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Abstract

Nitrate, a highly reactive form of inorganic nitrogen, is commonly found in aquatic environments. Understanding the dynam-
ics of nitrate—N concentration in rivers and its interactions with other water-quality parameters is crucial for effective fresh-
water ecosystem management. This study uses advanced machine learning models to analyse water quality parameters and
predict nitrate—N concentrations in the lower stretch of the Ganga River from the observations of six annual periods (2017
to 2022). The parameters include water temperature, pH, specific conductivity (Sp_Con), dissolved oxygen (DO), nitrate—N,
total phosphate (TP), turbidity, biochemical oxygen demand (BOD), silicate, total dissolved solids (TDS), and rainfall. The
present study evaluated the predictive performance of five models—Multiple Polynomial Regression (MPR), Generalized
Additive Models (GAMs), Decision Tree Regression, Random Forest (RF), and XGBoost (Extreme Gradient Boosting)—
using RMSE, MAE, MAPE, NSE and R? metrics. XGBoost emerged as the top performer, with an RMSE of 0.024, MAE of
0.018, MAPE of 51.805, NSE of 0.855 and R? of 0.85, explaining 85% of the variance in nitrate—-N concentrations. Random
Forest also demonstrated strong predictive capability, with an RMSE of 0.028, MAE of 0.021, MAPE of 57.272, NSE of
0.804 and R? of 0.80. MPR effectively modelled non-linear relationships, explaining 75% of the variance, while Decision
Tree Regression and GAMs were less effective, with R? values of 0.60 and 0.48, respectively. Variables (BOD, pH, Rainfall,
water temperature, and total phosphate) were the best predictors of nitrate—N dynamics. Comparative analysis with previous
studies confirmed the robustness of XGBoost and Random Forest in environmental data modelling. The findings highlight
the importance of advanced machine learning models in accurately predicting water quality parameters and facilitating
proactive management strategies.
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Introduction

One of the most reactive forms of inorganic nitrogen
found in aquatic environments is nitrate—-N (Camargo et al.
2005), and it is essential to the nitrogen cycle, that sus-
tains life on Earth. Nitrate—N in rivers comes from various
sources, such as surface runoff, groundwater, atmospheric
deposition, and the biological decomposition of organic
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materials in freshwater environments. The nitrogen cycle
is a fundamental biogeochemical process that regulates
the movement of nitrogen through plants, animals, bac-
teria, soil, water, and the atmosphere. This cycle involves
critical steps including nitrogen fixation, nitrification,
assimilation, and denitrification, interlinking the atmos-
phere, hydrosphere, and lithosphere. Nitrogen, an essen-
tial element of life, is a key component of amino acids,
nucleic acids, and adenosine triphosphate (ATP), the
primary energy molecule in all living organisms (Fenice
2021). The nitrogen cycle's components serve as electron
acceptors for various bacteria, archaea, and eukaryotes,
playing crucial roles in ecosystems and industrial applica-
tions, such as agriculture and wastewater treatment, where
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nitrogen metabolism impacts greenhouse gas emissions
and public health (Kuypers et al. 2018).

Besides water quality parameters, anthropogenic effects
may alter the ecosystem's balance. Moreover, human
activities related to agriculture, industry, and urbanization
increasingly contribute to nitrate-N levels (Korostynska
et al. 2012). In particular, fossil fuel combustion contrib-
utes significantly to atmospheric nitrate—N deposition
(Boumans et al. 2004). In its bioavailable form, nitrate—N
is used by riverine organisms such as algae, macrophytes,
and certain bacteria for growth and metabolism, forming
the foundational elements of aquatic food webs (Cama-
rgo et al. 2005). However, excessive nitrate—N levels can
lead to eutrophication, causing issues like reduced light
penetration and lower dissolved oxygen concentrations
(Bricker et al. 2008). These conditions can harm aquatic
life, including invertebrates and fish (Moore and Bringolf
2018). Therefore, understanding the dynamics of nitrate—N
concentration in rivers and its interactions with other
water-quality parameters is vital for effectively managing
freshwater ecosystems.

Motivation

Human activities have significantly intensified the global
nitrogen cycle, resulting in environmental disturbances
such as biodiversity loss, climate change, and eutrophica-
tion in aquatic ecosystems (Howarth et al. 2012). Nitrate,
a critical pollutant, remains challenging to analyze accu-
rately, with limited research available on its contamination
in river systems. Globally, nitrogen inputs to rivers have
increased substantially (Green et al. 2004), with riverine
discharges being key pathways for nitrogen compounds
such as ammonium, nitrite and nitrate, and into coastal
waters (Gao et al. 2022). The rise in human settlements
and agricultural practices near rivers exacerbates nitrogen
loading, leading to eutrophication and ecosystem disrup-
tions (Murphy 2022; Li et al. 2023). The Ganga River, par-
ticularly its lower stretch, is a vital yet vulnerable resource,
heavily impacted by pollution pressures from high human
activity and industrialization (Kumar et al. 2024). Pre-
dicting nitrate levels is critical for monitoring water qual-
ity, especially since even minor increases in nitrate can
have significant ecological impacts (Moore and Bringolf
2018). However, despite evident risks, limited studies have
analyzed nitrate (Canter 2019; Moore and Bringolf 2018)
levels or developed predictive frameworks to address this
concern. This study aims to bridge the gap by developing
a predictive model for nitrate contamination. Such a model
provides an early warning system for water quality man-
agement, helping to prevent nitrate levels from exceeding
safe thresholds.

Prior research on the use of machine learning
and deep learning algorithms to predict nitrate-N
and water quality metrics

Predicting nitrate—N concentrations in aquatic environments
is critical for managing water quality and preventing eutroph-
ication, which can lead to harmful algal blooms (Bricker
et al. 2008). Traditional methods of nitrate—-N removal, such
as reverse osmosis and ion exchange, have limitations in effi-
ciency and cost. Microbial bioremediation offers a promising
alternative, yet its complexity necessitates advanced predic-
tive tools (Canter 2019). Several studies have focused on pre-
dicting water quality parameters using machine learning and
deep learning algorithms, in addition to nitrate—N prediction.
Some of the recent studies are highlighted in this section.
Artificial neural networks (ANN), support vector regression
(SVR), and long short-term memory recurrent neural net-
works (LSTM-RNN) are examples of recent developments
in machine learning (ML) and deep learning techniques that
have been used to forecast turbidity in Hong Kong's marine
environment. The most successful model for this purpose was
LSTM-RNN, which performed better than SVR and ANN,
with an accuracy of 88.45%, compared to 81% and 85.6% for
SVR and ANN, respectively (Kumar et al. 2022).

In environmental modelling, nitrate—N and phosphorus
concentrations have been estimated across five watersheds—
the Cuyahoga, Grand, Maumee, Raisin, and Sandusky riv-
ers—in Ohio and Michigan using multiple linear regression
(MLR), k-nearest neighbours (kNN), regression tree (RT),
random forest (RF), artificial neural network (ANN), support
vector machine (SVM), and Gaussian process regression
(GPR) (Bhattara et al. 2021). A similar study was carried
out by Jaddi et al. (2024) using artificial neural networks
(ANN), support vector regression (SVR), and multiple lin-
ear regression (MLR) to estimate nitrate—N concentrations
in groundwater at the Saiss aquifer in Northern Morocco.
They employed the following six water quality parameters
as predictors: SO,>”, HCOs™, EC, CI°, Ca**, and Na*. With
a mean square error (MSE) of 757.345 and an R? of 0.523,
MLR yielded low accuracy. Nonetheless, both ANN and
SVR models greatly increased prediction accuracy, achiev-
ing R? values of 0.836 with an MSE of 0.023 and, after
additional optimization, R%*=0.902 and MSE =4.364. Simi-
larly, Nair and Vijaya (2022) used predictive models such
as random forest, MLP regressor, support vector regressor,
and linear regression; classification methods included SVM,
naive Bayes, decision trees, and MLP classifiers for accu-
rate prediction of water quality index from Bhavani River,
Tamil Nadu. Singh et al. (2024) also studied the ground-
water suitability for sustainable irrigation using indexical,
statistical, and machine learning approaches. Several other
studies in abroad such as Egbueri et al. (2024) have been
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well explained on the use of a machine learning approach
to assess the quality of groundwater in the Volta basin and
groundwater pollution and health risks in eastern Ghana,
with a particular emphasis on fluoride (F~) and nitrate
(NOs") contamination, respectively. Agbasi and Egbueri
(2024) detected seven input variable groupings from their
examination of 139 models, with an emphasis on metal,
chemical, and physical factors in their study for identifying
potentially toxic elements (PTEs) in water resources using
MLP-NN (multilayer perceptron neural network), RBF-NN
(radial basis function neural network), and ANFIS (adaptive
neuro-fuzzy inference system). Despite MLP-NN being the
most popular algorithm, ANFIS outperformed RBF-NN and
MLP-NN according to performance rankings based on cor-
relation and determination coefficients (R, R?).

Ensemble methodologies like Random Forest (RF) and
Extreme Gradient Boosting (XGBoost) are extensively
employed in water science but have limited application in
predicting nitrate concentrations in surface and groundwater
(Mahboobi et al. 2023). Research focusing specifically on
the Ganga River Basin is minimal. RF is preferred for its
ability to capture non-linear dependencies, computational
efficiency, smooth parameterizations, and use of variable
importance metrics (Elavarasan and Vincent 2021). Numer-
ous studies have applied RF to predict nitrate patterns in
groundwater (Abba et al. 2024; Mahlknecht et al. 2023).
Conversely, XGBoost improves model robustness and execu-
tion speed through regularization terms, column sampling,
and optimized decision tree split points (Ransom et al.
2022). In water quality research, XGBoost has demonstrated
superior performance compared to algorithms like Logi-
Boost, RF, AdaBoost, and support vector machines (Shams
et al. 2024). Critical factors influencing nitrate prediction
include nitrogen, ammonium, phosphate, pH, rainfall, tur-
bidity, water temperature, dissolved oxygen, and biological
oxygen demand (Zhang et al. 2022).

Therefore, the present study aims to develop, validate,
and compare machine learning prediction models to opti-
mistic nitrogen management strategies and promote environ-
mental sustainability in the lower stretch of the Ganga River.
This study focuses on analyzing water quality parameters
from nine locations i.e., Buxar, Patna, Bhagalpur, Farakka,
Jangipur, Berhampore, Balagarh, Tribeni, and Godakhali,
collected from 2016 to 2022. The primary objective is to
predict the concentration of nitrate—N, integrating machine
learning models such as Multiple polynomial regression
(MPR), Generalized additive models (GAMs), Decision tree
regression (DTR), Random Forest (RF) and XGboost. These
methods allow for capturing complex, non-linear relation-
ships between the independent variables such as total phos-
phate, pH, rainfall, turbidity, water temperature, DO, BOD,
TDS and silicate, providing a comprehensive understanding
of the factors affecting nitrate—N levels.

@ Springer

Materials and methods
Study area

The present study was conducted in the lower stretch of the
Ganga River Basin, traversing the Indian states of Bihar
and West Bengal, to predict nitrate—N contents in the river
water. Despite being revered as a "Holy River," the pollu-
tion level in the Ganga River is gradually increasing due to
exposure to urban and industrial waste, atmospheric deposi-
tion, agricultural runoff, and religious activities. The Indian
government has prioritized the rejuvenation of the Ganga
due to its critical importance. For this study, 9 (nine) sites
along the Ganga River, covering approximately 1,208 km
from Buxar to Godakhali, were selected. These sampling
stations were strategically positioned to represent the river's
middle and lower segments. Data were collected from loca-
tions viz Buxar (25° 34’ 26.616" N, 83° 57' 55.296" E),
Patna (25° 37" 4.116" N, 85° 11' 56.652" E), Bhagalpur
(25° 19" 1.164" N, 86° 59’ 50.712" E), Farakka (24° 48’
29.88" N, 87° 55' 21.72" E), Jangipur (24° 27" 0.72" N, 88°
6’ 25.2" E), Berhampore (24° 5" 39.876" N, 88° 14’ 39.948"
E), Balagarh (23° 7' 45.408" N, 88° 27" 43.488" E), Tribeni
(22° 59" 17.016" N, 88° 24’ 19.836" E), Godakhali (22°
23"58.272" N, 88° 7' 46.452" E). Water quality parameters
recorded include water temperature (°C), pH, dissolved
oxygen (mg/L), nitrate—N (mg/L), total phosphate (mg/L),
turbidity (NTU), biochemical oxygen demand (mg/L), spe-
cific conductivity (mS/cm), silicate (mg/L), total dissolved
solids (mg/L) and rainfall (mm). Hydrologically, the stretch
from Buxar to Godakhali is categorized as freshwater. The
lower stretch of the Ganga River, extending from Buxar to
Godakhali, is marked by diverse physiographic patterns,
topographical features, and seasonal variations influenced
by climate and geological units. This area includes a fresh-
water riverine section with a sandy clay bed in a climate
that sees monsoonal rainfall patterns and seasonal fluctua-
tions in water levels. This is predominantly a freshwater
zone and is unaffected by tidal influences. Moving down-
stream from Balagarh to Godakhali, the topography shifts
to plains dominated by alluvial clays, forming an estuarine
zone with geological deposits regularly reshaped by trans-
ported sediments. This section is characterized by medium
to high tidal effects and a rising salinity regime, especially
in locations like Godakhali, where the influence of the Bay
of Bengal is more pronounced.

Tropical monsoon climate with hot summers, a distinct
rainy season, and mild winters is experienced in Bihar, India.
Temperatures throughout the summer (April to June) can
reach 30°C to 45°C, and heavy humidity is frequently pre-
sent. Arriving in June, the southwest monsoon brings heavy
rainfall, with the wettest months being July and August.
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Rainfall averages vary by location, ranging from 800 mm
to 1,500 mm annually (Attri and Tyagi 2010). West Ben-
gal’s tropical monsoon climate differs significantly due to
its diverse geography, from the Bay of Bengal coast to the
Himalayan foothills. Summers (March to June) are hot and
humid, with temperatures around 30-40°C and humidity
above 70%, especially near the coast. The monsoon season
(June to September) is crucial for agriculture, with heavy
rainfall often exceeding 1500 mm, though it can bring
cyclones and flooding, especially in coastal regions. Winters
(December to February) are mild in the plains (10-20°C)
and colder in the northern hills, supporting rich biodiversity
and varied farming practices (Patra and Bhaskaran 2016).
The locations of these sampling sites are depicted in Fig. 1.

Sampling strategies

Water samples were collected from nine designated sites
during three seasonal periods, i.e. pre-monsoon (Feb-May),
monsoon (June-Sep), and post-monsoon (Oct-Jan). Surface
water samples were collected in triplicate using clean, pre-
rinsed polyethylene bottles. To ensure consistency, Tarsons®

HDPE bottles were thoroughly rinsed with river water before
each collecting water sample. The sampling was carried out
from 2017 to 2022.

Field parameters

Field parameters were measured in situ, including water tem-
perature, pH, specific conductivity, DO, nitrate-N, TP, tur-
bidity, BOD, silicate, TDS, and rainfall. Water temperature,
pH, specific conductivity, and TDS were measured using the
AQUAREAD 7000® multi-parameter water quality analysis
instrument. Dissolved oxygen and BOD were determined using
the titrimetric method (APHA 2012). The collected samples
were immediately stored in ice-cooled containers to prevent
any changes in water quality during transit. Samples desig-
nated for further laboratory analysis were kept in iceboxes until
they could be processed. In the laboratory, filtered water sam-
ples were analyzed for nutrients using UV—Vis spectrophotom-
etry. Precisely, silicate (Si0,-Si), TP, and nitrate—N (NO5-N)
were measured following standard protocols (APHA 2012).
All sampling, storage, preservation, and analysis procedures
strictly adhered to the guidelines provided by APHA (2012).
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Fig. 1 Study area map showing the sampling sites in the Lower Ganga River
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Statistical analysis
Descriptive statistics

Descriptive statistics, including means and standard deviations
(SD), were computed for all water quality variables to summa-
rize the data distribution and identify underlying patterns. These
measures provide a comprehensive overview of the central ten-
dency and dispersion of the water quality parameters across dif-
ferent seasons and geographical locations. In addition, to under-
stand the significant variations of water parameters between
seasons and stations Permutational MANOVA was performed.

Model derivation
Multiple Polynomial Regression (MPR)

Multiple Polynomial Regression models the relationship
between a dependent variable or response variable and mul-
tiple independent variables or explanatory variables using
polynomial functions (Belany et al. 2024). This method cap-
tures non-linear relationships by incorporating polynomial
terms of different orders (Ghanizadeh et al. 2024). The gen-
eral form of the model is:

Y =8+ BX +BXy+ -+ B,X, + B X; + BuXs + - + B, X0+ + X X, + € (1

where, Y is the dependent variable, X,,X,,...,X, are the inde-
pendent variables, f,f,.5,.- ...p, are the coefficients, and € is the
error term (Aslan 2024). Using this method, the model may con-
sider intricate relationships and higher-order effects amongst the
predictors, giving a more accurate depiction of the fundamental
mechanisms influencing water quality (Visser et al. 2024).

Generalized Additive Models (GAMs)

To further explore the non-linear relationships between the
water quality variables and the response variable, Gener-
alized Additive Models (GAMs) were employed. GAMs
extend the Generalized Linear Models (GLMs) by consoli-
dating smooth functions of the predictors, thereby allow-
ing for flexible modelling of non-linear patterns (Lai et al.
2024). The smooth functions are typically represented using
splines or other basis functions, and regularizations tech-
niques are applied to control the smoothness and stop over-
fitting (Siems et al. 2024). The GAMs can be expressed as:

SEX)) =By +fi(x)) +fo(x) + =+, (x,) + € 2

The model connects a single response variable, Y, to vari-
ous predictor variables, X; A distribution (such as a stand-
ard, binomial, or Poisson distribution) is defined from the
exponential family for the response variable Y. In addition,
a link function g (such as the identity or log functions) is
used to link the predictor variables and the predicted value
of Y to a model structure like this: f;(x;) denotes the smooth
function of the ith predictor. This model identifies intricate
non-linear associations in the data, enhancing the interpret-
ability and predictive accuracy of the analysis.

Decision Tree Regression (DTR)
The Decision Tree algorithm is a popular and intuitive

machine-learning method used for both classification and
regression tasks (Modhugu and Ponnusamy 2024). It works

@ Springer

by splitting the dataset into subsets based on the value of
input features, creating a tree-like model of decisions and
their possible consequences (Malhotra et al. 2024) (Fig. 2).
This study focuses on decision trees for regression. The goal
of each subset is to maximise the homogeneity of the target
variable. To split data, the optimal feature is chosen using
metrics like mean squared error (MSE), and the splitting
procedure is used recursively until a stopping requirement
is satisfied (Parhi and Patro 2024).

Random Forest (RF)

The Random Forest algorithm is a strong ensemble tech-
nique effective for classification and regression applications.
It works by building many decision trees throughout the
training process, from which it produces a class that is either
the mean prediction (regression) or the mode of the classes
(classification) of the individual trees (Salman et al. 2024;
Manzali et al. 2024) (Fig. 3). Every tree in the ensemble is
constructed using a random subset of the training set, and a
random subset of features is considered at every split in the
tree (Sun et al. 2024; Khalifa et al. 2024). The model per-
forms robustly while being less prone to overfitting because
of the randomness's role in decorrelation of the trees (Bouke
et al. 2024). Moreover, they provide measures of feature
importance, aiding in understanding the contribution of each
feature to the model's predictions (Banik et al. 2024).

XG boost (Extreme Gradient Boosting)

For further improvement in prediction accuracy and compu-
tational efficiency, XGBoost (Extreme Gradient Boosting)
was employed. XGBoost is a scalable and optimised version
of gradient boosting machines (Ozdemir et al. 2024). It con-
structs an ensemble of weak learners, typically decision trees,
and optimizes them using gradient descent combined with
regularization techniques to prevent overfitting (Choudhury
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Fig.3 Flow Chart of Random Forest algorithm

et al. 2024). XGBoost incorporates advanced features such as
parallel computation, tree pruning, and handling of missing
values, outperforming traditional gradient-boosting algorithms
in speed and performance (Shaik et al. 2024). During training,
hyperparameter tuning and early stopping criteria were used
to enhance further the model's predictive accuracy (Ogunpola
et al. 2024).

Model evaluation

The models were evaluated using several performance metrics,
including Root Mean Squared Error (RMSE), Mean Abso-
lute Error (MAE), Mean Absolute Percentage Error (MAPE),
Nash—Sutcliffe Efficiency (NSE), and R-squared (R?.RMSE
quantifies the average magnitude of prediction errors, while
MAE represents the average absolute difference between
predicted and observed values. MAPE provides the mean
percentage error, offering insight into prediction accuracy as
a percentage. R? indicates the proportion of variance in the

Decision Node

Decision Tree

ROOT Node

Decision Node

Leaf Node Leaf Node Leaf Node

dependent variable that is explained by the independent vari-
ables (Heddam et al. 2023; Wang et al. 2023). NSE assesses
model performance by comparing the variance of residuals to
the variance of the observed data, offering a relative measure
of prediction accuracy (Duc and Sawada 2023; Lamontagne
et al. 2020).

RMSE = 3)
I < ~
MAE = - ; v = 5| @)
1 Vi _yi
MAPE = - ¥ |22} x 100
Tl (-3
NSE=1- == At - 6)
Yo (i =)
1 n ~\2
o X (vi=3) -

Ly i)

where y; is the actual value, y; is the predicted value and n is
the number of sample sizes.

The final model selection was based on a comprehen-
sive assessment of these criteria, ensuring that the chosen
approach provided accurate predictions and offered insights
into the underlying relationships between the water quality
variables. By integrating multiple modelling techniques, the
study achieved a robust and nuanced understanding of the
factors influencing water quality, paving the way for more
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effective management and policy decisions. The Decision
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Fig.4 Box plot showing the seasonal changes (pre-monsoon, monsoon, and post-monsoon) in water variables and rainfall in the lower stretch of

the Ganga River

from 1.04 +0.65 (S9) to 1.60+0.92 (S8) mg/L across the
sites. The lowest (1.13 +0.66 mg/L)) BOD was recorded dur-
ing the monsoon season among the seasons. Total dissolved
solids (TDS), indicating the concentration of dissolved sub-
stances in water, remain low, ranging from 0.17 +0.05(S8)
to 0.25 +0.08(S9) g/L across the sites. The lowest values
are observed during the monsoon season (0.11 +0.11 g/L),
consistent with the dilution effect of increased rainfall (Patra
et al. 2024). Silicate levels, important for diatom growth,
range from 7.63 +2.12(S3) to 8.57+3.47(S9) mg/L across
the sites but drop to 5.64 +5.28 during the monsoon, possi-
bly due to lower inputs from terrestrial sources (Senarathne
et al. 2024). Specific conductivity (Sp_Con), which measures
the water's ability to conduct electrical current, varies from
0.29 +£0.07(S7) to 0.43 £0.159(S9) mS/cm across the sites.
It drops significantly during the monsoon season (0.14+0.13
mS/cm) due to the dilution effect (Naseri Boroujeni et al.
2024). Rainfall varies greatly across locations and sea-
sons, peaking during the monsoon season at 88.89 +92.24
mm. The highest rainfall is recorded at S8 (Tribeni) with
103.45 +85.99 mm. This variability significantly influ-
ences water quality parameters, underscoring the impact of

seasonal changes on river health (Bhatt et al. 2024). PER-
MANOVA analysis depicted a significant variation in water
variables between seasons (F=12.019; p=0.001; F=1.3899;
p=0.033) and stations (Table 2). In the PERMANOVA table,
the degree of freedom accounted for seasons (df: 3—1=2) and
stations (df: 9-1=38). Here, the sum of squares (SS) measures
the overall variability. Higher SS values signify a greater con-
tribution to the total variation. Most variability is explained
by seasons (SS=223.68), but stations (SS=77.598) also
play a role. A high mean square for seasons (MS=111.84)
indicates a substantial seasonal effect, but a smaller effect is
seen for stations (MS =12.933). Seasons and stations cannot
account for the background variability captured by residuals
(MS =9.3051). The detected differences' statistical signifi-
cance is shown by the P-value. It is confirmed that there are
strong seasonal influences on water variables by the highly
significant value for seasons (P=0.001,<0.01). The P-value
for stations (P=0.033, < 0.05) shows moderate but consider-
able spatial diversity among the seven sites. It highlighted the
significant impact of geographical (station-based) and tem-
poral (seasonal) factors on the variability of water variables.
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Table2 PERMANOVA

. C Source df SS MS Pseudo- F P perms
showing the significant
variations of water variables in Seasons 2 223.68 111.84 12.019 0.001 997
seasons and stations Stations 8 77.598 12,933 13899 0.033 998
Res 105 977.03 9.3051

Multiple Polynomial Regressions (MPR)

The MPR (Multivariate Polynomial Regression) technique
predicts nitrate—N concentrations by modeling complex
relationships among environmental variables, effectively
capturing nonlinear interactions in riverine ecosystems. To
fit an MPR model, the optimal degree by fitting multiple
models with varying degrees of complexity and comparing
their performance was determined.
Various degrees of MPR models were assessed:

e Degree 1: RMSE =0.056, MAE =0.043,
MAPE =104.625, NSE=0.222, R2=0.22

e Degree 2: RMSE =0.039, MAE =0.029,
MAPE=76.168, NSE=0.621, R.2=0.62

e Degree 3: RMSE =0.030, MAE =0.023,
MAPE=58.313, NSE=0.754, R.2=0.75

The degree 3 MPR model performed best, achieving
an R? of 0.75, RMSE of 0.030, MAE of 0.023, MAPE of
58.313, and NSE of 0.754. The low RMSE, MAE, and
MAPE values demonstrated high accuracy and minimal
prediction error. To avoid overfitting, the MPR model is
limited to a maximum degree of 3. The accompanying plot
in Fig. 5 shows the actual values, predicted values, and
MPR curves for model degrees 1-3, highlighting improved
accuracy with higher degrees.

Generalized Additive Models (GAMs)

Generalized Additive Models (GAMs) were employed to
explore the relationships between nitrate-N concentration
and various covariates. The smooth curves generated by
these regressions revealed distinct patterns of association
for each covariate (Dovers et al. 2024). These coefficients
indicate the strength and direction of the relationship
between the different water quality parameters and the
nitrate—N concentration (McDowell et al. 2024).

In the present model, all the water quality parameters
have positive coefficients signifies water quality param-
eters had a positive association with nitrate—N concentra-
tion. GAMs provide a measure of deviance explained by
the model, explaining 48% of deviance in the data. This
indicates that the model does not fit the observed data
well. In Generalized Additive Models (GAMs) (Fig. 6), the

@ Springer

bold line shows the relationship between a predictor and
nitrate—N concentration, highlighting non-linear trends.
The dashed lines around it represent the 95% confidence
interval—narrow bands indicate higher confidence, while
wider bands suggest more uncertainty. Each sub-plot
shows the effect of one water quality parameter (e.g., pH,
DO, temperature, turbidity etc.) on nitrate—N, accounting
for other variables. The y-axis represents nitrate—N con-
centration, and the x-axis shows each predictor. Figure 6
shows that water temperature and nitrate—N concentration
are linearly related, with narrower confidence intervals
except at extreme temperatures. pH also has a nearly linear
relationship with nitrate—N slightly increasing at higher
values with similar confidence intervals. Figure 6 reveals
a non-linear relationship between DO and nitrate—-N where
it increases up to 6.5 mg/L decreases until 8 mg/L and then
rises again with wider confidence intervals at extremes. TP
shows an inverse relationship with nitrate—N while turbid-
ity increases nitrate—N up to 20 NTU before declining both
with wider intervals. BOD inversely affects nitrate—-N with
narrower confidence intervals. Rainfall, silicate, and TDS
have minimal effects but more precise estimates, while
specific conductivity shows an oscillatory pattern with
higher uncertainty.

Decision Tree Regression (DTR)

This study focuses on a Decision Tree regression model,
which is flexible enough to handle both linear and non-linear
data. The tree's maximum depth is set to 4, meaning it can
grow up to four levels. Deeper trees have more splits, mak-
ing the decisions more complex, while shallower trees are
simpler. The minimum sample split is set to 3, so if a node
has fewer than three samples, it won't split further. The deci-
sion tree flowchart (Fig. 7) shows the threshold values at
each node, along with the sample size and Mean Squared
Error (MSE), which measures how far off the predictions are
from the actual values. The tree splits at each node based on
specific conditions, continuing recursively to make predic-
tions (Schiller et al. 2024; Negru 2024; Lee et al. 2024).
The root node splits the data at a BOD threshold of
0.49, dividing 111 samples with an average value of
0.075 and minimising the squared error to 0.004 (Fig. 8).
The left subtree splits further based on Total Phosphate
(TP <£0.095) and pH values (£7.675, <8.15), resulting in
leaf nodes with squared errors of 0.001 and 0.002, and
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Fig.5 Polynomial regression models (degrees 1, 2, and 3) fitted to nitrate—N concentration data, showing their fit to the observed data points

predicted values of 0.11 and 0.2. This branch highlights TP
and pH as key predictors. The right subtree, where BOD
exceeds 0.49, splits based on pH <8.385 and pH <8.01,
followed by a rainfall split at <154.85, leading to leaf
nodes with predicted values between 0.029 and 0.122.
Further splits based on water temperature (<28.6) and
silicate (<7.705) refine the predictions, emphasizing the
importance of pH, rainfall, water temperature, and silicate
concentrations model had an R? of 0.60, whereas. MPR
model had an R? of 0.75 Furthermore, compared to the
similar figures from the MPR (RMSE: 0.03, MAE: 0.023)
and GAMs (RMSE: 0.045, MAE: 0.033), the DTR model
yielded an RMSE of 0.04 and an MAE of 0.029. Addition-
ally, the DTR model's MAPE was greater (76.228) than the
MPR's (58.313), suggesting that its forecasts were gen-
erally less accurate. Additionally, compared to the MPR
model, the DTR model's NSE value was 0.597, indicating
that it is less successful at predicting the nitrate concentra-
tion. The MPR model's NSE value was 0.754.

Random Forest (RF)

The Random Forest algorithm is the current emphasis. Since
Random Forest is a supervised learning method, it can only
work with data that has labels or results. It generates several
decision trees, each based on a portion of the data that is
selected at random. The model then creates an overall fore-
cast for unknown data points by combining the results of
each of these decision trees (Sun et al. 2024).

A maximum depth of 20 was used by performing a grid
search CV to optimize the Random Forest model, along with
200 estimators, the square root of features for maximum
feature selection, a minimum of 1 for leaf samples and a
minimum of 5 for split samples. The model performs excep-
tionally well on the dataset, as evidenced by its MSE of
0.0007 and RMSE of 0.028, which show that the predictions
and actual values closely match. Furthermore, a moderate
degree of accuracy in percentage terms is demonstrated by
the MAPE of 57.27%. Strong predictive ability is indicated
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Fig. 7 Decision tree regression for nitrate—N prediction, illustrating hierarchical splits for Biochemical Oxygen Demand (BOD) based on envi-
ronmental variables, including Total Phosphate, pH, Water_Temp, silicate, and rainfall

by its coefficient of determination (R?) score of 0.80, which
shows that the model explains almost 80% of the variability
in the target variable. This shows that the Random Forest

by the NSE score of 0.804; values nearer 1 denote higher
predictive accuracy. Furthermore, the model's great capacity
to uncover underlying patterns in the data is demonstrated
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model is quite successful for the task at hand, providing
dependable forecasts with a high degree of accuracy because
of its finely adjusted parameters (Fig. 8).

XGBoost (Extreme Gradient Boosting)

An XGBoost Regressor model with particular settings
was used further in this study to predict nitrate—N concen-
tration. The model was executed with estimators equal to
5 and five decision trees consecutively trained to ensure
an iterative improvement in prediction accuracy. Early
stopping was used with early stopping rounds equal to 30
to cease training when the RMSE metric did not show any
progress for 30 rounds to prevent overfitting. In addition
to improving computing efficiency, this method encour-
aged the generalization of models. The natural capacity of
XGBoost to manage intricate relationships among struc-
tured data and its regularization strategies highlighted its
appropriateness for the large-scale datasets that worked
With an MAE of 0.018 and an RMSE of 0.024, MAPE
of 51.805 and NSE of 0.85 the XGBoost model per-
forms effectively in the dataset. These measures show a
slight variance between the model's predictions and the
actual values (Fig. 9). The model obtains a remarkable
R-squared value of 0.85, signifying that it accounts for
85% of the variation in the dependent variable.

Feature importance analysis of predictor variables
This study rigorously examined the key variables influenc-

ing nitrate-N concentrations in the lower stretch of the Ganga
River, employing three robust machine learning models, i.e.,

Content courtesy of Springer Nature,

Actual nitrate-N concentration (mg/L)

Decision Tree Regression, Random Forest, and XGBoost.
Through comprehensive analysis, several variables emerged as
pivotal in shaping nitrate—N dynamics in aquatic ecosystems.
Figure 10 illustrates the relative importance of predictors for pre-
dicting nitrate—N concentrations in the studied stations. While
comparing the feature importance in the preformed models, the
Biochemical Oxygen Demand stood out as the most significant
variable across all models, followed by rainfall, pH and total
phosphate. In the present study, temperature was equally crucial
for shaping the nitrogen concentrations in the river water.

Model comparison

The performance of the five models—Multiple Polynomial
Regression (MPR), Generalized Additive Models (GAMs),
Decision Tree Regression, Random Forest, and XGBoost—on
the dataset can be compared using their RMSE, MAE, MAPE,
NSE, and R? values, as summarized in Table 3. XGBoost
exhibits the best performance with the lowest RMSE (0.024),
MAE (0.018), and MAPE (51.81%), along with the highest
NSE (0.855) and R? (0.85), indicating it explains 85% of the
variance in nitrate—N concentration. The Random Forest
model also demonstrates strong performance, achieving an
RMSE of 0.028, MAE of 0.021, MAPE of 57.27%, NSE of
0.804, and R? of 0.80, showing that it captures 80% of the var-
iance in the data. Multiple Polynomial Regression (MPR) fol-
lows with decent accuracy, achieving an RMSE of 0.03, MAE
of 0.023, MAPE of 58.31%, NSE of 0.754, and R? of 0.75.
Generalized Additive Models (GAMs) exhibit moderate per-
formance with an RMSE of 0.045, a MAE of 0.033, a higher
MAPE of 82.84%, NSE of 0.485, and R? of 0.48, indicating
less predictive power compared to other models. The Deci-
sion Tree Regression has higher errors, with an RMSE of 0.04
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Fig. 10 Relative importance of predictors for DTR, RF, and XGBoost models in predicting nitrate—N concentrations in the lower stretch of the

river Ganga

and MAE of 0.029, a MAPE of 76.23%, and a lower NSE of
0.597, resulting in an R? of 0.60. This suggests that it explains
only 60% of the variance in the data. Overall, XGBoost and
Random Forest models emerge as the top-performing models
among the five, demonstrating their ability to capture complex
relationships within the dataset.
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Discussion

In recent decades, the Ganga River has been subjected to
anthropogenic pressure due to discharge of untreated sew-
age and chemical waste (Sengupta et al. 2014; Hamner
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Table 3 Performance metrics of the model in the present study

Model RMSE MAE MAPE NSE R?

Multiple Polynomial Regres-  0.03 0.023 58.313 0.754 0.75

sion
Generalized Additive Models  0.045
Decision Tree Regression 0.04
0.028
0.024

0.033 82.839 0.485 0.48
0.029 76.228 0.597 0.60
0.021 57.272 0.804 0.80
0.018 51.805 0.855 0.85

Random Forest
XGboost

et al. 2013). This pollution has dire consequences for pub-
lic health and spreads water borne diseases. (Rai 2013).
Abrupt changes in physicochemical parameters including
increase pollutants in aquatic ecosystems further reveal a
stressed ecosystem, emphasizing the critical need for effec-
tive management of both nutrients and pollutants. Industrial
discharges from tanneries, sugar and distillery operations, and
pulp and paper mills contribute significant loads of Biochemi-
cal Oxygen Demand (BOD), Chemical Oxygen Demand
(COD), total nitrogen (TN), and various metals (Central
Pollution Control Board (CPCB), India; Ganga River Basin
Environmental Management Plan (GRBEMP), India). Addi-
tionally, agricultural runoff exacerbates nutrient pollution,
leading to eutrophication fueled by excess nitrogen and phos-
phorus (Ganga River Basin Environmental Management Plan
(GRBMP), India). Despite regulations on effluent disposal,
water quality often deteriorates during low-flow periods, high-
lighting the necessity for stringent monitoring and adaptive
management. Elevated organic and microbial loads contrib-
ute to reduced dissolved oxygen levels, resulting in fish kills
and further ecosystem stress (Hansson and Bronmark 2009;
Dodds and Whiles 2020). Addressing these multifaceted chal-
lenges through targeted interventions is essential for restoring
and sustaining the health of the Ganga River's lower stretch.

The performance of five models—MPR, GAMs, Decision
Tree Regression, Random Forest and XGBoost—was evalu-
ated on the dataset using three key metrics—RMSE, MAE,
and the coefficient of determination (R?). These models were
chosen because they capture linear and non-linear relation-
ships and comprehensively analyse their predictive capabili-
ties. MPR demonstrated good predictive accuracy with an
RMSE of 0.03, a MAE of 0.023, a MAPE of 58.313, an NSE
of 0.754 and an R? value of 0.75. These metrics indicate that
MPR explains 75% of the variance in the nitrate—N concen-
tration, making it a robust choice for modelling non-linear
interactions in the data, and it effectively captures the non-
linear relationships between nitrate—N concentrations and
water quality parameters, providing a significant insight into
the underlying dynamics of the dataset. According to (Malone
et al. 2007), the MPR model achieved an R? of 0.76 for pre-
dicting nitrate—N concentration with an RMSE value of 1.90.
Knoll et al. (2019) also observed R? of 0.42 with RMSE 10.43

and MAE 6.92 for predicting nitrate—N concentration employ-
ing Multiple Linear Regression (MLR). In the other study by
Mehdaoui et al. (2024) conducted in the Cuyahoga Watershed,
the R? value was 0.404, the RMSE was 1.0083, and the MAE
was 0.7806 for predicting nitrate concentration using MLR.

In the present study, GAMs, which use smooth functions
to model non-linear relationships, showed moderate per-
formance. The RMSE was 0.045, the MAE was 0.033, and
the R? value was 0.48. This indicates that GAM explains
48% of the variance in the target variable. While GAMs
provide flexibility in capturing non-linear patterns, their
prediction accuracy in this context was lower than that
of other models. This performance contrasts Leigh et al.
(2019), who achieved less than 22% of deviance explained
using Generalized Linear Mixed Models (GLMMs). How-
ever, the correlations between nitrate and other water-qual-
ity variables tend to be nonlinear, as shown by the present
study and Harrison et al. (2021) have noted. In this study,
the fitted GAMs model explained a high fraction of vari-
ation in nitrate-N (48%) compared with the Generalized
Linear Mixed Models (< 22%), which correlates with the
work reported by Leigh et al. (2019). Additionally, Ker-
morvant et al. (2023), Generalized Additive Mixed Models
(GAMMs) are well-suited for capturing and interpreting
the intricate nonlinear relationships between nitrate levels
and various water-quality parameters. These models explain
99% of the variability in nitrate concentration, demonstrat-
ing their substantial explanatory capability. From the GAMs
model, it was highlighted that DO (p-value =0.043, <0.05)
and BOD (p-value =0.000364, <0.05) were the most sig-
nificant predictors. Most other predictors did not have sig-
nificant smooth terms, suggesting that their effects were not
statistically significant at this level. The R? value for the
GAMs model was found to be 48%, which was acceptable
but lower than the MPR model. Additionally, an RMSE of
0.045 and a MAE of 0.033 were produced by the GAMs,
both slightly lower than those from the MPR. Despite these
differences, the GAMs still showed low accuracy but mini-
mal prediction error. These observations align with the find-
ings Kermorvant et al. reported (2023).

In this study, Decision Tree Regression (DTR) showed
relatively higher errors with an RMSE of 0.04 and an MAE
of 0.029, a MAPE of 76.228, an NSE of 0.597 and the R?
value of 0.60, indicating that it explains 60% of the variance
in the nitrate-N concentration. According to Xue et al. (2024),
the Decision Tree Regression model achieved an R? of 0.81
for predicting Total Nitrogen (TN) and an R? of 0.76 for pre-
dicting TP. The recent study of Pokharel and Ghimire (2023)
found the same results that the R? for Decision Tree models
predicting energy consumption in a low-energy house was
0.34, with RMSE and MAE values of 82.28 and 41.18, respec-
tively. Additionally, Mehdaoui et al. (2024) conducted in the
Cuyahoga Watershed, the R? value was 0.75, the RMSE was
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0.5894, and the MAE was 0.4259 for predicting nitrate con-
centration. For predicting phosphorus using DTR, the R? value
was 0.55, the RMSE was 0.1258, and the MAE was 0.0801.

The Random Forest model, an ensemble learning tech-
nique, performed well in this study with an RMSE of 0.028,
an MAE of 0.021, a MAPE of 57.272, an NSE of 0.804
and an R? value of 0.80. This indicates that Random Forest
explains 80% of the variance in the nitrate—N concentra-
tion. As per Harrison et al. (2021), Random Forest Regres-
sion models can account for 89% of the variation in nitrate
concentration and can effectively capture nonlinear interac-
tions among variables related to the present study. Wheeler
et al. (2015) reported the same that the R? and RMSE of an
RF model pertaining to domestic wells in Iowa were 0.38
and 1.55, respectively. In another study, Knoll et al. (2019),
Mehdaoui et al. (2024), and Xue et al. (2024) found similar
results employing the Random Forest prediction model.

XGBoost, a scalable and optimized version of gradient
boosting, exhibited the best performance among the evalu-
ated models in this study. It achieved the lowest RMSE of
0.024, the lowest MAE of 0.018, the lowest MAPE of 51.805,
highest NSE value of 0.855 and the highest R? value of 0.85.
This indicates that XGBoost explains 85% of the variance in
the nitrate—N concentration. Ransom et al. (2022) reported
that the XGBoost model for predicting nitrate concentration
achieved an R? of 0.83 and an RMSE of 1.15 in their study as
the best performance model, further validating the effective-
ness of XGBoost in various scenarios. Pokharel and Ghimire
(2023) reported that the R? for Random Forest models pre-
dicting energy consumption in a low-energy house was 0.47,
with RMSE and MAE values of 79.11 and 37.28, respectively.
They also found that the R? for XGBoost models was 0.61,
with RMSE and MAE values of 65.28 and 29.81, respectively.
Similar studies that used the RF and XGBoost algorithms
reported that XGBoost performed the best, although the dif-
ference between it and RF was minimal (Kiangala and Wang
2021; Peir6-Signes et al. 2022). Since XGBoost and RF are
both ensemble algorithms, their predictions are difficult to
interpret, and each has unique drawbacks. XGBoost typically
produces less accurate results when handling imbalanced data
(Kiangala and Wang 2021), while RF's performance is highly
influenced by the amount of data used in the training dataset
(Pokharel and Ghimire 2023). Wheeler et al. (2015) and Knoll
et al. (2019) provide context to the robustness of the Random
Forest model across different datasets and geographical scales.
The other model performance matrices between present study
and previous studies are shown in Table 4.

Variable importance Influencing nitrate-N
concentrations in the river water

Based on the results of the above-stated models, the BOD
ranked as the most significant variable across all models,
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followed by rainfall, pH and total phosphate. In the present
study temperature, DO, and turbidity were also found to be
equally important for shaping the nitrate—N concentrations
in the river water. BOD directly impacts nitrate—N levels by
influencing dissolved oxygen, which is crucial for nitrifica-
tion and denitrification processes (Zainol et al. 2022; Huang
et al. 2024). The elevated BOD in the river water potentially
indicates heightened organic material breakdown.

Rainfall facilitates the transport of pollutants, including
organic nitrogen from pit latrines, drains, and agricultural
runoff, into surface water bodies. While increased rainfall
generally leads to higher nitrate levels in shallow ground-
water, its effects on surface water can vary. For instance,
higher average precipitation may promote nitrogen absorp-
tion by crops or dilute nitrate-containing materials, thereby
potentially reducing surface water nitrate levels (Bowes et al.
2015); pH emerged as the third-most influential variable.
The pH of surface water significantly influences nitrate—N
concentrations by affecting microbial activity crucial for
nitrification and denitrification (Zoppas et al. 2024). Optimal
pH conditions (typically 6.5 to 8.5) promote nitrification,
enhancing nitrate-N removal from water. Deviations from
this range can hinder nitrifying microorganisms, leading to
decreased nitrate—N uptake by aquatic organisms and poten-
tially increasing nitrate—N levels (Lopez et al. 2024).

Total Phosphate rank was prominent across all performed
models. Phosphates from agricultural runoff and wastewater
stimulate algal growth in water bodies. Initially, algae absorb
nitrogen, reducing nitrate—N levels. However, algae release
nitrogen as nitrates back into the water upon decomposition,
contributing to increased nitrate—N concentrations. Effective
management of phosphate levels is critical for regulating
nutrient dynamics and preserving water quality in aquatic
ecosystems (Szejba et al. 2016). Likewise, water temperature
significantly influences nitrate—N levels through its impact
on microbial activities in the nitrogen cycle. Higher tem-
peratures accelerate microbial processes, such as nitrifica-
tion and denitrification, potentially increasing or decreasing
nitrate—N concentrations depending on oxygen availability.
Elevated temperatures also promote algal growth, influenc-
ing nitrate—N uptake for photosynthesis. Conversely, lower
temperatures slow down these processes, leading to higher
nitrate—N retention in water bodies (Mustafa et al. 2024).

Conclusion and way forward

The study demonstrates that building a model for nitrate—N
using the same set of explanatory water-quality variables
is achievable, even for sites with diverse environmental
and climatic characteristics, supporting comprehensive
knowledge of nitrate—N dynamics both geographically
and temporally, as well as well-informed management
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Table 4 Comparison of present study with previous studies according to various performance metrics

Previous study Models
Multiple Polynomial ~ Generalized Additive Decision Tree Regres- Random Forest (RF)  XGBoost
Regression (MPR) Models (GAMs) sion (DTR)
Malone et al. (2007) R2=0.76, - - - -
RMSE=1.90
Knoll et al. (2019) R2=0.42, - - - -
RMSE=10.43,
MAE=6.92
Mehdaoui et al. R2=0.404, - R*=0.75, - -
(2024) RMS:1.008; RMSE=0.5894,
MAE=0.780 MAE=0.4259
Leigh et al. (2019) - R2=<22% - -
Kermorvant et al. - R2=99% - -
(2023)
Xue et al. (2024) - - R2 (TN)=0.81,R2 - -
(TP)=0.76
Pokharel and Ghimire - - R2=0.34, - R?=0.61,
(2023) RMSE=82.28, RMSE=65.28,
MAE=41.18 MAE=29.81
Harrison et al. (2021) - - - R2=0.89
Wheeler et al. (2015) - - - R?=0.38,
RMSE=1.55
Ransom et al. (2022) - - - - R>=0.83, RMSE=1.15
Present study (2024) RMSE=0.03, RMSE=0.045, RMSE=0.04, RMSE=0.028, RMSE=0.024,
MAE=0.023, MAE=0.033, MAE=0.029, MAE=0.021, MAE=0.018,
MAPE=58.313, MAPE =82.839, MAPE =76.228, MAPE=57.272, MAPE=51.805,
NSE=0.754, NSE=0.485, NSE=0.597, NSE=0.804, NSE=0.855,
R?=0.75 R?=0.48 R?=0.60 R?=0.80 R?=0.85

strategies. Also, the present study evaluated the predic-
tive performance of five machine learning models: Poly-
nomial Regression (MPR), Generalized Additive Models
(GAMs), Decision Tree Regression, Random Forest, and
XGBoost, on nitrate—N concentration data from the lower
stretch of the Ganga River, India. Further, it demonstrated
the efficacy of advanced machine learning models in pre-
dicting nitrate—N concentrations in the lower stretch of the
Ganga River. Among the evaluated models, XGBoost and
Random Forest emerged as the most effective, explain-
ing 85% and 80% of the variance in the target variable,
respectively. Multiple Polynomial Regression (MPR)
also showed good performance, while Generalized Addi-
tive Models and Decision Tree Regression had lower pre-
dictive capabilities. These results highlight the varying
effectiveness of different models in capturing non-linear
relationships and complex interactions among water qual-
ity parameters. Comparative analysis with previous studies
underscores the robustness of XGBoost and Random For-
est in diverse environmental contexts. The insights gained
from this study highlight the potential of machine learning
models in ecological monitoring and management, pav-
ing the way for more informed and proactive water qual-
ity management strategies. From the studied models, it is

evident that the discrepancies of nitrate—N concentration
were primarily influenced by the water variables such as
BOD, pH, Rainfall, water temperature, and total phos-
phate. In addition, the nitrate—N concentration was within
the permissible limit of Bureau of Indian Standards (BIS
2011; Aswal 2020), indicating a healthy scenario in the
studied stretch without nitrate—N pollution thereof. Future
research should focus on incorporating additional environ-
mental variables, such as phosphorus, sulphur, and other
heavy metals, and exploring ensemble methods to further
enhance model performance and robustness. By continu-
ously improving predictive models, it becomes possible
to understand better and mitigate the impacts of nitrate—N
pollution, ultimately contributing to the sustainability of
vital water resources like the mighty Ganga River.
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