 7.80. This corresponds to 
approximately one order of magnitude variation in hydrogen ion con
centration, which is expected to significantly influence the NH4

+/NH3 

equilibrium and thus the potential for ammonia volatilization.

2.5. Soil gas net flux measurements

NH3 fluxes were measured using a Picarro G2103 analyzer (Picarro 
Inc., Santa Clara, CA, USA) based on Cavity Ring-Down Spectroscopy. 
Measurements were conducted using an open dynamic chamber 
(diameter = 10.5 cm, height = 20 cm, A ≈ 86.6 cm2) with a flow rate 
exceeding 1.5 standard liters per minute at 1.013 bar pressure.

Soil moisture was measured using an ML3 ThetaProbe Soil Moisture 
Sensor (Delta-T Devices, UK), which estimates volumetric water content 
(VWC) based on electrical conductivity. Soil temperature (t) was 
recorded using a Brannan thermometer (accuracy ±0.1 ◦C).

The chamber was placed on pre-installed collars on bare, vegetation- 
free soil surfaces to ensure that the measured fluxes represented soil 
emissions only. The smaller-diameter chamber used for NH3 measure
ments was placed inside the collar, ensuring that gas measurements 
were taken at the same points. Soil fluxes were measured on all 20 
sampling points, with 18 sampling occasions. Measurements were car
ried out between 09:00 and 10:30 UTC to minimize potential bias from 
diurnal soil temperature fluctuations. As shown in Table 1, the mean 
temperatures recorded at different depths during this period closely 
matched the corresponding daily averages, indicating that errors asso
ciated with short-term soil temperature variability were effectively 
avoided.

While continuous measurements would be required to fully resolve 
temporal emission dynamics, temporally discrete field measurements 
are widely applied and are suitable for identifying dominant environ
mental controls and interaction effects, which is the primary focus of the 
present study.

To determine soil emission trends, we applied the shape-preserving 
Piecewise Cubic Hermite Interpolating Polynomial (PCHIP) method 
(Fritsch and Carlson, 1980; Fritsch and Butland, 1984), as implemented 
in SciPy (Virtanen et al., 2020), in addition to linear combinations. 
Unlike conventional cubic spline interpolation, which can produce 
spurious oscillations and even negative values between data points, 
PCHIP preserves the monotonicity and non-negativity of the observed 
data, thereby providing a more realistic representation of flux dynamics.

The analysis was based on approximately 3000 flux, soil physical, 
and soil chemical measurements. The aim was to determine the 
dependence of soil NH3 fluxes on various physical, chemical, and plant 

Fig. 2. Temporal variation in mean soil NH3 flux across the 20 sampling points. Error bars represent the standard error (1σ). The solid line shows the PCHIP 
interpolation, and the dotted line represents the linear regression, y = − 0.0327x + 10.16, where x is the day of year (DOY) and y is NH3 flux (R2 = 0.218, p = 0.05).

Table 1 
Comparison of daily average soil temperature with values measured at different 
UTC times.

Soil temperature (◦C)

Depth − 7 cm − 20 cm − 30 cm Mean of 3 depths

Daily Mean 20.1 19.6 19.3 19.7
9:00 19.3 18.6 18.9 18.9
9:30 19.9 18.6 18.9 19.1
10:00 20.5 18.7 18.8 19.3
10:30 21.1 18.8 18.8 19.6
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parameters. These are presented in Table 2.
In addition to the measured values, we introduced a derived variable, 

the so-called soil gamma, because the soil compensation point concen
tration (Farquhar et al., 1980), which controls soil NH3 exchange, is 
determined using a formula that combines Henry's law and dissociation 
equilibria (Personne et al., 2009; Sutton et al., 1994): 

[NH3] =KH ×KA ×

{

exp
[

ΔG0
H + ΔG0

A
R

(
1

298.15
−

1
T

)]}

× Γ,

where KH and KA are the Henry's constant for NH3 between the soil 
aqueous phase and the atmosphere, and the dissociation constant, 
respectively; ΔG0

H and ΔG0
A are the corresponding standard Gibbs free 

energies. The gamma factor (Γ = [NH4
+]/[H+]), which directly de

termines the soil-air compensation point concentration, would likely 
emerge as a top predictor, integrating the effects of both NH4

+ and 
acidity on NH3 emissions.

The [NH4
+]/[H+] ratio (Γ) in the soil solution could not be directly 

determined. Instead, we calculated an apparent ammonium-to- 
hydrogen concentration ratio based on the NH4

+ concentration 
measured in soil extracts (expressed as mg NH4

+ kg− 1 dry soil) and the 
hydrogen ion concentration (μmol L− 1) derived from the extract pH.

Γ is not dimensionally rigorous and should be interpreted as a rela
tive index rather than an absolute physicochemical parameter. While 
this parameter does not represent the true Γ of the soil solution, it is 
assumed to be proportional to it and is therefore used here as an oper
ational proxy.

Flux measurements were conducted at discrete time points rather 
than continuously; therefore, cumulative emission estimates should be 
interpreted as approximate. As a consequence, cumulative flux estimates 
should be interpreted as approximate rather than exhaustive represen
tations of total emissions.

Measurements were consistently performed within a narrow time 
window (09:00-10:30 UTC), corresponding closely to the daily mean soil 
temperature, thereby reducing systematic bias associated with diurnal 
variability.

Although no unfertilized control plot was included, this does not 
limit the interpretation of NH3 fluxes. Ammonia exchange is bidirec
tional and controlled by the compensation point, which depends on the 
nitrogen status of the system (Massad et al., 2010; Sutton et al., 2013). 
Under low nitrogen input conditions, this typically results in low emis
sion potentials and often net deposition, as also demonstrated by field 
measurements over non-fertilized grasslands in Central Europe (Horváth 
et al., 2005). Therefore, the observed fluxes can be primarily attributed 
to fertilization and associated environmental drivers.

2.6. Machine learning statistical modeling

Soil NH3 fluxes were analyzed using a suite of machine-learning and 

statistical models (Stryker et al., 2025). The primary predictor set 
comprised volumetric water content (VWC), soil temperature, NO3

−

concentration, total nitrogen, humus content, leaf area index (LAI), 
canopy height, and the Γ index associated with the NH3 compensation 
point. Soil chemical properties were measured at depths of 0–10, 10–20, 
and 20–30 cm. For the primary analysis of relationships between NH3 
flux and environmental variables, values from the three soil depths were 
averaged. The resulting dataset contained 360 observations derived 
from 20 sampling points and 18 measurement campaigns.

Five supervised regression algorithms were compared: Random 
Forest (RF), Ordinary Least Squares (OLS), Partial Least Squares 
Regression (PLSR), Ridge regression, and Lasso regression. Predictors 
were standardized by Z-score transformation (Andrade, 2021) within 
each training fold for OLS, Ridge regression (α = 1), Lasso regression 
(Least Absolute Shrinkage and Selection Operator; α = 0.1, 
max_iter = 10,000), and PLSR, whereas the RF models were fitted to the 
unscaled predictors. The models were implemented using scikit-learn; 
see Scikit-learn Developers (2025a) for PLSR, Scikit-learn Developers 
(2025d) for OLS, Ridge, and Lasso, and Scikit-learn Developers 
(2025f) for RF. The number of retained PLSR components (1–10) was 
selected by five-fold inner cross-validation. All RF models comprised 
500 trees, with √p candidate predictors considered at each split 
(Scikit-learn Developers, 2025f).

Model performance was evaluated using shuffled 10-fold cross- 
validation with a fixed random state (shuffle = True, 
random_state = 42; Scikit-learn Developers, 2025b). The coefficient of 
determination (R2), root mean squared error (RMSE), and mean absolute 
error (MAE) were calculated from held-out predictions and are reported 
as mean ± SD across folds (Scikit-learn Developers, 2025e). In addition, 
a single reproducible 80/20 train–test split (random_state = 42) was 
used to fit a consistent RF model for SHAP-based interpretation rather 
than as the primary estimate of predictive performance.

Because measurements were repeated at the same sampling points, 
random cross-validation may have allowed some information overlap 
between the training and validation folds. Consequently, the resulting 
performance estimates may be slightly optimistic and should be inter
preted as indicative rather than as estimates based on fully independent 
observations. A grouped cross-validation strategy based on sampling 
location could provide a more stringent assessment of spatial 
generalization.

To assess depth-resolved soil controls on NH3 flux, a separate anal
ysis was performed using Γ, NO3

− concentration, total nitrogen, and 
humus content measured individually at 0–10, 10–20, and 20–30 cm. 
These were the soil chemical predictors available separately for all three 
depths across the 20 sampling points and 18 measurement campaigns, 
resulting in 360 observations. This analysis used the same modeling and 
cross-validation procedures described above. RF was evaluated along
side OLS, Ridge, and Lasso, and PLSR as benchmark models.

Predictor importance was quantified using three complementary 
approaches: (1) impurity-based RF feature importance, calculated as the 
accumulated mean decrease in impurity and summarized as the 
mean ± SD across the 10 cross-validation models (Scikit-learn 
Developers, 2025c); (2) SHAP (SHapley Additive Explanations) values 
calculated using TreeExplainer (Lundberg, 2018); and (3) permutation 
importance, calculated for individual predictors and after aggregation 
by soil depth. For the single-split RF model, global SHAP importance was 
calculated as the mean absolute SHAP value across observations, rep
resenting the average magnitude of each predictor's contribution to 
model predictions.

One-dimensional Partial Dependence Plots (PDPs) were generated 
from the depth-resolved RF model to examine the modelled associations 
of NO3

− at 0–10, 10–20, and 20–30 cm soil depths. The two-dimensional 
PDPs were generated separately from the primary RF model, which 
included VWC, soil temperature, and NO3

− averaged across the three 
sampled soil depths. These plots therefore show the joint modelled as
sociations of depth-averaged NO3

− with VWC and soil temperature.

Table 2 
Predictors used in the analysis.

Sign Name Unit

t Soil temperature ◦C

hc Canopy height m
VWC Soil volumetric water content %
WFPS Water filled pore space %
LAI Leaf area index (one side) m2 m− 2

NH4
+ Ammonium concentration at 0–10, 10–20, and 20–30 cm 

depths
mg 
kg− 1

NO3
− Nitrate concentration at 0–10, 10–20, and 20–30 cm depths mg 

kg− 1

Tot N Total nitrogen content at 0–10, 10–20, and 20–30 cm depths mass %
Humus Humus content at 0–10, 10–20, and 20–30 cm depths mass %
pH pH at 0–10, 10–20, and 20–30 cm depths -
Γ Proxy of [NH4

+]/[H+] ratio at 0–10, 10–20, and 20–30 cm 
depths

M M− 1
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The three importance measures were treated as complementary 
because they quantify different aspects of predictor relevance. Permu
tation importance measures the decrease in model performance 
following predictor shuffling but can distribute importance among 
correlated predictors. SHAP provides global and observation-specific 
feature attributions and can represent nonlinear and interaction ef
fects, although SHAP values must also be interpreted cautiously when 
predictors are correlated. SHAP was therefore used as the primary 
interpretability approach, while impurity-based and permutation 
importance were used as complementary robustness checks (Fisher 
et al., 2019; Lundberg and Lee, 2017; Molnar, 2020).

3. Results and discussion

The primary objective of this study was not to derive a fully resolved 
NH3 emission budget, but to identify the key environmental drivers and 
soil controls governing NH3 flux variability. While continuous mea
surements would be required to capture short-term peaks and diurnal 
variability in detail, temporally discrete flux measurements are widely 
used in field studies and are suitable for identifying relative patterns and 
driver-response relationships.

The temporal development of canopy height and LAI is shown in 
Supplementary Fig. S1, while the depth-resolved variation in NH4

+, NO3
− , 

pH, humus content, and total N is presented in Supplementary Figs. S2 
and S3. The temporal variation in VWC and soil temperature is shown 
in Fig. 3.

3.1. All-season soil flux estimation from point measurements

Soil NH3 fluxes over the 210-day period (14 March - 3 October 2024) 
were interpolated from 18 measurement days across 20 sampling points 
using the PCHIP method (Fig. 2). This method preserves monotonicity 
between observations and avoids the overshoot typical of standard cubic 
splines. The mean flux was 4.94 ± 0.25 nmol m− 2 s− 1. Cumulative 
emission over the period amounted to 7.41 × 107 nmol m− 2, equivalent 
to 12.6 kg ha− 1 (10.4 kg N ha− 1), with linear regression estimating a 
slightly higher value of 13.2 kg ha− 1 (10.9 kg N ha− 1). This soil NH3 
emission is not negligible compared to the applied fertilizer amount 
(54 kg N ha− 1 of CAN on 20 March 2024).

The estimated cumulative NH3 emission corresponds to approxi
mately 20% of the applied fertilizer N; however, this value should be 
interpreted with caution. Discrete sampling may overrepresent peak 
events relative to background fluxes. Due to the temporally discrete 
nature of the measurements, cumulative estimates should be regarded as 
indicative and primarily serve as context for interpreting environmental 
controls.

Previous studies consistently report low NH3 volatilization losses 
from ammonium nitrate-based fertilizers such as calcium ammonium 
nitrate (CAN), typically only a few percent of applied nitrogen 
(Bouwman et al., 2002; Forrestal et al., 2016). Experimental evidence 
further confirms that nitrate-based fertilizers generally result in sub
stantially lower NH3 emissions than urea-based fertilizers (Forrestal 

et al., 2016; He et al., 1999) because nitrate does not directly 
contribute to the NH4

+ pool or cause the localized increase in soil pH 
associated with urea hydrolysis. In contrast, urea hydrolysis generates 
NH4

+ and temporarily increases microsite pH, thereby shifting the 
NH4

+/NH3 equilibrium towards volatile NH3. At the same time, NH3 
losses increase with fertilizer application rate and may even exhibit 
non-linear (e.g., quadratic) responses under certain conditions, such as 
in paddy systems (Canatoy et al., 2024).

The cumulative seasonal NH3 loss of approximately 10 kg N ha− 1 

following calcium ammonium nitrate application should be interpreted 
in the context of soil pH constraints on ammonia volatilization. While 
CAN fertilizer is generally regarded as a lower-emission alternative, this 
characterization primarily applies to acidic and near-neutral soils. 
Under neutral to alkaline conditions, volatilization losses from ammo
nium- and nitrate-based fertilizers can remain substantial and highly 
variable, depending on environmental drivers and management 
(Sommer et al., 2004; Pan et al., 2016). This response is mechanistically 
explained by the strong pH dependence of the NH4

+/NH3 equilibrium, 
which shifts exponentially toward NH3 with increasing pH (Sommer and 
Hutchings, 2001).

Furthermore, field-scale evidence demonstrates that even fertilizers 
with lower intrinsic volatilization potential, such as CAN, can still 
exhibit measurable and occasionally substantial NH3 losses when 
applied to soils with elevated pH, particularly under surface application 
and drying conditions (Bussink, 1994; Rochette et al., 2013). In addi
tion, transient microsite effects following fertilizer dissolution, charac
terized by locally elevated ammonium concentrations and transient 
changes in microsite chemistry, can further amplify emission peaks that 
contribute disproportionately to cumulative seasonal losses (Rochette 
et al., 2013; Sommer et al., 2004). Given the soil pH range observed 
in this study (7.15-8.13) and the buffered, fine-textured characteristics 
of the investigated Haplic Phaeozem, the measured NH3 loss (~10 kg N 
ha− 1, corresponding to ~20% of applied N) represents the upper end of 
reported emission ranges but remains fully consistent with established 
process understanding and published data for mineral fertilizers under 
alkaline conditions. Therefore, the observed magnitude should not be 
interpreted as anomalous, but rather as a plausible outcome under the 
given soil chemical and environmental conditions.

3.2. Qualitative assessment of flux – environment relationships

The temporal dynamics of soil-atmosphere fluxes of NH3 exhibited 
clear links to meteorological and soil drivers. These meteorological and 
soil variables served as key environmental drivers of trace gas fluxes, 
influencing the dynamics of NH3 volatilization, (e.g., Butterbach-Bahl 
et al., 2013; Misselbrook et al., 2005; Sanz-Cobena et al., 2014; Skiba 
et al., 2012). NH3 flux showed a marked increase following the fertil
ization event on 20 March. Peaks in NH3 volatilization coincided with 
periods of moderately elevated soil temperature and higher VWC, sug
gesting that warm and moist soil conditions facilitated the transfer of 
ammoniacal nitrogen from the soil solution to the atmosphere. Soil 
moisture strongly controls NH3 emission. At low water content, limited 

Fig. 3. Temporal variation of precipitation (p), water filled pore space (WFPS), and soil temperature (t) during the study period.
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urea hydrolysis and diffusion restrict NH3 release, while at high water 
content, dilution and reduced gas diffusion suppress volatilization. 
Maximum emissions typically occur at intermediate moisture (~50% 
VWC), when hydrolysis, diffusion, and evaporation are optimally 
balanced (Ren et al., 2023). In a broader context, soil and surface 
moisture also influence the bidirectional NH3 exchange by modifying 
surface resistance and the canopy compensation point (Sutton et al., 
2013). Episodes of rainfall (Fig. 3) also contributed to transient in
creases, as they enhanced NH4

+ availability at the soil surface. However, 
fluxes decreased rapidly under cooler or drier intervals, indicating a 
strong short-term control by microclimatic conditions. Overall, NH3 flux 
responded most directly and strongly to fertilizer application and sub
sequent meteorological conditions, with clear peaks aligned with warm 
and moist periods.

3.3. Machine-learning analysis

3.3.1. NH3 flux – relationships with environmental variables
Across both validation schemes, RF achieved the highest predictive 

accuracy among all models (Table 3). Linear baselines (OLS, Ridge, 
Lasso, PLSR) yielded markedly lower R2 and substantially higher errors, 
indicating that they failed to capture the non-linearities and interactions 
that characterize soil-plant-atmosphere exchange processes. With 360 
observations and eight predictors, the 500-tree RF ensemble provided 
sufficient flexibility to represent complex responses, while averaging 
across trees helped stabilize predictions within the range of the observed 
data. Model predictions vs. measurements for the RF (Fig. 4) show a 
near-1:1 relationship with moderate dispersion, consistent with the CV 
accuracy range and indicating reasonable predictive agreement within 
the present dataset.

It should be noted that model performance may have been influenced 
by repeated measurements at the same sampling locations, which 
introduced some degree of dependency among observations. Conse
quently, the model results should be interpreted primarily in terms of 
relative variability and driver–response relationships rather than as fully 
independent estimates of predictive performance. However, the strong 
performance of Random Forest is consistent with its ability to capture 
complex, non-linear relationships in environmental datasets. We also 
compared RF models trained with 500 versus 1000 trees. The overall 
predictive performance and variance explanation remained highly 
consistent between the two configurations (R2 varied only from 0.767 to 
0.773), with only minor differences in the fit. The slightly smoother 
alignment of the 1000-tree predictions reflects reduced variance from 
averaging over a larger ensemble, but the gain in accuracy beyond 500 
trees was marginal, indicating that model performance had essentially 
converged. For this reason, the RF with 500 trees was retained as the 
reference model for interpretation and prediction.

Feature-importance rankings differed between the two approaches. 
Impurity-based Random Forest feature importance ranked Γ highest, 
followed by soil temperature and VWC, whereas mean absolute SHAP 
importance produced a somewhat different ranking (Fig. 5). This 
divergence is expected because the two approaches quantify different 
aspects of predictor relevance, and correlations among predictors can 
redistribute importance or attribution in both methods. Moreover, both 
measures quantify the magnitude rather than the direction of predictor 

contributions. Their rankings should therefore be interpreted as com
plementary model-based associations rather than as evidence of inde
pendent or causal effects.

These leading predictors are consistent with mechanistic under
standing. Soil temperature and VWC regulate both microbial kinetics 
and diffusive transport of NH3/NH4

+, producing strong, often non-linear 
responses (Ren et al., 2023). Humus also appears among the key pre
dictors, consistent with its influence on soil buffering capacity, sorption, 
and the stabilization of ammoniacal N pools. Γ reflects the soil NH3 
compensation point concentration, defined by the molar ratio of NH4

+ to 
H+ ions in soil solution, and thus represents volatilization potential 
(Sutton et al., 1994). Although NO3

− ranked moderately high, NH3 
volatilization is primarily governed by ammoniacal N and pH rather 
than nitrate per se (Ren et al., 2023), so its importance likely reflects 
covariation or indirect pathways. This model-derived association is 
examined more cautiously in Section 3.3.3. Total N played a smaller 
role, while canopy structure (hc, LAI) contributed negligibly, consistent 
with periods when soil-surface exchange dominates within a bidirec
tional resistance framework (Sutton et al., 2013).

Multiple field, lab, and modeling studies identify soil wetness (VWC) 
as a primary control on NH3 volatilization, often with a characteristic 
unimodal (“dome-shaped”) response. Under dry conditions, dissolution 
and hydrolysis of urea-based fertilizers are water-limited, suppressing 
NH3 formation; at intermediate VWC, dissolution, hydrolysis, and gas 
transport are simultaneously efficient, yielding peak emissions; at high 
VWC, gaseous NH3 diffusion is impeded and a larger fraction remains in 
solution or is leached downward, damping volatilization. The timing of 
rainfall/irrigation relative to fertilizer application thus critically mod
ulates losses (Black et al., 1987; Farooq et al., 2024; Frößl et al., 2025; 
Hurtado et al., 2024). This mechanistic picture is consistent with the 
bidirectional exchange/compensation-point framework in which NH3 
exchange depends on surface microlayer chemistry (e.g. Γ) and 
conductance that vary with moisture (Flechard et al., 2013; Nemitz 
et al., 2001; Massad et al., 2010). Recent process-model and ML ana
lyses likewise elevate moisture among the top predictors of NH3 loss and 
related N fluxes across climates and crops (Frößl et al., 2025; Hurtado 
et al., 2024; Jiang et al., 2024).

Γ directly captures the pH-dependent equilibrium of NH3/NH4
+ par

titioning: at higher Γ (higher NH4
+ and/or lower H+), the gas-phase 

fraction of NH3 increases in the surface micro-environment, and rising 
Γ directly strengthens volatilization. The interaction between Γ and 

Table 3 
Performance metrics from 10-fold KFold cross-validation.

Model R2 mean R2 

SD
RMSE 
Mean

RMSE 
SD

MAE 
Mean

MAE 
SD

Random Forest 0.739 0.136 2.708 0.818 1.723 0.415
Lasso 0.051 0.157 5.430 1.119 3.810 0.335
Ridge 0.037 0.175 5.458 1.083 3.856 0.316
PLSR 0.037 0.174 5.459 1.085 3.857 0.321
OLS 0.036 0.176 5.459 1.082 3.858 0.315

Fig. 4. Measured vs. predicted NH3 flux (RF, single split).
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VWC is crucial: the chemical driving force can only fully express itself if 
VWC still allows gas transport (Flechard et al., 2013; Massad et al., 2010; 
Nemitz et al., 2001). Temperature further accelerates urease activity, 
raises the pH of the surface micro-zone, and reduces NH3 solubility, 
thereby shifting the equilibrium toward the gas phase while steepening 
the soil-atmosphere concentration gradient. The effect of temperature is 
typically conditional and is amplified in combination with VWC and Γ; 
warm, moderately moist conditions thus pose the highest risk (Flechard 
et al., 2013; Massad et al., 2010).

The results are therefore consistent with a broader body of experi
mental and modeling work. In fertilized systems, RF applied to large, 
heterogeneous field datasets has successfully identified the main drivers 
of NH3 volatilization; in Mediterranean climates, for example, soil pH 
and N rate emerged as key factors, and RF performed well in predicting 
the emission factor (EF) and cumulative losses (Hurtado et al., 2024). In 
a recent comparative study, RF and other ML models evaluated NH3 
emissions from slurry/manure experiments, where ML approaches 
consistently outperformed simpler empirical methods and provided 
tractable variable-importance and partial-dependence (PDP/SHAP) in
sights into VWC-temperature-pH-management interactions (Favrot 
et al., 2025).

Based on the joint picture of the leading predictors (temperature, 
humus, VWC, Γ, NO3

− ), mitigating NH3 loss emerges as a state-dependent 
optimization problem: (i) control VWC via post-application water 
management and/or incorporation; (ii) reduce Γ by limiting surface pH 
rise and using urease inhibitors; (iii) avoid warm, dry, windy periods for 
surface urea application; and (iv) regulate the rate of nitrification 
through inhibitors and dose/timing management (Cantarella et al., 
2018; Flechard et al., 2013; Sutton et al., 2013).

Overall, the comparison of modeling approaches underscores the 
limitations of linear regression, penalized regression (Ridge, Lasso), and 
PLSR for NH3 flux prediction in this data set. These approaches failed to 
capture the non-linearities and interactions governing soil-plant- 
atmosphere exchange. By contrast, RF effectively exploited such in
teractions, explaining a large fraction of the variance and achieving 
substantially lower error metrics than linear alternatives. This strong 
alignment between statistical importance and biogeochemical reasoning 
strengthens confidence in the robustness of the RF results. Beyond pre
dictive accuracy, RF models provide practical interpretability through 

partial dependence profiles, which can visualize marginal effects and 
communicate mechanistic plausibility to a wider audience.

Despite its strong predictive performance, RF also has important 
limitations. Unlike conventional regression models, RF does not provide 
an explicit equation relating the predictors to NH3 flux and therefore 
functions largely as a black-box model. Although feature-importance 
measures, SHAP values, and partial dependence plots can improve 
interpretation, they do not convert modelled associations into causal 
relationships. Moreover, RF predictions are generally most reliable 
within the range of environmental and soil conditions represented in the 
training data. Because tree-based models have limited capacity to 
extrapolate beyond the observed predictor ranges, their predictions may 
become unreliable under substantially different climatic, soil, crop, or 
fertilization conditions. Consequently, the present model should pri
marily be regarded as a tool for identifying nonlinear relationships and 
generating hypotheses within the conditions covered by this dataset; its 
broader applicability requires validation using independent observa
tions from other sites, seasons, and management systems.

3.3.2. Soil depth effects on NH3 flux
To assess depth-resolved soil controls on NH3 flux, we examined the 

layer-specific contributions of Γ, total N, NO3
− , and humus across the 

0–10, 10–20, and 20–30 cm soil layers. Only predictors measured 
separately at all three depths were included. Therefore, unlike the 
analysis presented in Section 3.3.1, this analysis did not include VWC, 
soil temperature, LAI, or canopy height. The modeling and validation 
procedures followed those described in Section 2.6.

The Random Forest model substantially outperformed all linear ap
proaches and achieved a mean R2 of 0.690 with low prediction errors 

Fig. 5. Comparison of cross-validated Random Forest feature importance and mean absolute SHAP importance derived from the single-split RF model. Both measures 
quantify the magnitude of predictor importance but do not indicate whether individual predictors increase or decrease the predicted NH3 flux.

Table 4 
Performance metrics from 10-fold KFold cross-validation.

Model R2 mean R2 

SD
RMSE 
Mean

RMSE 
SD

MAE 
Mean

MAE 
SD

Random Forest 0.690 0.130 3.041 0.817 1.825 0.369
Lasso 0.055 0.082 5.471 1.264 3.803 0.496
Ridge 0.049 0.072 5.498 1.294 3.783 0.533
PLSR 0.039 0.082 5.515 1.259 3.801 0.531
OLS 0.048 0.072 5.501 1.296 3.783 0.534
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(Table 4). Linear models performed consistently poorly (R2 < 0.05), 
suggesting that the observed NH3 flux variability involved non-linear 
and depth-dependent relationships that were not adequately repre
sented by the tested linear models. Random Forest variable importance 
identified humus content in the 0–10 cm layer and gamma at 20–30 cm 
and 10–20 cm as the most influential predictors (Fig. 6).

The SHAP analysis provided a more nuanced picture, highlighting 
similarly strong contributions from humus (0–10 cm), nitrate and total N 
concentrations, gamma, and humus at 20–30 cm depth. These variables 
showed the highest average absolute SHAP values, indicating that both 
organic matter availability and inorganic nitrogen status, across shallow 
and deeper layers, substantially shaped NH3 emission predictions. 
However, their positive or negative effects cannot be inferred from the 
importance values shown in Fig. 6.

These results indicate that properties of both shallow and deeper soil 
layers contributed to the modelled variation in NH3 flux. The recurring 
model importance of variables measured at 20–30 cm suggests an as
sociation between NH3 flux variability and vertically structured soil 
conditions. However, feature importance alone does not establish that 
processes occurring at this depth directly regulated surface NH3. Over
all, the modeling results indicate that NH3 flux variability was associated 
with a combination of organic matter availability, soil nitrogen status, 
and soil physical properties across the soil profile. The better predictive 
performance of the Random Forest model relative to the tested linear 
models suggests that non-linear relationships and interactions contrib
uted to the observed NH3 flux variability. SHAP analysis provided 
model-specific estimates of the relative contribution of individual pre
dictors. Together, these findings highlight the value of machine-learning 
approaches for disentangling the multifaceted drivers of gaseous nitro
gen losses under field conditions.

Previous studies have also highlighted that the vertical distribution 
of nitrogen and the depth of nitrogen transformations strongly modulate 
NH3 volatilization, even if they did not explicitly analyze the same set of 

depth-stratified predictors as in our study. Field and incubation exper
iments consistently show that the majority of NH3 losses arise when urea 
or ammonium fertilizers remain near the soil surface (0-5 cm), whereas 
deeper placement markedly reduces emissions. For example, Rochette 
et al. (2013) found that banding urea at increasing depths from the 
surface down to 10 cm led to a strong, non-linear decline in NH3 losses, 
with near-surface placement producing the highest emissions. Pan et al. 
(2016) and Zhong et al. (2021) similarly reported that subsurface 
banding or deep placement of N fertilizers reduced volatilization by 
roughly 50-80% compared with surface broadcasting, while also 
improving nitrogen use efficiency. More recent work by Götze et al. 
(2023) and Zhou et al. (2022) confirmed that deep incorporation or 
slit injection at around 10 cm depth can reduce NH3 emissions by >70% 
relative to standard surface application. In pot and field experiments, Liu 
et al. (2015) and Xiang et al. (2013) showed that placing N at 5-10 cm 
depth substantially decreases NH3 loss compared with surface applica
tion, again pointing to a strong vertical gradient in emission potential.

Although these studies focus mainly on fertilizer placement depth 
rather than depth-resolved soil properties, they all imply that NH3 
production and release are highly sensitive to how close reactive N is to 
the soil-air interface. Modeling work on NO and N2O further supports 
this concept: when the depth of gas production was shifted from 
0–10 cm to 10–20 cm, surface NO flux decreased to only ~1% of its 
original value, while N2O flux changed much less, underlining the 
critical role of production depth in determining emission rates (Hosen 
et al., 2000). Taken together, these findings are consistent with our re
sults, which indicate that while surface humus content exerts a strong 
control on NH3 emissions, subsoil layers (particularly 20–30 cm) also 
play an important role via their inorganic N pools and physical prop
erties. In other words, our depth-resolved analysis of humus, NO3

− , total 
N and gamma refines and extends earlier evidence that NH3 volatiliza
tion emerges from vertically structured interactions between 
near-surface N availability and subsoil conditions governing gas 

Fig. 6. Comparison of cross-validated Random Forest feature importance and mean absolute SHAP importance for the depth-resolved model. Both measures quantify 
the magnitude of predictor importance but do not indicate the direction of predictor effects on the predicted NH3 flux.
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diffusion and nitrogen transformation.
An additional mechanism potentially contributing to the observed 

depth-dependent relationships is the vertical stratification of soil mi
crobial communities. Microbial biomass, community composition, and 
the abundance and activity of functional groups involved in N cycling 
commonly vary with soil depth (Eilers et al., 2012). In particular, 
ammonification, microbial NH4

+ immobilization, and ammonia oxida
tion by ammonia-oxidizing bacteria and archaea regulate the size and 
persistence of the soil NH4

+ pool (Di et al., 2009). Nitrification can 
additionally decrease microsite pH through proton production, thereby 
shifting the NH4

+/NH3 equilibrium towards the non-volatile ionic form. 
Consequently, differences in microbial communities among soil layers 
may partly underlie the depth-specific associations of humus, NO3

− , total 
N, and Γ with surface NH3 flux. The measured physicochemical pre
dictors may therefore also act as indirect proxies for unmeasured mi
crobial processes. Nevertheless, because microbial biomass, community 
composition, functional-gene abundance, and N-transformation rates 
were not determined in this study, the contribution of microbial strati
fication cannot be separated from that of the measured physicochemical 
gradients. Future studies combining depth-resolved soil analyses with 
microbial community profiling and direct measurements of ammonifi
cation and nitrification would be required to test this mechanism.

3.3.3. Modelled associations between NO3
− and NH3 flux

NO3
− emerged as a relatively important predictor in the RF analysis; 

however, this result should not be interpreted as evidence of a direct 
causal effect on NH3 volatilization. Unlike NH4

+ and pH, which directly 
determine the NH4

+/NH3 equilibrium and are represented jointly by Γ, 
NO3

− is not a direct substrate for NH3 production. Its model importance 
may instead reflect covariance with NH4

+ availability, fertilizer input, 
nitrification progress, soil moisture, temperature, or other unmeasured 
N-transformation processes. Because correlated predictors can share or 
redistribute importance in RF, SHAP, permutation-importance, and 
partial-dependence analyses, the independent contribution of NO3

−

cannot be isolated from the present observational dataset. NO3
− should 

therefore be regarded as an indicator of the soil N-transformation state 
rather than as a direct regulator of NH3 loss.

The relatively modest contribution of measured NH4
+ and the 

comparatively greater importance of NO3
− should be interpreted with 

caution because the soil samples were air-dried before chemical anal
ysis. Air drying can cause partial loss of ammoniacal N, particularly from 
soils with high initial NH4

+ concentrations and elevated pH (Rochester 
et al., 1991). Although all samples underwent the same analytical pro
tocol, the magnitude of this loss may not have been identical among 
samples and could have attenuated the observed NH4

+ variability. This 
potential artifact may also have affected the Γ proxy because measured 
NH4

+ was used in its calculation. Consequently, the model results should 
not be interpreted as evidence that NO3

− is intrinsically a stronger causal 
regulator of NH3 volatilization than NH4

+. Rather, NO3
− should be 

regarded as a depth- and state-dependent indicator of broader N-trans
formation dynamics, while the relatively low importance of measured 
NH4

+ may partly reflect sample preparation.
Previous studies have likewise reported contrasting associations 

between soil NO3
− and NH3 volatilization. Wan et al. (2024) reported 

that soil NO3
− content may be associated with enhanced NH3 emissions, 

whereas Feng et al. (2022) identified increased NO3
− concentration and 

soil cation-exchange capacity as important contributors to reduced NH3 
volatilization. These contrasting observations further indicate that NO3

−

primarily reflects context-dependent soil N-transformation processes, 
including nitrification and denitrification, rather than a uniform direct 
effect on NH3 loss (Cameron et al., 2013; Ju et al., 2009).

Partial dependence plots (PDPs) were computed for NO3
− both in one 

dimension (stratified by depth) and in two dimensions (joint effects with 
VWC and soil temperature). For visualization, predictor values were 
displayed on standardized scales and restricted to their observed ranges, 
while partial dependence was presented on a relative model-output scale 

to facilitate comparison among panels. Among all modeling approaches 
tested, the Random Forest (RF) regression achieved the best predictive 
performance for NH3 flux, outperforming linear (OLS, Ridge, Lasso) and 
latent-factor (PLSR) methods. The better predictive performance of RF 
suggests that non-linear relationships and possible predictor interactions 
contributed to the observed flux variability and were represented more 
effectively by RF than by the tested linear models. RF also reproduced 
threshold-type behaviors in soil moisture and temperature and proved 
more robust to collinearity among environmental predictors.

Depth-specific patterns are illustrated by the 1D PDP stratified by soil 
depth (Fig. 7a). The NO3

− effect varied distinctly among the 0–10, 10–20, 
and 20–30 cm layers, indicating that NO3

− –NH3 relationships are depth- 
dependent. This likely reflects vertical gradients in redox potential, 
substrate availability, and microbial activity. At shallower depths, NO3

−

accumulation may enhance microbial turnover and indirectly favor NH3 
release, whereas at deeper layers, lower aeration and higher moisture 
constrain volatilization even at comparable NO3

− levels. These findings 
underscore the heterogeneity of soil microenvironments and the limi
tations of bulk-layer correlations.

Moisture interactions are illustrated by the 2D PDP for NO3
− versus 

VWC (Fig. 7b). NH3 emissions increased markedly under high VWC 
conditions across most of the NO3

− gradient, indicating that wet soils 
promoted volatilization in our dataset. Under drier conditions, NO3

− had 
little influence, suggesting that water limitation curtailed microbial 
activity and diffusion despite sufficient aeration. Conversely, in wetter 
soils, even modest NO3

− concentrations coincided with elevated fluxes, 
potentially reflecting intensified microbial activity and reduced NH3 re- 
uptake under near-anaerobic microsites. Such behavior implies that 
different microbial pathways dominate across the NO3

− gradient: at low 
NO3

− , reduced conditions (e.g. denitrification) may prevail, maintaining 
higher local pH through weaker proton production; at intermediate 
NO3

− , active nitrification acidifies microsites and suppresses NH3 release; 
and at high NO3

− , fertilizer co-variation or enhanced microbial meta
bolism again favors volatilization. These context-dependent responses 
are consistent with moisture-mediated controls observed by Ju et al. 
(2009), Di et al. (2009), and Götze et al. (2023). These relationships 
should be interpreted as model-derived associations rather than causal 
effects.

Temperature interactions are shown by the 2D PDP for NO3
− versus 

soil temperature (Fig. 7c). The strongest NH3 fluxes occurred under 
cooler soils with low NO3

− levels. Reduced microbial activity under low 
temperature limits nitrification and proton generation, allowing car
bonate buffering to sustain relatively high pH and thus favor volatili
zation. Moreover, at low temperatures, NH4

+ oxidation, microbial 
immobilization, and cation exchange proceed slowly, prolonging the 
availability of NH4

+ in the soil solution (Jones et al., 2013). In contrast, 
under warmer conditions, nitrification accelerates, producing protons 
that acidify microsites and shift the NH4

+/NH3 equilibrium toward NH4
+, 

suppressing volatilization. This pattern aligns with the RF predictor 
importance, where temperature ranked as the single strongest driver of 
NH3 flux, yet its effect was clearly modulated by NO3

− availability. 
Although higher temperatures typically promote volatilization potential 
(Fenn and Kissel, 1974; Sommer et al., 2004), this effect can be coun
teracted under NO3

− -rich conditions through nitrification-induced 
acidification.

Collectively, the PDPs reveal nonlinear, context-dependent associa
tions between measured NO3

− and predicted NH3 flux across soil depths, 
moisture conditions, and temperatures. However, these patterns do not 
demonstrate that NO3

− directly regulates NH3 volatilization. They may 
reflect covariance with NH4

+ availability, fertilizer history, nitrification, 
environmental conditions, or unmeasured microbial processes. PDPs 
also average predictions across the distributions of other predictors and 
should be interpreted cautiously when predictors are correlated. 
Possible underestimation of NH4

+ following air drying may additionally 
have increased the apparent relative importance of NO3

− . Accordingly, 
these results should be regarded as hypothesis-generating associations 
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rather than evidence of a direct causal mechanism.
From a management standpoint, NH3 losses from ammonium nitrate 

fertilizers are not fixed but strongly modulated by soil conditions. 
Avoiding fertilizer exposure under dry, alkaline conditions and aligning 
applications with rainfall or incorporation can significantly reduce 
volatilization (Al-Kanani et al., 1991; Black et al., 1987; Rochette et al., 
2009; Sommer et al., 2004). However, nitrification-driven acidification 
entails trade-offs: while it suppresses NH3 losses, it may simultaneously 
enhance N2O emissions and NO3

− leaching. Meta-analyses show that 
nitrification inhibitors mitigate N2O and leaching but can elevate NH3 
volatilization (Rochette et al., 2009, 2013; Qiao et al., 2015), under
scoring the multidimensional nature of nitrogen management.

4. Conclusion

This study indicates that NH3 flux variability in fertilized cropland is 
associated with complex, non-linear relationships among soil chemical 
properties, microclimatic conditions, and vertical soil heterogeneity. 
Machine-learning analysis, particularly Random Forest combined with 
SHAP interpretation, identified the leading model predictors associated 
with NH3 flux variability. A limitation of the study is the absence of an 
unfertilized control treatment, which restricts the direct quantification 
of fertilizer-induced NH3 emission increments. However, the focus of 
this study was on within-field variability and environmental controls 
rather than treatment comparison. Soil temperature, moisture, humus 
content, and the NH4

+/H+ proxy (Γ) emerged as leading model pre
dictors. Properties measured at 20–30 cm also contributed to the pre
dictions, indicating an association between NH3 flux variability and 
vertically structured soil conditions rather than surface properties alone. 
NO3

− emerged as a conditional, state-dependent model predictor, but 
this association should be interpreted as an indicator of broader N- 
transformation dynamics rather than as evidence of a direct causal effect 
on NH3 volatilization.

A limitation of the study is that flux measurements were conducted at 
discrete time points, which may not fully capture short-term emission 
peaks or diurnal variability. Consequently, cumulative emission esti
mates should be interpreted as approximate. However, the primary 
objective of this work was not to derive a complete emission budget, but 
to identify the key environmental controls of NH3 flux.

Overall, the findings indicate that machine-learning approaches 
applied to multi-point field datasets can help identify complex associa
tions between environmental variables and NH3 fluxes and can support 
the development of hypotheses concerning the underlying processes. 

These findings suggest that the possible contribution of subsurface N 
dynamics warrants further investigation when developing NH3 mitiga
tion strategies.
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Eszter Tóth: Writing – review & editing, Methodology, Investiga
tion, Conceptualization. János Balogh: Writing – review & editing, 
Methodology, Investigation. Zoltán Bozóki: Funding acquisition, Data 
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Methodology. Tünde Takács: Writing – review & editing, Investigation. 
Krisztina Pintér: Writing – review & editing, Methodology, 
Investigation.

Data availability

Data will be made available on request.

Declaration of generative AI and AI-assisted technologies in the 
manuscript preparation process

During the preparation of this work, the authors used ChatGPT 
(OpenAI, GPT-5) to assist in exploring methodological options and 
structuring the modeling approach applied in the study. After using this 
tool, the authors critically evaluated all AI-generated suggestions, per
formed the analyses independently, and take full responsibility for the 
design, implementation, and interpretation of the research and for the 
content of the published article.

Funding

The research was funded by the Sustainable Development and 
Technologies National Programme of the Hungarian Academy of Sci
ences (FFT NP FTA), and by the Hungarian Research and Technology 
Innovation Fund (OTKA), project no. K-138176. Investigations were 
supported by the János Bolyai Research Scholarship of the Hungarian 
Academy of Sciences (grant no. BO/00548/23).

Declaration of competing interest

The authors declare that they have no known competing financial 

Fig. 7. Partial dependence plots illustrating the modelled associations between NO3
− and predicted NH3 flux. (a) Depth-specific one-dimensional PDPs for NO3

− at 
0–10, 10–20, and 20–30 cm, obtained from the depth-resolved RF model. (b) Two-dimensional PDP for depth-averaged NO3

− and VWC, obtained from the primary RF 
model. (c) Two-dimensional PDP for depth-averaged NO3

− and soil temperature, obtained from the primary RF model. Predictor values are shown on the standardized 
scale. PDPs represent model-derived associations and should not be interpreted as causal effects.

E. Tóth et al.                                                                                                                                                                                                                                     Atmospheric Pollution Research 17 (2026) 103202 

10 



interests or personal relationships that could have appeared to influence 
the work reported in this paper.

Acknowledgements
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