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Agricultural lands are sources and sinks of greenhouse gases (GHGs). The identification of the main drivers
affecting GHGs is crucial for planning sustainable agronomic practices and mitigating global warming potential.
The main aim of this research was to evaluate the impact of environmental drivers (soil temperature and water-
filled pore space, WFPS) and crop residue rates on CO2, NO, and NOy fluxes under conventional tillage (CT) and

NOy . . . . . .
Machine learning no-tillage (NT) systems. The accuracy of Random Forest Regression (RFR), Multiple Adaptive Regression Splines
Tran (MARS), and General Linear Models (GLM) in predicting CO,, NO, and NOy fluxes were also assessed.

In both CT and NT systems, CO5, NO, and NOy fluxes decreased with increasing WFPS. Increasing temperature
resulted in higher CO; emissions and lower NO and NOy emissions. Higher residue rates resulted in significant
increases in CO4 emission, whereas the NO and NOy emissions increased by decreasing the ratio of residue. For
COy, prediction, the RFR provided the largest R? with the observed data. For NO-N and NOx-N prediction, RFR
was the most efficient algorithm, but NO-N can be predicted with better accuracy. The output of this research
highlights the importance of agronomic practices for climate mitigation, along with the possibility of using RFR
to predict GHGs fluxes.

1. Introduction

Climate change is due to the emissions of greenhouse gases (GHGs)
from anthropogenic activities (Smith et al., 2008; IPCC et al., 2019).
Carbon dioxide (CO3) is the major contributor to the increased radiative
forcing since the pre-industrial period (WMO, 2020), with major
anthropogenic sources of CO, including the burning of fossil fuels and
deforestation. At the same time, ecosystems, including agroecosystems
exchange large amounts of COy with the atmosphere. through the
decomposition of soil organic matter and crop, and animal residues
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(Zechmeister-Boltenstern et al., 2018). The rate of soil CO5 emissions
depends on the land cover, environmental conditions, and soil charac-
teristics (Sugasti and Pinzon, 2020). Agricultural landscapes are also
responsible for large N emissions, which occur as ammonia (NHg), nitric
oxide (NO), nitrogen dioxide (NOy), nitrous oxide (N20), and N3 (Zaman
et al., 2012). NO is a secondary greenhouse gas and a key component in
the formation of tropospheric ozone (O3) (Anenberg et al., 2012; Moli-
na-Herrera et al., 2017). Agricultural soils are the main sources of NO
emissions (Luo et al., 2012). According to previous studies, the emis-
sions of NO vary from 13 to 27 Tg NO-N a~! (Davidson and Kingerlee,
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1997; Steinkamp and Lawrence, 2011; Hudman et al.,, 2012). The
application of N fertilizers accounts for approximately 60% of soil NO
emissions in agriculture (Molina-Herrera et al., 2017). Emissions of NO
from agricultural soil occur mainly via nitrification (Rolland et al., 2008;
Molina-Herrera et al., 2017), denitrification (Conrad, 2002), and chemo
denitrification (Kesik et al., 2005).

Several factors including environmental conditions (e.g. soil mois-
ture, temperature), C/N ratio, and management practices drive the
process of GHGs’ exchange between the soil and the atmosphere
(Medinets et al., 2015; Oertel et al., 2016). Among these factors, soil
temperature and soil moisture are used to show a significant effect on
the emission of GHGs (Mohammed et al., 2022; Mirzaei et al., 2022a).

Management of the post-harvest crop residue also affects the trace
gas fluxes. Estimates indicate that 3.76 x 10° tonnes of crop residue are
produced annually worldwide (Lal, 2005). Recent investigations
demonstrated that the use of these residues could improve several soil
properties and reduce land degradation processes, but more work is still
needed to convince farmers and policymakers to financially support
them (Rodrigo-Comino et al., 2020; Mirzaei et al., 2021). Changes in
crop residue management practices can lead to changes in the soil
environment and GHGs emissions (Smith et al., 2007; Mirzaei et al.,
2022b, 2023). The effects of crop residue management on GHGs are not
conclusive. Changes in GHGs emissions can be due to several factors
including the amount of residue, rate of decomposition, added carbon
(C) and N, and the effect of these residues on changing soil conditions
(Pitombo et al., 2016). Also, soil tillage is one of the most significant
agricultural practices affecting GHGs emissions from soil. Conventional
tillage (CT) includes primary soil inversion; in contrast, no-tillage (NT)
reduces soil disturbance and retains crop residues on the soil surface
(Abdalla et al., 2013; Abbas et al., 2020). Previous studies show that CT
stimulates the decomposition of organic matter, increases soil respira-
tion, and GHGs emissions (Peterson et al., 2019; Mohammed et al.,
2022; Valujeva et al., 2022), while NT reduces soil disturbance and
energy consumption, improves the soil quality, increases soil carbon
sequestration, and mitigates GHG emissions (Ogle et al., 2019; Mirzaei
et al., 2021; Mirzaei et al., 2022a; Bhattacharyya et al., 2022).

Given the raising concerns about increased GHGs emissions from
agricultural soils, identification of the impact of environmental and
agricultural management practices is crucial for a better understanding
of mitigation potential. To disentangle the effect of single parameters (e.
g.soil water content, and soil temperature) is usually difficult to address
under field conditions, due to the seasonal dynamics, combined with the
impact of individual agricultural practices. In this sense, the incubation
of soil cores in the laboratory condition is a practical way to overcome
these issues (Schaufler et al., 2010) and provide controlled, standardized
conditions for a better mechanistic understanding between GHG fluxes
and driving parameters. However, to the best of our knowledge, no in-
formation is available about laboratory experiments assessing the
interactive effects of soil temperature, soil moisture, incorporation of
residue rates, and tillage on trace gas fluxes in semi-arid regions.

Machine learning (ML) models algorithms are increasingly used to
study environmental phenomena, including GHGs emissions in crop-
lands (Adjuik and Davis, 2022), and have proved useful to select effi-
cient management practices to mitigate the emissions (Saha et al.,
2021). . Using pattern recognition, machine learning (ML) explains
connections between input and output parameters (Twarakavi et al.,
2009; Baker et al., 2018) and generates new options to detect, quantify
and understand processes in agriculture (Liakos et al., 2018). However,
despite the potential of ML tools, limited studies applied machine
learning (ML) algorithms to predict GHGs fluxes from agricultural soil
(Tavares et al., 2018; Freitas et al., 2018; Ebrahimi et al., 2019; Hamrani
et al., 2020; Saha et al., 2021; Abbasi et al., 2021; Adjuik and Davis,
2022).

We aimed at (i) assessing the effects of temperature, soil moisture,
and crop residue rates on soil CO, NO, and NOx fluxes under CT and NT
systems and (ii) assessing the accuracy of three ML algorithms in
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predicting soil CO2, NO, and NOx fluxes. For this, a laboratory incuba-
tion with intact soil cores under controlled conditions was conducted.

We hypothesized that: i) the addition of higher residue rates would
increase CO, emissions and decrease NO fluxes ii) CO5 and NO fluxes
would raise with decreasing the amount of soil water-filled pore space
(WEPS).

2. Materials and methods
2.1. Site description and soil sampling

The site under investigation is located at the Agriculture Research
Station of the College of Agriculture and Natural Resources, University
of Tehran, Karaj, Iran (35°48' 32" N, 50° 58' 06" E, 1308 m a.s.l.). Ithas a
semiarid climate with mean air temperature and rainfall of 13.7 °C and
245.5 mm, respectively. Soil samples were collected in July 2019, from
two field experiments including conventional tillage (CT) and no-tillage
system (NT) systems. Each field was under the application of three rates
of crop residues (0, 50, and 100% by weight) from July 2018 to July
2019. More detailed information about the experimental fields can be
found in Mirzaei et al. (2021). Intact soil samples (three replicates for
each combination of rate of crop residues and of tillage) were collected
from the top 5 cm soil depth using Polyvinyl chloride (PVC) cylinders
(diameter: 5 cm, height: 5 cm).

2.2. Incubation system and estimation of GHG fluxes

Porosity was estimated using the bulk density for each treatment
(1.20 and 1.38 g cm ™ for CT and NT, respectively, Mirzaei et al., 2021)
and assuming a particle density of 2.65 g cm™~3; this calculation yielded a
pore percentage of 54.7 and 47.9 for CT and NT respectively, and further
served for calculating the total amount of water needed to reach 30, 60
and 90% WEFPS. The actual net weight after the soil sampling was used to
calculate the actual soil moisture (which was usually between 5 and
20% WFPS) and the missing water was added to each core to reach 30%
WEFPS. Then, the soils were incubated at 10 °C. After three days, soil
samples were weighed and water was added to bring them back to 30 %
WEPS (water loss was in the range of 2-3% WFPS); then the soil cores
were incubated at 15 °C and the procedure was repeated, before
increasing the temperature to 20 °C. Then, the incubator was set at 10 °C
again, and soils were watered to reach 60% WFPS; the incubation pro-
cedure was repeated (involving 10, 15, and 20 °C); before undergoing a
final incubation at 90% WFPS.

We used a fully automated temperature-controlled incubation sys-
tem, which is a modification from the system described in Schindlbacher
et al. (2004) and has been used in several other investigations (e.g.
Gritsch et al., 2016; Deltedesco et al., 2019). The system is enclosed in a
thermos-cabinet and features adapted jars that act as dynamic chambers
(steady-state through-flow chambers (Pumpanen et al., 2004), whereby
the exchange rate of gases between the soil and the headspace is esti-
mated by using the concentration difference between the in- and outflow
(Butterbach-Bahl et al., 2016).

The gas concentration in the inflow was measured by using an
empty, reference chamber. The system can host a total of 22 measure-
ment chambers and two reference ones. The flow rate was set to 1.0 1
min’l, which allowed for the stabilization of the outflow concentration
within a few minutes. 10 min were required to estimate a flux from a
single chamber (4 min for the reading of the reference chamber plus 6
min for the measurement chamber), so that, when fully occupied, the
gas fluxes of the 22 cores can be estimated every 4 h. The CO5 concen-
trations were estimated with an infrared gas analyser (PP Systems WMA-
2, Amesbury, MA, USA). NO and NO; concentrations were measured
with a chemiluminescence analyzer (HORIBA APNA-360, Kyoto,
Japan).

For each combination of temperature and soil moisture (which lasted
three days), only the last 4 measurements were used (spanning about 16
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h). Due to technical problems, the flux at 60% WFPS was not stored and
therefore not available.

2.3. Statistical analysis

We evaluated the factors influencing trace gas fluxes using General
Linear Models (GLM). In this case, the GLM was a 3-way factorial
ANOVA (residue rates, temperature levels, and WFPS levels). We
determined the effect sizes (mzp) as a standardized, thus, comparable
measure of the magnitude of differences among the factor levels (w?p >
0.14: large, 0.13-0.06: medium, <0.05: small effect). Normal distribu-
tion of the residuals was checked with the Shapiro-Wilk test and ho-
moscedasticity with the Levene test (Field et al., 2012), respectively.

2.4. Modeling techniques and prediction strategies

We applied three regression techniques (General Linear Models
(GLMs), Random Forest Regression (RFR), and Multiple Adaptive
Regression Splines (MARS) to predict the trace gas fluxes as affected by
residue rate, temperature, and soil moisture.

Were used. GLMs are the most common multivariate models to
predict scale variables against scale or factorial variables. GLMs usually
used multiple linear regression with scale-independent variables, but
now, we used only factorial (i.e., nominal) variables. We used RFR as an
algorithm for regression (prediction of scale values). We applied 500
trees (ntree parameter) as the model error does not increase above
200-300 trees (Boehmke and Greenwell, 2019), but more trees ensure a
more robust output. The number of splitting at each tree node (mtry)
was determined by the caret package on R, using values of 2, 3, and 5,
and considered as 3 for all models. MARS is a robust method for
regression that uses an iterative method involving two steps: (i) first, it
creates basis functions (BFs) partitioning the range of values of inde-
pendent variables, models a regression line for each BF and each BF
relates to knots, (ii) then, it uses the BFs estimates as predictors, and a
least-square model is estimated and pruned (Friedman, 1991). The
nprune parameter was determined with 2, 4, and 6 values; finally, 4 was
optimal for CO3, and 2 for NO and NOx models (holding the maximum
degree of interaction constant at 1).

For the model evaluation of each technique, we applied 2-fold cross-
validation with 25 repetitions. Each dataset was randomly split into a
training and a testing subset and then a model was built using the
training data; using the model, the testing subset was used to calculate
the Pseudo-R? (correlation between the observed and predicted values),
Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE).
Next, the testing subset was used for training a new model, and the
previous training subset was used for testing. This procedure was
repeated 25 times with new random splits, generating 50 models.
Accordingly, all models were evaluated with the medians and inter-
quartile ranges of the 50 repetitions. The most accurate GLM, RFR, and
MARS models were determined by using the lowest RMSEs. the caret
(Kuhn, 2020); , rpart (Therneau and Atkinson, 2019), and earth (Mil-
borrow, 2020) packages in R 4.04 (R Core Team, 2021) were used.

Predictions were evaluated with the Nash-Sutcliff model efficiency
coefficient (NSE) which considers the difference between observed and
modelled values and quantifies the difference from the optimal 1:1 line.
The NSE values of 1, >0.75, 0.65-0.74, 0.50-0.64, and values of <0.50
can be interpreted as perfect, very good, good, satisfactory, and unsat-
isfactory respectively (Lufi Suryaningtyas et al., 2020). We also calcu-
lated the normalized root mean squared error (NRMSE) values
normalized by the maximum-minimum values. Model efficiency on
factor level was evaluated by Taylor diagrams that showed the corre-
lation between the observed and modelled data (r), the RMSE of the
model, and the standard deviation (SD): the position of a given point
provides all this information (Taylor, 2001). NSE and NRMSE were
calculated in R 4.04 (R Core Team, 2021) with the hydroGOF package
(Zambrano-Bigiarini, 2020) and Taylor diagrams were produced with
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the openair package (Carslaw and Ropkins, 2012).
3. Results
3.1. Soil CO4, NO, and NOx fluxes

Emissions of CO3, NO, and NOx were higher at 30% WFPS than at
90% WEFPS. At 30% WFPS, higher temperature resulted in higher CO5
fluxes but lower NO, and NOx fluxes. At 90% WEFPS, no significant dif-
ferences in fluxes were observed between temperatures. Higher fluxes of
CO,, NO, and NOx were observed across all residue rates in CT
compared to NT. The highest fluxes of CO, were measured at 30% WFPS
and 20 °C. For NO and NOx the highest rates were observed at 30%
WEFPS and 10 °C which was the first incubation step after the pre-
incubation phase (Figs. S1 and S2).

Residue rate, WFPS, and temperature significantly affected the CO,
emission; furthermore, the interaction of WFPS and temperature was
significant (Table 1). Effect sizes (wzp) were high for temperature, WFPS
(0.30 indicating a large effect), and residue rate (0.23); thus, all three
factors had a relevant role in CO5 emission. The interaction of the WFPS
and the temperature had a medium effect (0.109). The interaction of
temperature and WFPS on CO5 emission was also significant in both CT
and NT systems. In the CT system, at low WEPS (30%), the rate of CO4
emission increased with the increasing temperature, and the highest
emission (435 mg m~2h~1) was observed at 20 °C, while in 90% WFPS
no significant differences were noticed between different temperatures
(Fig. S1 A). In the NT system, the emission rate increased with the
increasing temperature for both WFPS values (30 and 90%).

NO-N emission was influenced by all three factors (p < 0.001,
Table 1), and by the interaction between WFPS and temperature. The
GLM model explained 74.3% of the variance. The WFPS had the largest
effect (0.606), followed by the interaction of WFPS and temperature
(0.308). WFPS and residue level had only a small effect (mzp > 0.06).

In both CT and NT systems, NO emission decreased significantly with
the increasing WFPS. The lowest NO emissions in CT (4 mg m—2 h’l) and
NT (4 mg m~2 h’l), belonged to 90% WEFPS (Fig. 1 A, B). With increasing
the temperature under both tillage systems, the NO emission rate
decreased significantly. At 20 °C, lowest NO emission rate in the CT
system (11 pg m 2h 1) and NT (13 pg m~2h 1) was observed (Fig. 1 C,
D). In both tillage systems, with the decreasing amount of residues, the
NO emission increased and the highest NO emission (53.5 pg m 2 h™!
for CT and 25.5 pg m~2h ™! for NT), was observed in the residue removal
treatment (0%), which was also significantly different from the 50 and
100% residue rates (Fig. 1 E, F).

GLM of NOx-N influencing factors explained 65.1% variance
(Table 1). WFPS (0.509) and the interaction of WFPS and temperature
(0.267) had the highest effects, but the effects of temperature and res-
idue level were also large (0.15). Lower rates of NOx emission were
related to the application of higher residue rates treatments, and the
highest emission of NOx was obtained from the residue removal. In the
90% WEFPS, the effect of temperature is non-significant (CT) or of low
importance (NT). At 30% WFPS, the highest emission rate was observed
at 10 °C, and then decreased at 15 and 20 °C (Fig. S1 C). This combi-
nation (30% WEFPS and 10 °C) was the first incubation condition
following the rewetting of dry soils.

3.2. Predicting trace gas fluxes

Regarding the CO, prediction, the RFR provided the largest R2, but it
was only 2-3% better than the GLM and the MARS. Similar tendencies
were found for MAE, RMSE, NSE, and NRMSE (Table 2, Fig. 2). Similar
results were found for NO and NOx fluxes, but RFR performed 8-13%
better than the GLM and MARS. Soil NO fluxes could be predicted with
better accuracy (64%) than NOx (55%).
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Table 1
GLM results of temperature, WFPS, and residue rate on CO»-C, NO-N, and NOx-N emissions.
Source of variance df SS F P o’p
CO,—C NO-N NOx-N CO,—C NO-N NOx-N CO,—C NO-N NOx-N CO,-C NO-N NOx-N
Model 17 653116 18240 22302 3.69 9.69 6.60 <.001 <.001 <.001 0.47 0.74 0.65
WEFPS 1 240145 9224 11264 22.32 80.01 54.70 <.001 <.001 <.001 0.30 0.60 0.50
Temperature 2 219766 2287 2861 10.21 9.92 6.94 <.001 <.001 0.003 0.30 0.28 0.21
Residue rate 2 53336 2053 2086 2.48 8.90 5.06 0.019 < .001 0.012 0.23 0.26 0.15
WEFPS x Temperature 2 86496 2684 4039 4.02 11.64 9.80 0.027 <.001 <.001 0.10 0.30 0.26
WFPS x Residue rate 2 4152 603 644 0.19 2.61 1.56 0.825 0.088 0.225 —0.03 0.06 0.02
Temperature x Residue rate 4 35051 391 331 0.81 0.84 0.40 0.525 0.505 0.806 —0.02 0.01 —0.03
WEFPS x Temperature x Residue rate 4 14169 997 1078 0.32 2.16 1.30 0.856 0.095 0.287 —0.05 0.08 0.02
Residuals 33 354941 3804 6795
Total 51 2.48e+6 36882 48529
Table 2

Conventional tillage (CT)

No- tillage (NT)

(A) (B)

WEFPS (%)

(D)

Temperature (°C)

60 80 100

(F)

50

Residue rate (%)

100

0 20 40 60 80 100 0 20 40 60 80 100
NO-N (ug m2 h?) NO-N (ug m?h)

Fig. 1. The effect of soil WFPS (A and B) temperature (C and D), and residue
rate (E and F) on NO-N emissions under conventional tillage — CT (left) and no-
tillage — NT and (right) systems. Means with the same letter are not signifi-
cantly different.

3.2.1. Prediction efficacy by temperature levels

Considering the temperature levels, we found that RFR was also
efficient in predicting CO, emissions, both the correlations and the
RMSE showed the best fit (Fig. 3A). Although GLM and MARS had
similar SDs as the test data at 10 °C, RMSEs were higher. RFR’s errors
were 8-11 mg m 2 h™! smaller than GLM, and 15-37 mg m 2 h™?
smaller than MARS models. The largest differences were experienced at
15 °C. The average magnitude of error (RMSE) increased with the
temperature at all algorithms, in the case of RFR centered errors were
62.4 (10 °C), 75.2 (15 °C), and 94.0 (20 °Q).

Regarding the NO-N prediction, correlations were higher than in the
case of COy; generally, all predictions were more accurate. MARS had

Model accuracies (NSE: Nash-Sutcliff coefficient, NRMSE: normalized root mean
squared error; GLM: General Linear Model, MARS: Multiple Adaptive Regression
Splines, RFR: Random Forest Regression; bold highlight: best model by depen-
dent variables).

Dependent variable Statistical model NSE NRMSE
COy GLM 0.57 18.6
RFR 0.66 16.6
MARS 0.42 21.6
NO-N GLM 0.65 14.7
RFR 0.84 9.9
MARS 0.4 19.2
NOx-N GLM 0.6 15.3
RFR 0.79 11
MARS 0.37 19.2

the largest relative error (NRMSE, Table 2). RFR’s performance was the
best at 10 °C with a correlation of r > 0.95 and an RMSE of 12 ug m 2
h! (Fig. 3B). GLM and MARS performed better at 15 and 20 °C, but the
overall performance was worse compared to RFR (Table 2). Unlike in the
case of CO9, changes in RMSE did not have a trend: RFR had 12.4, 6.9,
and 9.6 at 10-15-20 °C, respectively.

In the case of NOx-N prediction, RFR was the most successful pre-
dictor algorithm: RMSE was <14 pg m~2 h™, correlations of modelled
and observed values were the highest, and usually higher with 0.09
related to other models (Fig. 3C). GLM’s performance was the closest to
RFR’s accuracy metrics only at 20 °C, RMSE values were 14.6 (RFR) and
14.8 (GLM), but in the other two temperature levels, RFR had 58 and
75% lower RMSE. RMSE did not have a trend, in the case of RFR values
were 14.4, 9.1, and 14.6 in the function of increasing temperature.

3.2.2. Prediction efficacy by residue rates

The RFR algorithm proved to be a powerful tool in predicting CO»
emission based on residue rates, compared with MARS and GLM
(Fig. 4A). The performance of RFR, MARS, and GLM was almost similar
for 50 and 100% residue rates (Fig. 4A). As the results of CO5 emission
prediction, the RFR algorithm was superior to another algorithm in the
prediction of NO-N and NOy-N by residue rates (Fig. 4 B, C). However,
for 0 and 100% residue rates the performance of the RFR algorithm was
distinguished from the other algorithms. While, for 50% residue rates
the performance of the GLM algorithm was almost like RFR (Fig. 4 B, C).
In the case of CO5, RMSR was the lowest at the 0% residue rate (~55),
and worse at 50% (~110). For NO-N and NOx-N, RMSRs were 5-10%,
and the 0 and 50% residue rates were the most efficient.

4. Discussion

4.1. Effects of environmental drivers and agroecosystems management
practices CO3, NO, and NOx fluxes in semiarid regions

Soil temperature and moisture content are important factors
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Fig. 2. Classification accuracies of the applied models on CO,, NO-N, and NOx-N based on 50 models (R?, RMSE: Root Mean Squared Error, MAE: Mean Absolute
Error, GLM: General Linear Model, MARS: Multiple Adaptive Regression Splines, RFR: Random Forest Regression; boxplot shows the minimum, maximum, inter-

quartile range, o: outlier, o: median).

controlling microbial processes of N and C transformation and GHGs
emissions (Hordk et al., 2020). On one hand, a gradual increase in soil
temperature will lead to higher microbial activity (Meixner and Yang,
2006); on the other hand, soil water content plays an essential role in
supplying substrate for soil microorganisms, and also it determines the
availability of oxygen and gas diffusivity (Schindlbacher et al., 2004).
Also, temperature increases intensify residue decomposition, providing
further carbon precursors for soil microorganisms and ultimately,
leading to increased CO2 emissions (Razavy-Toosi et al., 2017; Wegner
et al., 2018). 90% WFPS was probably strongly limiting aeration and,
therefore, the diffusivity of air and microbial respiration. However,
some other studies (Guo et al., 2012) have reported the maximum CO5
emissions at 90% WEFPS, associated with improved diffusion of available
carbon and increased anaerobic respiration, with the latter process
probably not being relevant in the climatic context of our experiment.
Significant increases in CO, emission were noticed in 100 and 50%
residue rates treatments compared to residue removal (0%) (Fig. S3 E,
F). The significant increase of CO5 emission in the Rjpo and Rsg
compared to the Ry, which was observed in both CT and NT, can be
explained by a substantial input increase from decomposing residue that
serves as a substrate for soil microbes (Razavy-Toosi et al., 2017). Crop
residue mineralization alters soil organic carbon, microbial biomass,
and dissolved organic carbon (Ding et al., 2017; Yang et al., 2017). It has
been well documented that most of the added C from residue will respire
to the atmosphere (Campos et al., 2011; Mirzaei et al., 2022b).

The highest rates of NO-N and NOx-N fluxes at 10 °C, are mainly
attributed to the rewetting effect which happened after pre-incubation.
Also under 30% WPFS, higher fluxes of NO-N and NOx-N were recorded

compared to 90% WPFS. Increasing soil water saturation raises anaer-
obic conditions and promotes NyO emissions via denitrification (Dobbie
and Smith, 2001), while NO emissions tend to rise under dryer condi-
tions (Van Dijk and Meixner, 2001; Guckland et al., 2009). In
well-aerated soils, NO is produced via nitrification and it is the most
emitted gaseous form N from the soil (Russow et al., 2000), while N, and
N2O are the main forms of gases N produced in wet soils (Davidson et al.,
2000). In agreement with our findings, Schaufler et al. (2010) reported
that increasing wetness decrease nitric oxide emissions steadily and the
optimum moisture level for NO ranged between 20 and 40% WFPS, with
the most increased emissions occurring at 20% WEFPS. Also, Del Prado
et al. (2006) found that the maximum NO emissions have been recorded
below 60% WFPS. In addition, Schindlbacher et al. (2004) found that
the optimal moisture for NO emission ranged between 15 and 65%
WEPS.

Higher fluxes of NO-N and NOx-N in the residue removal treatment
compared to Rjgp and Rsg could be attributed to the presence of plant
residue in R1g and Rsg, which increases moisture content and intensifies
microbial activity and thus oxygen consumption, which consequently
leads to the creation of small anaerobic conditions (Baggs et al., 2006;
Taghizadeh-Toosi et al., 2021) that accelerate the conversion of NO to
N,0 and Nj. On the other hand, crop residues affect the dynamics and
availability of nitrogen in the soil and the processes of nitrification and
denitrification (Schmatz et al., 2020). It is possible that the high C/N
ratio of plant residues in Rjgp and Rsg causes nitrogen immobilization
and limits the available nitrogen as an essential factor in NO production.
It has been reported that the availability of N is the most important
factor for NO emission in the soil (Pilegaard, 2013). In this context, the
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Fig. 3. Model efficacy of CO, (A), NO-N (B), and NOx-N (C) predictions by temperature levels (Temp = temperature, °C; GLM: General Linear Model, RFR: Random
Forest Regression, MARS: Multiple Adaptive Regression Splines; RMS error: root mean squared error, —: standard deviation of the test data).

C/N ratio is the most important and perhaps the main factor affecting
the mineralization and immobilization of nitrogen in the soil which
determines the dominant process of nitrogen dynamic in the soil and the
decomposition of organic matter (Chen et al., 2014).

4.2. Performance of machine learning algorithm in predicting CO2, NO,
and NOx fluxes in a semiarid region

Recently, ML algorithms have been utilized to investigate compli-
cated environmental phenomena with large temporal and spatial vari-
ability (Hamrani et al., 2020; Molnar et al., 2020). In our case, RFR was
the most powerful tool in predicting trace gas fluxes, although the dif-
ference in performance was not high compared to GLM and MARS.
Previously, Hamrani et al. (2020) reported that classical regression
models including the RFR have a satisfactory performance in predicting
carbon fluxes, with failure in predicting the peak of N3O fluxes. Simi-
larly, Abbasi et al. (2021) concluded that RFR is a good technique for
predicting CO5 fluxes from the soil regardless of fertilizer level.
Furthermore, the RFR algorithm was highlighted as a good tool for the
prediction of CO4 (Shiri et al., 2021) and N»O fluxes (Saha et al., 2021).

RFR’s better performance in predicting GHGs fluxes could be
explained by the flexible structure of this algorithm without assump-
tions on distribution, linearity, or homoscedasticity. The RFR algorithm
uses decision trees growing on randomly partitioned subsets with the
aim to find the best combination of factors (Abbasi et al., 2021).
Compared with the other algorithms (GLM, MARS), the RFR serves as a

versatile model that can handle complex interactions and nonlinear
relationships among input variables (Abbasi et al., 2021). The ranges of
the applied 50 models RFR indicated good reliability (the narrower the
interquartile range the more reliable the model, Varga et al., 2021):
difference of upper and lower quartile of R%s were 0.08 for CO, 0.13 for
NO, and 0.07 for NOx predictions whereas in case of GLM ranges were
0.02-0.04 larger, and the minimums were also worse with 0.04-0,09
units. However, reliability can be increased with a longer period of
measurements and involving more sites, which is a task for the future.

5. Conclusions

In this research, we measured the emissions of CO,, NO, and NOx
fluxes from undisturbed soil, obtained from the semiarid region, by
using a laboratory incubation technique. Soil samples were obtained
from agricultural soils under the application of three different residue
rates (100, 50, and 0%) in CT and NT systems. Measurements were
conducted under varying conditions of temperature (10, 15, and 20 °C),
and soil moisture (30 and 90% WEPS). In the later stage, the observed
emissions were used to assess the accuracy of three ML in the prediction
of COy, NO, and NOy fluxes. The output of this research can be sum-
marized as follow. CO5, NO, and NOy fluxes from cultivated lands were
significantly affected by temperature, soil moisture, and residue rate.
Interestingly, the interaction between temperature and soil moisture
had a significant impact on CO; emissions. However, CO5 emission
decreased with the increasing soil moisture. In CT and NT systems, the
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Fig. 4. Model efficacy of CO, (A), NO-N (B), and NOx-N (C) predictions by residue rates (GLM: General Linear Model, RFR: Random Forest Regression, MARS:
Multiple Adaptive Regression Splines; RMS error: root mean squared error, —: standard deviation of the test data).

NO and NOx emission increased with decreasing rate of residues, the
highest NO emission (53.5 pg m~2 h™! for CT and 25.5 pg m 2 h™! for
NT), and NOx emission (56 pug m 2h~! for CT and 27 ug m 2h~ ! for NT)
were observed from the residue removal treatment (0%). Among the
three tested ML algorithms (RFR, GLM, MARS), the RFR was the most
powerful tool in Predicting CO3, NO, and NOy fluxes. Regarding the
NO-N prediction, MARS had the largest relative error. However, the
RFR’s performance was the best at 10 °C. GLM and MARS performed
better than RFR at 15 and 20 °C, but the overall performance was worse
compared to RFR. The RFR algorithm proved to be a powerful tool in
predicting CO, emission based on residue rates, compared with MARS
and GLM.
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