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ARTICLE INFO ABSTRACT

Handling Editor - J.E. Fernandez Sodium hazard poses a critical threat to agricultural production globally and regionally which has been previ-
ously predicted from ground or surface water. Monitoring rainwater quality in this context is ignored but
essential for agricultural water management in central Europe. Our study focused to predict sodium adsorption
ratio (SAR) from 1985 to 2021 from ten ionic species of rainwater (pH, EC, CI’, S032, NO3, NH7, Na*, K*, Mg?*,
Ca®") employing four machine learning (random forest (RF), gaussian process regression (GU), random subspace
(RSS), and artificial neural network-multilayer perceptron (ANN-MLP)) methods at three stations K-puszta (KP),
Farkasfa (FAK), and Nyirjes (NYR) of Hungary, central Europe. Exploratory data analysis was performed using
the Mann-Kendall test, Pearson correlation, and principal component analysis (PCA). Rainwater composition
revealed the highest percentage of SOz2 ions i.e., 21 to 31%, followed by 10 to 15% of Na* ions. Mann-Kendall
test revealed a significant (p < 0.05) increasing trend of Na* ions and SAR portraying it a serious hazard limiting
agricultural production. Machine learning results from 10 model runs of all algorithms for SAR prediction at KP
station proved the efficacy of ANN-MLP as superior with RMSE range of 0.02 to 0.05, followed by RF with RMSE
of 0.14 to 0.19 in scenario 2 (SC-2) (Na*, Mg?*, Ca®"). Validation of the best-selected algorithm (ANN-MLP) and
scenario (SC-2) also predicted the SAR with a low RMSE of 0.08 and 0.05 at both FAK and NYR stations,
respectively. Hence, the efficiency of ANN-MLP in forecasting SAR from rainwater proves it to be a meticulous
tool for enhancing agricultural water management practices in Central Europe and enhancing resource efficiency
and crop production in the future.
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1. Introduction

Rainfall is a significant sinker of various atmospheric matters, and its
chemistry reflects the microphysical properties of the atmosphere such
as atmospheric pollutants and aerosol deposition (Ge et al., 2021; Ker-
esztesi et al., 2020a). Several factors of climate change including GHGs
emissions due to anthropogenic activities like land cover/land use
changes, urbanization, fossil fuels burning, mining, and industrial pro-
cesses release large amounts of air pollutants such as SOx, NOx, etc. into
the atmosphere (Redington et al., 2009; Zeng et al., 2022). Rainfall
scavenges the soluble atmospheric components, acts as a collector, and

transports of these pollutants back towards the earth’s surface (Das
et al., 2005; Lii et al., 2017). Therefore, ionic chemistry of rainwater is
linked to several terrestrial, atmospheric, and sea salt source (Xu et al.,
2015).

Low pH acidic rains with high S032 and NO3 are reported in the
Americas, Europe (Al-Momani et al., 1995; Alastuey et al., 1999), and
parts of China (Facchini Cerqueira et al., 2014; Hontoria et al., 2003;
Rodhe et al., 2002; Zeng et al., 2022; Zhou et al., 2019) transferring the
pollutants load from atmosphere to terrestrial ecosystems.

The first global assessment of rainwater chemistry released by the
World meteorological organization concluded that sulfate and nitrate
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emissions were prominent acidic wet and dry depositions in North
America and Europe which significantly declined in the early 1990s
(Whelpdale et al., 1997). Other than SO4 2and NOgs, rainwater chemistry
also constitutes alkaline metallic elements namely, Na*, Mg?", and Ca*
linked with sea salt, crustal dust, and other natural and anthropogenic
sources (Vet et al., 2014). For instance, Keresztesi et al. (2019) reported
that in Europe the average (2000 - 2017) pH of rainwater was 4.80
associated with a high concentration of sulfates, and chloride and
moderate concentration of neutral cations i.e., magnesium, calcium, and
sodium, the significant ingredients of sodium absorption ratio (SAR).
Numerous other water quality indicators such as permeability index
(PD), percent sodium (%Na), Kelly ratio (KR) (Kushwaha et al., 2023),
and MgZJr / Cat (Yuan et al., 2023) are also being used to assess the
agricultural water quality. SAR is not only particular to address sodium
hazard but also considerate the ratio of Ca*>" and Mg?" ions making it
the most significant indicator in agriculture management (Docheshmeh
Gorgij et al., 2023; Sattari et al., 2020).

Overall, agricultural practices in central and northern Europe are
supplemented by irrigation to optimize crop production specially in dry
summers and water scarce months (Wriedt et al., 2009). However,
rainwater interaction with irrigation enhances the vulnerability of
sodicity hazard which plays a vital role in agricultural water manage-
ment (Suarez et al., 2008). Soil rich in sodium disperses the clay parti-
cles and clog soil pores, reducing its permeability. Hence the altered soil
structure lowers the hydraulic conductivity impeding the water move-
ment through soil profile (Gautam et al., 2023).

Consequently, high SAR values reduce hydraulic conductivity, clay
dispersion, soil crusting, aggregate stability, and irrigation effectiveness
(Gharaibeh et al., 2021; Klopp and Daigh, 2020). Ultimately, SAR
affected soil leads to poor crop performance and yield reduction (Minhas
et al., 2019). Sodicity is a worldwide hazard in varied climatic condi-
tions (Mohanavelu et al.,, 2021). For instance, Daliakopoulos et al.
(2016) provided a review of salinity and sodicity in Europe and reported
3.5 - 5 million ha irrigation-induced soil degradation due to sodium
hazard. (Suarez et al., 2006). Another study by Cankaya et al. (2023)
also reported the reduced soil infiltration due to SAR hazard in irriga-
tion. In the similar context, Birkas and Dekemati (2023) also highlighted
the soil degradation as a hindering factor of crop production in a longer
run. Another recent study by Koseoglu-Imer et al. (2023) also empha-
sized the importance of examining recent agricultural water challenges
and creative technical solutions from future perspective in EU countries.
Hence, in the assessment of agricultural water quality, the inclusion of
rain hazards is quite essential especially when rain events occur
throughout the crop season. For the purpose, statistical methods are
variously adopted in ground, river, and rainwater quality research
specifically for experimental data obtained from the field observations
(Li et al., 2023). Statistical modeling includes meticulous analytical
techniques like classical regressions, factor analysis, or hypothesis
testing and validations which are complex and require substantial field
observations (Khan et al., 2022). Further, such kind of modeling deals
with linearly distributed data and is unable to detect the non-linear
predictors of water quality indicators (Najah Ahmed et al., 2019). The
adoption of artificial intelligence Al-based methods provides an effective
alternate approach to dealing with several non-linear and complex re-
lationships (Najah Ahmed et al., 2019). Studies have implemented
several machine learning techniques like M5P, bagging, random forest
(RF), multiple linear regression (MLR), support vector regression (SVR)
(Nong et al., 2023; Nouraki et al., 2021; Sepahvand et al., 2021), arti-
ficial neural network (ANN) (Rahnama et al., 2020) for predicting SAR
and other water quality indicators in multi environmental conditions.
For instance, Mustafa et al. (2021) reviewed several ANN algorithms
including feed-forward backpropagation (FFBP), radial basis function
(RBF), cascade forward back propagation (CFBP), ensemble ANN, etc. to
be useful for monitoring and predicting water quality indicators. In
other hydrological applications, Lu and Ma (2020) used RF and extreme
gradient boosting (XGBoost) to predict the polluted river water quality
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in the USA. Another study by Wagh et al. (2016) predicted groundwater
quality from 13 physiochemical parameters using ANN methods for
irrigation purposes. El Bilali et al. (2021) founded RF and Adaboost ML
models to be more effective over support vector machine (SVM), and
ANN of six irrigation water quality indicators including SAR.

A review of recent studies for predicting water quality indicators for
irrigation water management presented in Table 1 shows utilization of
robust ML algorithms and resulted high accuracy by ANN. Moreover,
previous research also implies that most of the recent studies have been
conducted on ground or surface water sample observations in devel-
oping countries. No recent research is found predicting water quality
indicators like SAR from rainwater chemicals specifically in central
Europe. In this context, our study aims to predict the SAR from 10 rain
water quality parameters namely, pH, EC, CI', SO3 2, NO3, NH, Na™, K™,
Mg?*, Ca®* at three selected stations in Hungary, central Europe.

Our study effectively employed four ML algorithms namely random
forest (RF), Gaussian regression (GR), random subset (RS), and multi-
layer perceptron (ANN-MLP) to find the best ML algorithm and pre-
dictors for agricultural water management.

2. Material and method
2.1. Study area

The study area for current research is located in central Europe be-
tween latitudes 45° 55N - 48° 60N and longitudes 16° 10E - 22° 50E,
called Hungary. The country is dominated by lowlands i.e., the great
Hungarian Plain in the east and hilly Carpathian range in the north
(Harsanyi et al., 2023). Central Danube River is dividing the eastern
Hungarian plains from the Transdanubian hills in the west. Hydro-
graphically, the Danube and Tisza are recognized drainage basins of the
country (Pinke et al., 2020). The old 40 years meteorological record of
the country reveals the mean annual temperature of the country to be 11
—12°C and 600 mm mean annual precipitation (Kern et al., 2018). The
major land cover/ land use of the country includes forests in the
northern and western parts, scattered shrubs, and grasslands along the
hilly areas, and cultivated cropland area in the plains with wheat, maize,
sunflower, and rapeseed as main cereal crops (Harsanyi et al., 2023;
Kern et al., 2018). Agriculture of the country is mainly dependent upon
rainfall supplemented by irrigation in rain-scarce months of the year
(Bussay et al., 2015; Pinke et al., 2020). The three selected stations for
the current study include K-puszta (KP) (46° 58’ N, 19° 33’ E, altitude,
127 m), Farkasfa (FAK) (46° 54’ N, 16° 18’ E, altitude, 312 m), and
Nyirjes (NYR) (47° 52' N, 19° 57’ E, altitude, 702 m) (Fig. 1). The KP
station belong to the flat and plain lowlands with agriculture as a
dominant land use whereas FAK and NYR belongs to western and
northern highlands. The topography and land cover characteristics of
the three stations represent the varied agroclimatic and regional envi-
ronmental conditions (Fig. 1). Furthermore, the selected stations pro-
vide a rich, diversified, and reliable historical achieve of rainwater ionic
composition from Hungarian Central Statistical Office (ksh.hu). Hence,
it makes these stations good representatives at a regional level to
robustly analyze and predict the SAR from rainwater ions using machine
learning algorithms.

2.2. Data used (predictors and response variables)

Available annual rainwater characteristics for 10 parameters were
collected online from the Hungarian Central Statistical Office (https://
www.ksh.hu/stadat_files/kor/en/kor0055.html) for the three stations;
KP (1985-2021), FAK (1997-2021), and NYR (1997-2021) across
Hungary. The rainfall parameters (explanatory variables or predictors)
used to forecast the response variable i.e., sodium hazard (SAR) in-
cludes: pH, EC (uS/cm), CI" (mg/1), SOz 2(mg/1), NO3 (mg/1), NH1 (mng/
1), Na® (mg/1), K" (mg/1), Mg+2 (mg/1), and Cat? (mg/1).
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Table 1
A review of recent studies for irrigation water quality prediction using ML methods.
WQ indicator Water source Objective Predictors Region ML-method Outcome Reference
SAR, ESP, %Na, Surface water Assessment of EC, pH, CO32, Morocco MLR, ANN, SVR, Except SVRm and kNN all (El Bilali and
RSC, PL KR, irrigation water quality HCO3%, CI', NO3, kNN, DT SGD, performed well & AdaBoost Taleb, 2020)
MAR, NHZ, K", Na*, AdaBoost outperformed
cat? Mg+2
SAR River surface Predict SAR from 15 Na*, EC, 032, Turkey SVR, KNN, RF, SVR with poly kernel (Sattari et al.,
WQ params for TDS, Ca*?, CI', Random tree, provided the best SAR 2020)
agriculture monitoring hardness, Mg*, Hoeffiding tree, estimation
Co3?, REPTree,
HCO3%, T, PRCP,
pH, B
TDS, potential Groundwater Predicting water T, pH, EC Tunisia RF, SVR, ANN, AdaBoost followed by RF (Trabelsi and Bel
salinity (PS), quality for irrigation AdaBoost performed better for all WQ Hadj Ali, 2022)
SAR, MAR, indicators
ESP
SAR, %Na, RSC, Groundwater Assessment of K*, Na*, Ca™?, India LSTM, MLR, ANN, ANN performed better in (Kouadri et al.,
Mg hazard, PI, irrigation water quality ~ Mg*2, CO32, two scenarios 2022)
KR, HCO3'!
SAR, %NA, KR, Groundwater Assessment of sodium K*, Na*, Ca*?, India ANN ANN performed as better (Gautam et al.,
RSC hazards in irrigation Mg*?, CO32, suited for all WQ indicators 2023)
water quality HCO3!
WQI, SAR, PI, Groundwater Assessment of pH, EC, K, Na™, India Bagging, RF, ANN and M5P outperformed (Kushwabha et al.,
KR, %Na, groundwater quality Ca*?, Mg2+, C032, REPTree, RSS, M5P, others in predicting WQ 2023)
for irrigation HCO3?, S032, CI, AdR, ANN, indicators
SAR, PI, SSP, PS, Both surface & Assessment of EC, pH, Nigeria ANN-MLP, MLR, ANN-MLP performed better (Omeka, 2023)
KR, MAR, groundwater irrigation water quality ~ HCO3! CI', NO3,
Ca%t, Mg*, Na™,
K,
SAR Groundwater Monitoring irrigation EC, K", Na™, Ca™, Iran LSTM SAR for 2020 is forecasted (Docheshmeh
water quality Mg?t, from SAR input from 2002- Gorgij et al.,
€032, HCO3 ' CI, 2019 in the LSTM model 2023)
5042

2.3. Calculation of sodium adsorption ratio (SAR)

Several indicators of water quality assessment are used for irrigation
purposes including TDS, SAR, MAR, KR, %Na, PS, WQI, etc. (Alsubih
et al., 2022; Mokhtar et al., 2022; Wagh et al., 2016). Currently, we aim
to predict and forecast the sodium hazard in rainwater which is better
described as “Sodium adsorption ratio (SAR)” from the perspective of
agricultural water monitoring. It is calculated by:

.
SAR — Do &)

Mg* +Cca?
2

Sodium hazard directly relates to the salinity and sodicity in the soil
and agricultural water with a SAR value greater than 10 reduces hy-
draulic conductivity affecting the permeability of the soil and is not
recommended for plant growth keeping in count the Gypsum in the soil
(Zaman et al., 2018).

2.4. Exploratory analysis (Man-Whitney, Man-Kendall trend, Pearson
Correlation, Principal Component Analysis)

Before ML application for SAR prediction, all rainwater ionic species
(predictors) and SAR (response variable) are explored to find the trend
and interrelationship. First, the descriptive statistics (minimum,
maximum, mean, standard deviation, skewness, Kurtosis) of all pre-
dictors and response variables were carried out. Then, the non-
parametric Mann-Whitney U test is applied to examine the statistical
difference in the distribution and median of independent groups (rain-
water ions at three independent stations) with non-normal distribution
(MacFarland and Yates, 2016).

Moreover, a monotonic trend of all variables for three stations is
identified by employing Mann-Kendall (MK) trend analysis (Mann,
1945) and Sen’s slope (SS) estimator (Sen, 1968). The MK is a
non-parametric trend test that is widely used to identify the significance
of trends for several hydro-meteorological variables (Giiclii, 2020). The

output of MK test Kendall value (Tau) at 95 to 99% level of significance
(*P < 0.05, **P < 0.01) for rejecting the null hypothesis (HO) stating no
significant trend in time series in the opponent of alternate hypothesis
(H1) stating a significant trend exists in time series (Kendall, 1948). It is
presented by:

n—1 n
S = Z Z singn(x; — x) 2
= o

Afterward, the slope of the trend is identified by Sen’s slope esti-
mator with negative slope values revealing decreasing and positive slope
values revealing an increasing trend of time series presented as

3

- Xj — Xk
q; = ﬁ

Further to identify the breakpoints in the test, another parametric
Buishand range (BR) test is applied to the time series of all variables
(Buishand, 1982). Rejecting the null hypothesis, it assumes that a
step-wise change or break in the mean is present in the time series with
the value K (the year or month) as trend changing point (Costa and
Soares, 2009). Significant shift R in time series is computed from the
normalization of rescaling adjusted partial sums (Sx) (Costa and Soares,
2009).

Furthermore, Pearson correlation is a widely applied method to
explore the significant (*P < 0.05, **P < 0.01) negative and positive
linear relationship between all ionic species of rainwater and SAR pre-
sented in Eq. 4 (Keresztesi et al., 2020b; Nasiruddin Khan and Sarwar,
2014; Vlastos et al., 2019).

e > (% 7"7)()’1' -¥)
V0 -2 ;-5

Another significantly applied multivariate statistical technique to
examine the qualitative relationships between rainwater ionic species is
Principal Component Analysis (PCA) (Cao et al., 2009). PCA is an un-
supervised dimensionality reduction technique which simplifies the

C)
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Fig. 1. a) Location of the study area (Hungary) in central Europe b) Land cover/land use of Hungary acquired from MODIS/061/MCD12Q1c) Elevation of Hungary

in meters acquired from USGS/SRTMGL1_003.

complex datasets identifying important variations and patterns within
the data (Kouadri et al., 2022). Currently, varimax rotation method is
adopted to identify the loading factors in two major Principal compo-
nents explaining the maximum variability of rainwater chemicals pre-
sented in loading biplot.

2.5. Machine learning models

2.5.1. Random subspace (RSS)

The random subspace is a decision tree-based and ensemble machine
learning method which works on the principle of a random subset of
feature selection in a high-dimensional feature space (Lai et al., 2006;
Tin Kam, 1998). RSS is a common random selection approach well
adopted in small training samples and the data is highly dimensional.
Hence, it enhances or improves the performance capability of “weak
classifiers” (Saha et al., 2023). Introducing randomness in feature se-
lection helps to achieve good accuracy at the training stage with further
improvement as it grows complex. The algorithm consists of systemat-
ically constructing multiple trees by pseudorandom selection of subsets
in feature space (Skurichina and Duin, 2002). The details of currently
adopted parameters of random subspace are presented in Table 2.

Table 2

Parameters selection for adopted machine learning models.

Algorithm

Parameters

Random subspace (RSS)

Random Forest (RF)

Gaussian process regression
(GPR)

Artificial Neural Network-Multi-
layer Perceptron (ANN-MLP)

weka.classifiers.meta. Random SubSpace,
classifier: REPTree, iterations = 10 subspace size
= 0.5, seed = 5,10,15,....45.
weka.classifiers.trees.RandomForest, ntrees I

= 100, batch-size = 100, computevarimp

= TRUE, max tree depth = 0, variance V

= 0.001, seed S = 5,10,15...45,
weka.classifiers.functions.GaussianProcesses,
batch size = 100, kernel = polynomial, do not
check capabilities = FALSE, seed S = 5, 10, 15,

Batch size = 100, Learning rate L = 0.3,
momentum M = 0.2, Activation function

= sigmoid, hidden layers = a, Num of epochs to
train = 500, Regularization = weight decay,
seed S = 5,10, 15,...45.
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2.5.2. Random forest (RF)

The random forest is another supervised and non-parametric
ensemble ML tree-based model based on several decision trees. Indi-
vidual trees are built from bootstrap subsample selection of training data
where each subsample develops a decision tree to give a prediction of
the response variable (Breiman, 1996, 2001). Finally, the ensemble or
average of all decision trees is computed to take one final prediction
(Strobl et al., 2008). Random forest is widely applied in water quality
prediction research (Alnahit et al., 2022; Avila et al., 2018; Chen et al.,
2020). The detailed parameters of the applied RF model in our research
are presented in Table 2.

2.5.3. Gaussian process regression (GU)

The gaussian process regression (GU) belongs to the Bayesian non-
linear, non-parametric ML algorithm for high-dimensional space prob-
lems and is based on Gaussian probability distribution (Meng et al.,
2021). It is a kind of supervised or semi-supervised learning method to
solve various probabilistic classification or regression problems (Liu
etal., 2021; Wang et al., 2021). The Gaussian process capability to deal
with noise and missing data with small-sample problems makes it a good
choice for other supervised ML methods. GPR in varied hydrological
research proves its applicability to achieve more accurate predictions in
complex environments (Liu et al., 2022; Shadrin et al., 2021; Wan et al.,
2022; Zare Farjoudi and Alizadeh, 2021). The detailed parameter se-
lection adopted for GPR in our research is presented in Table 2.

2.5.4. Artificial neural network multi-layer perceptron (ANN-MLP)

Feedforward multilayer perceptron (MLP) is a well-established arti-
ficial neural network (ANN) architecture based on a backpropagation
(BP) algorithm to solve non-linear variable relationships (Lek et al.,
1996). The basic architecture of MLP is described by three layers: an
input layer, one or more hidden and an output layer which is inter-
connected by weighted nodes or neurons. The BP algorithm adjusts the
weights between neurons to minimize the output predicted error. In this
case, only one hidden layer is used, and nodes are all sigmoid as it
provides satisfactory results. Overall, neurons in hidden layers are
user-defined to achieve accuracy in results while the output layer con-
sists of only one neuron corresponding to the predicted value (Hornik
et al., 1989). The weighted sum of input Net; is computed from W;;, the
weight between ith and jth neuron, the output is created using sigmoid
function (Najah et al., 2013).

l
Netj = " W;;+6; 4)
i=1
The detailed parameters of the currently applied MLP algorithm are
provided in Table 2.

2.6. Machine learning methodology

Currently, SAR is predicted from ten rainwater ionic species in two
developed scenarios (Table 3). To implement the ML algorithms at three
stations, KP is chosen as a standard station to implement the four
selected ML algorithms for predicting SAR in two scenarios i.e., SC-1,

Table 3
Applied Scenarios with input attributes in ML algorithms.

sC ML algorithms Input attributes output

SC-1 . ANN-MLP PpH, EC, CI', SO72, NO3, SAR
RF NHj, Na™, K*, Mg?*, Ca%*

RSS

GU

. ANN-MLP
RF

RSS

GU

SC-2 Na*, Mg?*, Ca®* SAR

NI
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and SC-2. The whole dataset of KP station is randomly split into 70%
training and 30% testing. Also, the k (10)-fold was used for cross-
validation (CV) approach. To achieve a higher accuracy, each ML
model was run 10 times using a seed selection approach from S =1, 5,
10, 10, 15 .... 45 for each scenario at the training, testing, and CV stage
getting in total 120 model outputs. On each run, all ML models were
evaluated based on root mean squared error (RMSE) and mean absolute
error (MAE). Further, to select the best model performance (SC and ML-
algorithm), the RMSE and MAE are analyzed, and the models with the
lowest RMSE from all algorithms and scenarios were chosen as the best
and most effective in predicting SAR. To verify the performance of the
selected ML- algorithm/ SC with seed value is further implemented to
predict SAR on the remaining two (FAK, and NYR) stations. The whole
ML methods were implemented in the WEKA environment already
proven in various data mining and ML research (Calasan et al., 2020;
Elbeltagi et al., 2023; Harsanyi et al., 2023; Yadav et al., 2014).

2.7. Performance evaluation

The performance of ML algorithms is evaluated by employing root
mean square error (RMSE) and mean absolute error (MAE), which are
used in various ML studies (Ahaninjan and Egdernezhad, 2020; Alnahit
et al., 2022; Barzegar et al., 2020). Currently, the RMSE refers to the
square root of the average of squared distances between actual and
predicted SAR values. MAE computes the error difference between
predicted and actual values.

2

1 n e
RMSE = \/ . > (SARu — SAR ) 5)
1w
MAE = NZ:‘:I [SARpy — SAR | ©6)
3. Results

3.1. Exploratory data analysis of rainfall characteristics at three stations
(Descriptive statistics and trend analysis)

The difference between the minimum and maximum value of rain-
water ions reveals a good range specifically in EC, SO 2, NHZ, Na™,
Ca’*, and SAR. The skewness ranges from —0.7 to 1.5 at KP, —0.9 to
3.69 at FAK, and —1 to +1 at NYR. Similarly, kurtosis range from —1.6 to
2.6 at KP, —1 to 14.9 at FAK, and —0.6 to 1.29 at NYR station,
demonstrating a non-normal data distribution of ionic rainwater species
(Table 4). The further exploration of the data employing the Mann-
Whitney U test demonstrates a significant statistical difference in the
median for pH, CI', NHJ, Na®, K" and Ca®"(Fig. 2). Moreover, the
average composition of rainwater ions for the time series of all stations
(Fig. 2) exhibit SO4 2 with the highest 31.6%, 21.6%, and 29.1% at three
(KP, FAK, and NYR) stations followed by NO3 as 22.6%, 20.9%, and
22.8% respectively. Cl” is another important anion with the highest
24.2% at FAK, 12.2% at NYR, and 10.1% at KP station. The third
abundant component is Na* ions with 10.4% at KP, 13.8% at FAK, and
14.6% at NYR station. Other than these, K*, and Mg?" are the least
abundantly found cations in the long-term rainwater composition at
three stations (Fig. 2). The sequence of ionic species for the three sta-
tions follows as SOz2 > NO3 > Ca®* > Nat > CI' > NH{ > K > Mg?*
(KP), CI' > SO32 > NO3 > Na* > Ca?" > NH} > K > Mg?" (FAK), and
S032 > NO3 > Na® > CI' > Ca®" > NH{ > K" > Mg?" (NYR).

Monotonic trend analysis through Mann-Kendall and Sen’s slope test
applied to all ionic elements of rainfall at selected stations provided
meaningful results (Table 5). pH of rainwater at KP station showed a
highly significant (P < 0.001) increasing trend with tau = 0.4 and SS
= 0.02 over the time of 37 years (1985-2021). Contrary, the remaining
two stations FAK and NYR showed a decreasing trend with negative
Kendall and SS values. EC of rainwater revealed a significant
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Table 4
Descriptive statistics of rainwater ions and SAR.
Station Stats/var pH EC cr 50472 NO3 NH{ Na® K" Mg** Ca%t SAR
KP Min 4.6 14.1 0.42 1.17 1.12 0.31 0.28 0.09 0.07 0.30 0.22
Max 6.06 33.2 1.37 7.55 2.90 1.29 1.53 0.61 0.60 3.22 2.58
Mean 5.5 22.1 0.92 2.89 2.07 0.75 0.94 0.23 0.22 1.10 1.27
Std.Dev 0.45 5.69 0.22 1.43 0.49 0.22 0.34 0.10 0.12 0.69 0.67
Skewness -0.7 0.48 -0.07 1.27 -0.3 0.22 -0.1 1.4 0.86 1.5 0.08
Kurtosis -0.87 -1.04 -0.51 1.81 -0.78 -0.22 -1.25 2.66 0.45 211 -1.60
FAK Min 5.11 14.18 0.62 1.22 1.28 0.41 0.49 0.15 0.09 0.42 0.55
Max 6.21 44.76 19.2 4.20 3.67 1.78 2.27 0.90 2.27 1.42 3.32
Mean 5.81 22.2 2.47 2.20 2.13 0.62 1.40 0.31 0.31 0.73 1.98
Std.Dev 0.23 8.02 4.16 0.71 0.63 0.30 0.40 0.18 0.47 0.28 0.80
Skewness -0.9 1.86 3.6 0.91 0.85 2.92 -0.51 1.86 3.69 1.12 -0.4
Kurtosis 2.7 3.3 13.7 1.4 0.2 9.6 1.0 3.6 14.9 0.7 -1.1
NYR Min 5.05 14.5 0.4 1.34 1.11 0.34 0.43 0.14 0.08 0.11 0.49
Max 5.9 26.1 1.49 4.10 2.80 0.82 1.74 0.37 0.49 1.72 3.29
Mean 5.6 19.4 1.0 2.3 1.87 0.52 1.19 0.24 0.20 0.77 1.6
Std.Dev 0.22 3.10 0.27 0.66 0.41 0.12 0.36 0.06 0.10 0.37 0.67
Skewness -1.1 0.45 0.05 0.61 0.48 0.28 -0.96 0.58 1.06 1 -0.12
Kurtosis 0.86 -0.37 -0.38 0.37 0.18 -0.53 -0.06 -0.64 0.90 1.29 0.05
a ) 0, C
12% b) 7.2% ) 9.4%
2.5%
2.5% 3.1%
2.9%
2.5%
13.8%
0,
10.4% 14.6%
31.6%
29.1%
6.1%
8.2%
6.4%
20.9%
22.6% 22.8%
I C-, I SO4>-, M NO3-, Il NH.', I N+, N K+, Mg++, Il Cat++
Fig. 2. average composition (%) of rainwater ions during the study period at three stations a) KP b) FAK c) NYR.
Table 5
Man-Kendall trend and Sen’s slope estimator and Buishand range test for all ionic species at three stations.
Stations K-puszta (KP) Farkasfa (FAK) Nyirjes (NYR)
wQ / Tau Sen’s BR Tau Sen’s BR Tau Sen’s BR
Trend Slope SS Slope SS Slope SS
pH 0.41%** 0.02 1995 -0.01 -0.002 1997 -0.3* -0.01 2008
EC -0.63%** -0.41 2003 -0.72%** -0.67 2008 -0.46%** -0.26 2009
cr 0.23* 0.008 1996 0.03 0.002 2010 0.37** 0.02 2006
5052 -0.56%** -0.08 2003 -0.65%** -0.08 2006 -0.48%** -0.05 2004
NO3 -0.58%** -0.03 2009 -0.54%** -0.06 2006 -0.13 -0.01 2009
NHj -0.42%* -0.01 2000 -0.33* -0.01 2003 0.08 0.002 2002
Na* 0.50%** 0.02 2001 0.10 0.007 2002 0.29* 0.02 2002
K* -0.55%** -0.006 1996 -0.47** -0.01 2006 0.12 0.001 2003
Mngr -0.63%** -0.007 2004 -0.67%** -0.01 2003 -0.67%** -0.009 2010
Ca* -0.67%** -0.03 2003 -0.58%** -0.02 2003 -0.58%** -0.02 2008
SAR 0.74%** 0.05 2002 0.46** 0.08 2003 0.67%** 0.07 2005
**P < 0.001
**P < 0.01
*P < 0.05,
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(p < 0.001) decreasing trend with a tau range from 0.4 to 0.7 and SS
= (—0.26) — (—0.67) at NYR, KP, and FAK stations.

The other anions i.e., SO;2 and NOj also revealed a significant
(p < 0.001) decreasing trend with SS = —0.05 to —0.08, —0.01 to
—0.06. The three important cations relating to sodium hazard namely
K+, Mg?*, and Ca?" also revealed a significant (P < 0.001, p < 0.01)
decreasing trend at three stations with negative Sen’s slope. The Na™*
and SAR revealed a significant (p < 0.05) increasing trend at three
stations with a positive SS range from 0.02 to 0.07. Trend prediction of
all rainwater ions at three stations is also supported by Fig. 3 clearly
showing an average increasing trend of pH and Na*, decreasing trend of
EC, SO32,NO3, K, Mg2+’ and Ca®" and no significant trend for CI” ions.
The year 2010 identified exceptionally high concentration of Cl ions.

Furthermore, the Buishand range (BR) trend-changing detection test
identified the breaking points in the trend as the K value equivalates to
the specific year in the time series (Table 5 and Fig. 3). For example, the
year 1995 is found to be trend-breaking for the rainwater pH at KP
station which means higher pH after 1995 caused an increasing trend
over here. It is also evidently visible in Fig. 3 revealing a sharp rise of pH
after the year 1995. For sodium hazard i.e., Na* years 2001 and 2002
are identified as significant (p < 0.001) trend-increasing breakpoints at
three stations also evident from Fig. 3 and 2002, 2003, and 2005 are
significantly (p < 0.001) trend-increasing breakpoints of SAR in indi-
vidual time series (Table 5 and Fig. 3).
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3.2. Temporal Evolution of SAR as an indicator of water quality across
three stations

Currently, SAR is computed as a significant parameter of water
quality for agricultural monitoring in Hungary. A large proportion of
agricultural water in Hungary is dependent on rainfall, therefore
assessment and prediction of SAR regarding other ionic species is quite
essential. The temporal progression of SAR at a seven-point scale over
the historical time of 37 years (1985-2021) at KP station presented in
Fig. 4 shows no significant rise in SAR from 1985-2002 and started
increasing after 2003 till 2021. The highest SAR value of 2.5 is identified
in the year 2006 followed by 2.05 in the year 2017. Like KP station, the
other two stations also exhibited high SAR values from 2004 — 2019 with
the highest SAR value of 3.3 in the year 2008 at FAK and 3.2 in the year
2019 at NYR station (Fig. 4). Overall, the temporal evolution of SAR
from rainwater at three stations reveals to rise in the past decade which
might be attributed to an increase in anthropogenic activities.

3.3. Relationship between rainwater ions and SAR (Pearson Correlation
and Principal Component Analysis)

Pearson correlation between ionic species and SAR from rainwater at
KP station demonstrates a significant positive correlation (r=0.68,
0.81) of EC with two anions (SOZz, NO3) and r = 0.74, 0.63, 0.85, 0.87
with cations (NHZ, K*, Mg2*, Ca%™) and significant negative correlation
r=—0.5 and — 0.7 with Na™ and SAR. A group of ions SO4—22', NOs3,
NHJ, have significant positive correlation range r = 0.5 — 0.7 with K¥,
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Fig. 3. Temporal evolution of rainwater ionic species across Hungary based on the average data for the three (KP, FAK, and NYR) stations: black lines represent the
average of the three stations, gray shadow refers to the standard deviation between stations; I shaped box plot for the year 1997 in blue and 2018 in red.
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Fig. 4. Temporal evolution of SAR at the three stations (KP, FAK, and NYR) between 1985 and 2021.

Mg?*, Ca%*. Sodium ions Na™ is found to have a positive correlation
with pH (r = 0.57), CI' (r = 0.32), and SAR (r = 0.92) and a negative
correlation of Na® (r = 0.4 — 0.6) with K, Mg?*, and Ca®" is observed.
Positive correlation r = 0.5 and 0.6 of K™ with Mg?* and Ca®" and
r = 0.84 between Mg2+ and Ca?* is observed (Fig. 5). Moreover, with
few differences, similar relationships are observed between rainfall ionic
species at the remaining stations (FAK, and NYR). For example, a low
and non-significant correlation of pH is identified with EC (r = —0.22),
and SAR. However, a similar positive correlation cluster of EC with
SOz 2, NO3 and NHj (r = 0.7). Similarly, a negative correlation cluster of
S0Z2, NO3 and NHJ is reported with Na* (r = (—0.3) — (—0.6) and SAR
(r = —0.6). Furthermore, NYR station report somehow weak relation-
ships between cations and anions of rainwater chemicals, but Na™ and
SAR exhibit a significant negative correlation (r = —0.6) with SOz 2,
Mg2+ (r = —0.43, —0.6). Further, SAR is identified to have a significant
negative correlation with pH and EC (r = —0.4) (Fig. 5).

Clusters of principal components of rainwater ionic species at three
stations with confidence ellipse at 95% level of confidence presented in
Fig. 6. Overlapping ellipses with closed parameter values reveal that
there is not a high spatial statistical difference of principal components
of rainwater ions, suggesting similar composition and pattern at three
stations (Fig. 6). Moreover, the loading biplot of principal components
demonstrates that PC1 accounts for 46.9% of variance followed by
14.2% by PC2 scattered in distinct vector groups. In this context, 5032,
NHj, and Ca®" are more closely related to each other and have a
stronger positive influence on PCI while Na* and SAR, pH, and CI" are
closely related to each other and have negative loadings on PC1 and
positive loadings on PC2. The cluster demonstrates a significant corre-
lation between SAR with Na™ as also identified in Pearson Correlation.
Moreover, another group of interrelated ionic species includes K, NO3,
and EC with a stronger positive influence on PC2.

Overall, PCA analysis showed a close association between all

variables influencing the SAR in two PCs. Pearson correlation also re-
veals a good deal of significant positive or negative relationship of all
rainwater ions with SAR. Hence, based on the theoretical background
and empirical evidence of significant correlation, no predictor is
extracted or removed in ML input through any feature selection method.
All variables are employed for predicting SAR in rainwater at selected
stations in two scenarios (Fig. 6). For the SC-1, a broader set of all
rainwater ions (pH, EC, CI', SO32, NO3, NHJ, Na™, Kt, Mg?*, Ca?") are
chosen to explore their potential contributions for predicting SAR fol-
lowed by specific highly significant Na*, Mg?*, and Ca" ions in the SC-
2.

3.4. Machine learning performance for SAR prediction at KP station

The performance evaluation based on RMSE and MAE of four ma-
chine learning algorithms (ANN-MLP, GU, RF, and RSS) for two sce-
narios SC-1 and SC-2 at the training and testing stage is presented in
Fig. 7. The boxplots of performance evaluation present the range of
RMSE and MAE for 10 repetitive model runs for each ML algorithm.

At the training stage of SC-1, performance evaluations of 10 model
runs for each algorithm revealed ANN-MLP with the lowest RMSE
ranges between 0.02 to 0.14 and mean RMSE = 0.05, followed by RF
with RMSE range between 0.09 to 0.11 and mean RMSE = 0.10, and GU
with a constant RMSE of 0.18 in all models runs. RSS was performed
with a wider range of RMSE between 0.17 to 0.26 with mean RMSE
= 0.16. Like RMSE, MAE also showed ANN-MLP with the lowest range
between 0.01 to 0.11 followed by RF with MAE between 0.06 to 0.07,
and RSS MAE range between 0.1 to 0.2. Overall, performance evaluation
of ML algorithms at the training stage demonstrates that change in seed
value altered the model performance of ANN and RSS. But ANN-MLP
showed the lowest RMSE and MAE in all runs (Fig. 7a). Further, SC-2
of the training stage revealed a closer RMSE range of all models runs.
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Fig. 5. Pearson correlation matrix of rainwater cations and anions for three stations a) KP b) FAK c) NYR (*P < 0.05).

For example, for the high performer ANN-MLP, the RMSE range is be-
tween 0.02 to 0.04 followed by RF with RMSE range = 0.07 to 0.09. The
lowest mean RMSE = 0.03 in SC-2 by ANN-MLP provides a clear opinion
about the better performance of SC-2 variables (Na, Ca, Mg) in pre-
dicting SAR. Overall, at the training stage ML model performance can be
sequenced as ANN-MLP > RF > GU > RSS (Fig. 7a).

At testing stage SC-1, performance evaluation of all models runs also
revealed ANN-MLP with the lowest RMSE range between 0.1 to 0.3,
followed by GU with RMSE = 0.18, RF with RMSE range = 0.15 to 0.23,
RSS with RMSE = 0.13 to 0.34. At the testing stage, the performance of
ANN-MLP is extraordinary in predicting SAR in SC-2 with a narrow
RMSE range between 0.02 to 0.05, followed by RF with RMSE = 0.14 to
0.19, RSS (RMSE = 0.14 to 0.27), GU (RMSE = 0.25). The results
revealed that at the testing stage, ANN-MLP performance is higher than
all other algorithms in SC-2 with the lowest RMSE = 0.02 at seed S = 10
(3rd model run). Overall, at the testing stage ML model performance is
sequenced as ANN-MLP > GU > RF > RSS (SC-1) and ANN-MLP > RF
> RSS > GU (SC-2). Hence ANN-MLP is proven to be the best algorithm
in SC-2 at both training and testing stages and chosen for validation of
SAR prediction at two other (FAK, and NYR) stations at a selected seed
=10 (Fig. 7b).

3.5. Validation of best ML algorithm and Scenario at FAK and NYR
stations

The selected ANN-MLP and SC-2 are validated for predicting SAR at
FAK and NYR stations. Evaluation metrics clearly show a high perfor-
mance of the algorithm with RMSE = 0.08 and 0.05 and MAE = 0.06
and 0.04 at both stations, respectively. Moreover, the high correlation
coefficient r = 0.9 reveals highly accurate forecasting of SAR with very
little over and underfitting (Fig. 8). The tylor diagram (Fig. 9) further
proves a closed correlation between actual and predicted values of SAR
validated by ANN-MLP at FAK and NYR stations.

4. Discussion
4.1. Causes and relationship of ionic species in rainwater chemistry

The chemical properties of rainwater are region or site-specific and
are mainly related to the geological or physical structure and anthro-
pogenic activities of the region (Nasiruddin Khan and Sarwar, 2014;
Singh et al.,, 2007; Vlastos et al., 2019). Several ionic species are
researched to determine the chemical properties of rainwater for agri-
cultural purposes (Wu et al., 2012). The normal pH range of rainwater
range between 5 to 5.5 and 5.6 is considered to be a threshold to
examine its acidity (Keresztesi et al., 2020a). The findings from our
study revealed that the maximum pH for the standard KP station is found
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to be 6.06 in 2017 and the minimum was 4.6 in year 1992 with a mean of
5.5 over 37 years (Table 2). Hence, a good range of pH at KP station
provides significant opinions about the presence of high and low con-
centration of several ionic species in rainwater in different years of
timescale (Fig. 2). However, several origination factors for the occur-
rence and interrelationships of ionic species are reported in the litera-
ture (Facchini Cerqueira et al., 2014; Ge et al., 2021; Zhou et al., 2019).
For example, Celle-Jeanton et al. (2009) reported that SOy 2, NOs3, and
NHJ ions in rainwater can have both marine and anthropogenic origins
like fuel combustion, traffic, or emissions from agricultural land. Simi-
larly, rainwater-neutralizing alkaline species like HCO3, Ca", Mg*, and
K" have a terrestrial origin (Keresztesi et al., 2020b; Xiao et al., 2013). A
strong positive correlation (r > 0.5) of SO4 2 with NO3 and NHZ (Fig. 5)
reveals a similar origin might be attributed to oceanic salt and anthro-
pogenic activities (Keresztesi et al., 2019; Keresztesi et al., 2020a) but
with a declining trend (Table 5) as also reported by Chang et al. (2022).
The findings of PCA in our study also provide an opinion about the high
loading of SO 2, and NHJ on PC1 (Fig. 6) might be linked to anthro-
pogenic sources supported by the findings of Cao et al. (2009). Similarly,
the positive correlation between Na™ and CI” ions (Fig. 5) in our study
can be aligned with the findings of Keresztesi et al. (2020b) might be
attributed to marine sources and sea salt spray from the Atlantic Ocean.
Further, a positive correlation between K*, Mg*, and Ca" (Fig. 5) links
the sources from the same geological structure of crustal features in the
country as explained by Li et al. (2019). Positive attribution of Mg™ with
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cat (Fig. 5) with a declining trend (Table 5) over time in rainwater is
also linked to the sedimentary deposition of limestone and dolomite in
the region (Keresztesi et al., 2019). Furthermore, the increasing trend of
Na' ions (Table 5) with a significant i.e., 10 — 14% of concentration
(Fig. 2) at selected stations of Hungary can be linked with several fac-
tors. For example, sea salt transportation from the Atlantic Ocean but
with less chance due to its landlocked position. Further, a negative
correlation of Na* with Mg™ and Ca®* (Fig. 5) provides less opinion or
evidence about the geological origin of Na™ in rainwater. Multivariate
PCA revealed a significant share of Na™ and Cl ions linked to both
marine and anthropogenic origin, explaining 61% of the variance on
PC1 and PC2 (Fig. 6) as also reported by the findings of Celle-Jeanton
et al. (2009). Several anthropogenic factors like industrial, and urban
emissions, intensive agricultural practices (fertilizers applications)
might be the possible cause of increasing Na hazard in Hungary which
needs to be researched more.

4.2. Sodium hazard (SAR) valuation for agricultural water monitoring

Water from rain contributes a significant footprint of agricultural
water in central Europe and is supplemented by irrigation in the absence
or in less rainfall months. Despite the direct contribution of rainwater to
agriculture production, irrigation also depends upon surface and
groundwater which is continuously recharged through rainwater (Bus-
say et al., 2015; Pinke et al., 2020). Hence, monitoring agricultural
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water quality is a key parameter of monitoring crop health and pro-
duction. Salinity and sodicity hazard recognized as SAR has obvious
effects on the physical properties of soil disrupting the rate of infiltration
(Suarez et al., 2006). Therefore, monitoring rainwater chemistry is
evidently reported in several agricultural regions of the world (Wu et al.,
2012; Zeng et al., 2020a; Zeng et al., 2020b). The findings from our
study aligned with the review of Mohanavelu et al. (2021) with an
obvious increasing trend of sodicity hazard with increasing SAR value
above 2 since the early years of the 2000 s at all stations (Table 5 and
Fig. 4). The high SAR values in particular years might reduce the soil
infiltration and hydraulic conductivity (Suarez et al., 2008) causing
below-average crop yield in the early years of the 2000 s (Harsanyi
et al., 2023). In other regions like the North China Plain, Wang et al.
(2023) recently reported the long-term impacts of salinity and sodicity
on wheat and maize yield. Similarly, Alsubih et al. (2022) also resulted
that high concentrations of SAR and Na% in surface water from dams
can be hazardous for irrigation purposes. Hence, predicting SAR from
multi-statistical and machine-learning approaches is crucial for sus-
tainable agriculture water management.

4.3. Machine learning application for predicting SAR from different
rainwater input scenarios

Selection of the input variables and ML algorithms is a key to derive
and explore non-linear relationships in complex environmental settings.
Several studies have adopted machine and deep learning algorithms for
predicting agricultural water quality (i.e., SAR) from several parameters
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(Neissi et al., 2020; Rahnama et al., 2020; Sattari et al., 2020; Sepahvand
et al., 2021). For instance, we predicted SAR from ten rainwater inor-
ganic ions employing four ML algorithms from the perspective of agri-
culture water management as also predicted in other studies (EI Bilali
and Taleb, 2020; El Bilali et al., 2021; Gharaibeh et al., 2021) from
ground and surface water. Although, the findings from our study
revealed that all ML algorithms including RSS, RF, GU, and ANN-MLP
performed well in predicting SAR. However, ANN-MLP followed by RF
provided the lowest RMSE range in multiple models runs of each sce-
nario (SC-1, and SC-2) (Fig. 7). Rainwater ionic dataset for our study
presented a high dimensionality with complex relationships. Ensemble
ML methods of RSS and RF are proved to be appropriate to capture and
understand such complexities and dimensionalities in the data for ac-
curate predictions. The procedure of bootstrap sampling (randomly
splitting the dataset with replacement) introduces variability in the
model with diversified subsets (Arshad et al., 2023). Each subset is
further used to train individual decision trees where the model learns the
intricate non-linear relationships between the variables for providing
accurate predictions in high dimensional hydrological applications
(Chen et al., 2020). Another study by Castrillo and Garcia (2020) also
proved the efficiency of RF algorithm for water quality prediction
attributed to its ensemble properties, mitigating the overfitting prob-
lems and demonstrating high generalization in a diversified environ-
ment. Another study by Alnahit et al. (2022) also provided a good
opinion about the random forest RF model in predicting stream water
quality from climatic and catchment-related variables. Moreover, GPR is
also proved to be an accurate prediction model inspired through
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Bayesian framework to understand and model the data uncertainties and
provide robust predictions from a probabilistic approach in water
quality research (Uddin et al., 2023; Wang et al., 2023). In comparison
with RF and other ML algorithms, ANN-MLP has been proven to perform
superior in water quality studies (Abdel-Fattah et al., 2021; Chen et al.,
2020; Ubah et al., 2021). For instance, Najah Ahmed et al. (2019) also
provided an opinion about the better performance of ANN-MLP at the
training stage for predicting water quality. A recent study by Chauhan
and Trivedi (2023) also resulted in the efficiency of ANN model for
predicting water quality index from several parameters. The architec-
ture of ANN-MLP comprises several interconnected nodes or neurons
which perform weighted computation using activation functions. The
weighted connection between the neurons and sigmoid activation helps
the model to learn and solve complex and non-linear problems providing
robust predictions. Sigmoid activation not only introduces the nonlin-
earity in the model to understand and capture complex relationships but
also facilitates the training process through backpropagation (BP) (a
gradient-based optimization algorithm) for efficient model training.
Hence, MLP architecture is proven to provide more robust computation
for prediction SAR from irrigation water ions (Wagh et al., 2016). Other
than ML algorithms, the selection of input variables also costs the pre-
diction performance. For instance, Kouadri et al. (2022) also provided
the opinion that the selection of the most significant water quality
variables in particular scenarios is necessary to improve the efficiency of
ML models. Likewise, our study tested the input variables in two
different scenarios with a high performance of SC-2 in ANN-MLP with
only three input variables (Ca%*, Mg", and Na™") providing accurate SAR
predictions (Figs. 7-9) which are also supported by the findings of
Gautam et al. (2023) and Kushwaha et al. (2023).

5. Limitations of research

Our study successfully predicted the SAR from several rainwater
cations and anions in two scenario combinations employing four ML
algorithms. The performance of ANN-MLP is found to be superior for
predicting and forecasting SAR which is essential for agricultural water
monitoring and management. Despite the highly accurate SAR fore-
casting by MLP and other ML algorithms, utilization of several deep
learning algorithms like long short term memory (LSTM) is also reported
to solve intricate variable relationships for monitoring agricultural and
irrigation water quality (Docheshmeh Gorgij et al., 2023). Collection of
extended sequential data in the hidden memory of LSTM architecture
enables it to capture long term dependencies. Hence, LSTM can perform
better in capturing long term temporal dynamics with shorter time in-
tervals (Barzegar et al., 2020). Moreover, inclusion feature selection
methods could also be tested to evaluate the performance of varied
rainwater ionic performance for accurate predictions (El Bilali et al.,
2021; Kushwaha et al., 2023). The study can also be extended more
effective by predicting other agricultural water quality parameters like
TDS, PS, MAR, for a comparative assessment of the impacts of different
ionic species on agriculture output (El Bilali et al., 2021).

6. Conclusion

Agricultural water monitoring and management is highly dependent
upon accurate predictions of several water quality indices. Following the
exploratory analysis of rainwater chemistry at three selected stations
across Hungary, our study employed four ML algorithms namely
Random Forest, Gaussian Process Regression, Random subspace, and
Artificial Neural Network-Multi layer perceptron to predict sodium
adsorption ratio (SAR) in two scenarios combinations (SC-1; with all ten
ionic predictors) and (SC-2; with 3 significant ionic predictors). First,
both scenarios and all ML algorithms are trained, tested, and cross-
validated with 10 repetitive model runs in each scenario and algo-
rithm at a standard KP station. The best-selected ML algorithm and
scenario is implemented to further validate its performance at two other
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(FAK, and NYR) stations with similar rainfall characteristics. The
exploratory findings of rainwater chemistry from our study revealed a
high concentration of SOy 2 NO3, and Na* ions over the whole times-
eries. Man-Kendall trend test along with Sens slope analysis further
revealed a decreasing trend of SO;2 and NO3 ions and an increasing
trend of Na' ions indicating increasing Na hazard in central Europe
since the early years of 2000 s. PCA analysis also revealed a high loading
of Na™ ions explaining more than 60% of variability along with other
ionic species. Further, ML-based SAR predictions at KP stations clearly
revealed the high performance of ANN-MLP in SC-2 with the lowest
RMSE and MAE range in 10 repetitive model runs. Overall, the following
sequence of ML models is found for predicting SAR in SC-2: ANN-MLP
> RF > RSS > GU. Finally, the validation of best-selected ML algorithm
(ANN-MLP) and scenario (SC-2) also provided highly accurate fore-
casting and predictions with a correlation coefficient of 0.9 between
observed and predicted values. Hence, accurate SAR predictions propose
proactive measures to mitigate and reduce the potential risk of water
contamination hazards in agricultural applications. It can provide a
means for sustainable agricultural water management to optimize
agricultural production.
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