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ABSTRACT ARTICLE HISTORY
Coagulant dosage modelling has been widely investigated in the literature; however, existing meth- Received 13 May 2026
ods often operate as black boxes, failing to provide clear practical explanations for decision-makers. Accepted 15 July 2026

To address this limitation, this study introduces an interpretable framework using SHAP and LIME KEYWORDS

to highlight the underlying practical problems. Furthermore, this is the first study of its kind in Coagulant dose; raw water
Algeria, bridging a critical regional gap in the literature. Yet, we investigate the application of boost- quality variables; modelling;
ing machine learning models to predict coagulant dose at the Taksebt drinking water treatment boosting models; SHAP; LIME
plant. Herein we compare between: (i) multiple linear regression (MLR), (ii) random forest regression

(RFR), (iii) adaptive boosting (AdaBoost), (iv) categorical boosting (CatBoost), (v) gradient boosted

regression trees (GBRT), (vi) Histogram Gradient Boosting (HistGBRT), (vii) Light Gradient Boosting

Machine (LightGBM), (viii) Natural Gradient Boosting (NGBoost), and (ix) eXtreme Gradient Boosting

(XGBoost). All models were trained using daily measured water quality variables, while aluminium

sulphate (Al(SO4)3-18H,0) was the coagulant dose. The predictive performance was evaluated

using root-mean-square error (RMSE), mean absolute error (MAE), Nash-Sutcliffe efficiency (NSE),

and the correlation coefficient (R). Global and local model interpretability were conducted using

SHAP and LIME, thereby enabling feature importance ranking. To determine whether the observed

differences among models were statistically meaningful, two complementary statistical tests were

applied: the Diebold-Mariano test and the Kruskal-Walli’s test. The results indicate that CatBoost

delivered the most accurate predictions, achieving R, NSE, RMSE, and MAE values of 0.922, 0.849,

2.498, and 1.702 mg/L, respectively, and significantly outperforming the MLR model, which yielded

an R of 0.713, a NSE value of 0.507, RMSE of 4.510 mg/L, and MAE of 3.576 mg/L, respectively. Based

on SHAP analysis, UV254 was identified as the most influential feature, contributing 24% to the model

predictions, whereas COU showed a negligible effect, accounting for only 5%.

Highlights

Boosting models for coagulant dosage prediction.
CatBoost provided the best numerical performances.
UV,54 was the most influential raw water quality variable.
SHAP and LIME for model interpretability.
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1. Introduction

The reliable provision of safe drinking water represents
one of the most fundamental technological and soci-
etal imperatives of the modern era, underpinning pub-
lic health, economic stability, and sustainable develop-
ment. In conventional drinking water treatment plants
(DWTPs), coagulation is a pivotal physicochemical pro-
cess that destabilizes colloidal suspensions and promotes
their aggregation into settleable flocs, thereby enabling
the efficient removal of turbidity, organic matter, and
microbial contaminants (K. Zhang et al., 2013). The effec-
tiveness of this process exerts a direct and cascading
influence on downstream treatment performance, affect-
ing sedimentation efficiency, filtration reliability, chem-
ical consumption, sludge production, and operational
costs (Kim et al., 2024; S. Xu et al., 2026). Consequently,
the precise determination of coagulant dosage represents
not merely an operational parameter but a central deter-
minant of treatment reliability, economic efficiency, and
environmental sustainability.

Despite its operational importance, optimal coagu-
lant dosing remains inherently difficult to determine
due to the nonlinear, multivariate, and time-dependent
interactions among numerous physicochemical vari-
ables, including turbidity, pH, temperature, conductiv-
ity, dissolved oxygen, ultraviolet absorbance, and organic
matter concentration (Lin et al., 2023a; S. Xu et al., 2026).
These relationships are further complicated by hydro-
logical variability, seasonal fluctuations, and episodic
environmental disturbances, which induce rapid and
often unpredictable changes in raw water quality (Kim
et al., 2024). Traditionally, coagulant dosage has been
determined using empirical approaches, most notably
jar tests and operator expertise. While widely adopted,
these methods suffer from intrinsic limitations, includ-
ing delayed response times, labour intensity, and reliance
on subjective judgment, rendering them fundamentally
inadequate for real-time process optimization under
dynamically evolving conditions (Bressane et al., 2023).

To position the present contribution within the
broader methodological landscape, the evolution of data-
driven approaches to water-quality and coagulant-dosage
prediction may be conceptualized as four progressive
stages. In the first stage, traditional machine-learning
methods such as multiple linear regression, support vec-
tor machines, and k-nearest neighbours established the
feasibility of data-driven dosage estimation. In the sec-
ond stage, ensemble-learning techniques, encompassing
bagging-based architectures such as random forests and
boosting-based architectures such as Gradient Boost-
ing Regression Trees, XGBoost, LightGBM, and Cat-
Boost, were introduced to capture the nonlinear and

multivariate interactions that single learners could not
adequately represent. In the third stage, deep-learning
architectures, including convolutional, recurrent, graph-
attention, and transformer-based models, were adopted
to extract hierarchical spatiotemporal features from high-
resolution operational datasets. In the fourth and most
recent stage, explainable artificial intelligence (XAI) has
been integrated so that model behaviour may be rendered
transparent and operationally trustworthy. The literature
reviewed below is organized according to this four-stage
perspective.

In accordance with this perspective, prior studies
may be organized hierarchically into three method-
ological categories. The first category comprises linear
and statistically grounded models, most notably multi-
ple linear regression, which afford direct interpretabil-
ity but are intrinsically limited in capturing the nonlin-
ear, threshold-dependent interactions that govern coag-
ulant demand (Etemadi & Khashei, 2021; Shams et al,,
2021). The second category encompasses tree-based
ensemble models, spanning bagging architectures such
as random forests and boosting architectures such as
Gradient Boosting Regression Trees, XGBoost, Light-
GBM, and CatBoost. Robustness within this category
differs appreciably among algorithms: boosting learn-
ers that sequentially correct residuals tend to generalize
more reliably under noisy and heterogeneous time-series
conditions than single learners or bagging ensembles,
while the integration of multi-source data fusion and
signal-decomposition strategies has been shown further
to enhance ensemble robustness in water-quality fore-
casting (M. An et al, 2026; S. Xu et al, 2026). The
third category concerns XAl-based water-quality pre-
diction, in which post-hoc attribution methods such
as SHAP and LIME are coupled with predictive mod-
els in order to quantify feature contributions. Although
global attribution has been widely reported, compara-
tively few investigations have addressed local, instance-
level interpretation of time-series water-quality predic-
tions; this gap has recently been addressed through the
coupling of interpretable frameworks with transformer-
and Kolmogorov-Arnold-network-based architectures
and through advanced local-explanation strategies (Ding
et al.,, 2026; Gharehbaghi et al., 2026a). The present study
is situated within, and seeks to integrate, all three cate-
gories.

The inherent limitations of empirical approaches have
motivated the development of predictive models that
estimate coagulant dosage directly from operational
water-quality data. Early machine learning applications
demonstrated the feasibility of modelling coagulation
processes using data-driven methods, with support vec-
tor machines and k-nearest neighbours achieving reliable



predictive performance across diverse treatment plants,
thereby establishing the viability of machine learning for
coagulant dosage prediction (K. Zhang et al., 2013). Sub-
sequent studies significantly expanded this paradigm. For
example, hybrid machine learning frameworks integrat-
ing decision tree models with optimization algorithms
achieved correlation coefficients exceeding 0.96 and
improved predictive accuracy by more than 70% com-
pared to conventional empirical methods, demonstrat-
ing the ability of machine learning to capture complex
nonlinear dependencies among process variables (Achite
et al,, 2024). Similarly, fuzzy inference system-based
approaches demonstrated substantial reductions in pre-
diction error, outperforming neural networks, random
forests, and other conventional models by more effec-
tively capturing uncertainty and nonlinear interactions
within treatment systems (Bressane et al., 2023).

More recent developments have leveraged ensem-
ble learning and deep learning techniques to further
enhance predictive performance. Ensemble machine
learning models, including random forests and hybrid
boosting frameworks, have demonstrated strong predic-
tive performance, reducing mean absolute percentage
errors to below 5% while simultaneously improving treat-
ment efficiency and reducing chemical consumption (S.
Xu et al., 2026). In parallel, hybrid machine learning
approaches integrating metaheuristic optimization tech-
niques have achieved predictive accuracies exceeding
95%, highlighting the capacity of ensemble-based frame-
works to model complex treatment dynamics (Kalhor-
mohammadi & Khoramipour, 2025; Randive et al., 2025).
These advances underscore the growing role of ensem-
ble learning as a robust and effective tool for modelling
nonlinear environmental systems.

Deep learning approaches have further advanced the
state of the art by enabling the extraction of hierarchi-
cal temporal and nonlinear features from high-resolution
operational datasets. Graph attention-based deep learn-
ing models have demonstrated coeflicients of determi-
nation exceeding 0.94, significantly outperforming tra-
ditional machine learning methods by capturing com-
plex temporal dependencies and feature interactions (Lin
et al, 2023a). Comparative analyses between conven-
tional machine learning and deep learning frameworks
have further confirmed the superior generalization capa-
bility of deep architectures, particularly under highly
nonlinear and heterogeneous physicochemical condi-
tions, highlighting their ability to capture complex inter-
actions that remain unresolved by traditional ensemble
and regression models (Lin et al., 2023b). Similarly, deep
learning frameworks incorporating convolutional archi-
tectures have achieved Nash-Sutcliffe efficiency values
exceeding 0.93 and correlation coeflicients approaching
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0.97, demonstrating their ability to capture periodic-
ity and nonlinear dynamics inherent in water treatment
processes (Kim et al., 2024). These improvements have
translated into tangible operational benefits, including
reductions in chemical consumption of more than 20%
while maintaining compliance with treated water qual-
ity standards (Kim et al., 2024). Furthermore, explain-
able artificial intelligence approaches have enabled the
identification of key physicochemical drivers governing
coagulant demand, with variables such as conductivity,
colour, and turbidity consistently identified as dominant
predictors (Fouchal et al., 2025; Namane et al., 2025).

Despite these advances, important limitations remain.
Deep learning models often require extensive training
datasets, substantial computational resources, and care-
ful hyperparameter tuning, which may constrain their
operational deployment. Moreover, their inherent archi-
tectural complexity may limit interpretability, which
remains a critical requirement for safety-critical infras-
tructure systems such as water treatment facilities. In
this context, boosting algorithms represent a particu-
larly promising yet comparatively underexplored mod-
elling paradigm. By sequentially aggregating weak learn-
ers into a robust predictive ensemble, boosting meth-
ods can effectively approximate highly nonlinear func-
tional relationships while maintaining strong general-
ization capability and computational efficiency (Fried-
man, 2001). Modern boosting implementations, includ-
ing Gradient Boosting Regression Trees, XGBoost, Light-
GBM, and CatBoost, have demonstrated exceptional per-
formance across diverse environmental and engineering
applications, achieving predictive accuracies exceeding
95% while maintaining robustness to noise and hetero-
geneity in real-world datasets (Randive et al., 2025; S. Xu
etal., 2026).

The need for robust predictive frameworks is partic-
ularly evident in water treatment systems characterized
by pronounced physicochemical variability. The Taksebt
water treatment plant in Algeria provides a compelling
and representative case study in this regard. This facil-
ity treats surface water exhibiting substantial temporal
variability in key physicochemical parameters, includ-
ing turbidity, conductivity, temperature, dissolved oxy-
gen, ultraviolet absorbance, and colour, all of which
exert nonlinear and interacting influences on coagu-
lant demand (Fouchal et al., 2025). Previous investiga-
tions conducted at this facility have demonstrated that
advanced machine learning and deep learning models
can effectively predict coagulant dosage while identi-
fying conductivity and colour as dominant controlling
variables, underscoring the importance of capturing non-
linear interactions among physicochemical parameters
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(Fouchal et al., 2025). Despite these advances, a crit-
ical gap persists in developing predictive models that
simultaneously achieve high predictive accuracy, com-
putational efficiency, robustness, and operational inter-
pretability. Recent research has predominantly focused
on deep learning architectures, which have demonstrated
remarkable predictive performance (Fouchal et al., 2025;
Kim et al., 2024; Lin et al., 2023a). However, these models
often require large training datasets, substantial compu-
tational resources, and complex hyperparameter tuning,
which may limit their practical deployment in opera-
tional water treatment environments characterized by
limited data availability and strict reliability require-
ments. Furthermore, their intrinsic architectural com-
plexity may hinder interpretability, which remains essen-
tial for process control and operational decision-making.

Accordingly, the present study addresses this critical
research gap by developing and systematically evaluating
advanced boosting-based models for coagulant dosage
prediction using real-world operational data from the
Taksebt water treatment plant. Specifically, this study
aims to achieve three primary objectives. First, it evalu-
ates the predictive performance of state-of-the-art boost-
ing algorithms including AdaBoost, Gradient Boosting
Regression Trees, XGBoost, LightGBM, and CatBoost in
modelling coagulant dosage under complex and vari-
able physicochemical conditions. Second, it identifies
and quantifies the relative importance of water qual-
ity parameters governing coagulant demand, thereby
improving mechanistic understanding of coagulation
dynamics. Third, it establishes a robust, interpretable,
and operationally deployable predictive framework that
supports intelligent, adaptive process control in real-
world water treatment systems. By integrating advanced
ensemble learning techniques with high-resolution oper-
ational data, this study advances the emerging paradigm
of intelligent, data-driven water treatment and represents
a significant step towards realizing autonomous, adap-
tive, and resource-efficient water treatment infrastruc-
ture.

The novelty of the present study resides not in the
isolated application of individual boosting algorithms,
which have indeed been compared in earlier publi-
cations, but in the integration of three methodolog-
ical components into a single, coherent, and opera-
tionally oriented framework. First, a hierarchical feature-
elimination experiment is conducted, in which six pro-
gressively reduced input configurations (from seven pre-
dictors down to two) are applied uniformly across all nine
algorithms, so that algorithmic robustness may be iso-
lated from data-related effects and the minimal predictor
set required for dependable prediction may be identi-
fied. Second, the statistical significance of the observed

performance differences is established by means of two
complementary tests: the Diebold-Mariano test of equal
predictive accuracy and the non-parametric Kruskal-
Walli’s test of distributional equivalence, rather than
being inferred from point-estimate metrics alone. Third,
model interpretability is examined through the combined
application of global and local XAI techniques, whereby
SHAP and LIME are jointly employed in order to rec-
oncile global feature-importance rankings with instance-
level explanations. The simultaneous integration of these
three components distinguishes the present contribution
from earlier horizontal comparisons of boosting models
and provides a transferable methodology for transparent,
data-driven coagulant-dosage control.

2. Methods
2.1. Multiple linear regression (MLR)

Multiple linear regression (MLR) is a statistical method
used to model the linear relationship between a single cri-
terion and two (or more) predictor variables. It expands
plain linear regression by combining numerous predictor
variables, allowing analysts to predict effects based on a
combination of numerous components (Agirre-Basurko
et al., 2006; Nimon & Oswald, 2013). It has a powerful
advantage for solving predictive problems in that it allows
analysts to intuitively see in which direction (i.e. posi-
tive or negative) and to what extent a specific variable
affects the criterion variable (Y) through the regression
coefficient attached to each predictor variable (X). On
the other hand, it basically assumes that the relation-
ship between predictor and criterion variables is linear
(straight line), and requires the variables to be indepen-
dent of each other, so it has the disadvantage of having
difficulty capturing complex nonlinear relationships and
interactions between variables in the real world (Etemadi
& Khashei, 2021; Shams et al., 2021).

The core formula of MLR is to define the predicted
value of the criterion variable as a linear function of sev-
eral predictor variables, and to estimate the coefficients
(i.e. weights) that best supply the relationship between
the predictor variables. That is, it is a process of finding
an optimal line by minimizing the sum of squared errors
using the least squares method, which is the sum of the
squared distances between the actual and predicted val-
ues in the dataset. Therefore, the mathematical relation
in MLR can be provided as formula (1).

Y=PFo+/iXi+/Xo+ -+ Xk +e (1)

where Y = criterion variable; X1, X5, ... , Xy = predictor
variables; fo = intercept; f1, f2,..., Sk = regression
coefficients; and € = residuals, respectively. To ensure



predictive results with MLR, several key assumptions
must hold, including the absence of multicollinearity,
independence, homoscedasticity, normality, and linear-
ity (Guillén-Casla et al., 2011). The analysts can collect
more historic documents and reports, including coagu-
lant dosage prediction, utilizing MLR to assist them in
understanding clearly from Agirre-Basurko et al. (2006),
Chakraborty and Goswami (2017), and Achite et al.
(2024).

2.2. Random forest regression (RFR)

Random forest regression (RFR) operates within a com-
posite learning framework, building a collection of clas-
sification trees over the course of the learning pro-
cess (Breiman, 2001). This collective method leverages
the combined knowledge collected from numerous tree
architectures to improve predictive accuracy (Achite
etal, 2023; Z. Zhou et al., 2023). It successfully manages
sophisticated nonlinear interdependencies and complex
dataset architecture, and also presents excellent compu-
tational achievement when handling massive and multi-
dimensional datasets (Ahmad et al., 2018; J. Zhang et al,,
2025). The basic component of RFR is a decision tree
architecture. However, unlike individual decision tree
implementation, it combines additional probabilistic ele-
ments throughout the tree-building process, including
feature selection and split point identification procedure
(Breiman, 2001; L. Feng et al., 2025), and excels at man-
aging complex dataset interdependencies and preventing
over-specialization of the model. Also, variations gener-
ated by the probabilistic tree development process ensure
effective model mobility to new datasets, thereby improv-
ing overall stability (S. Xu et al., 2026; Z. Zhou et al,,
2023).

RFR employs bootstrap aggregation to generate indi-
vidual trees from the resampled subgroups of the original
training dataset. The addressed strategy enhances model
flexibility and reduces predictive variability by avoiding
dependence on sources of a specific dataset (Z. Zhou
et al., 2023). The mathematical formulation of RFR can
be expressed as the following formula (2).

K
o0 = 2 3 10 @
k=1

where, fg (X) = RFR prediction utilizing K trees for
input X; Ty (X) = predictive performance for the k-th
decision tree; and % Zszl Ti(X) = the average of pre-
dictive performances across all trees, respectively.

The greatest strength of RFR is that it is robust to data
noise because it utilizes a bagging method to indepen-
dently train multiple decision trees and then averages the
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results. Therefore, it effectively prevents overfitting, in
which the model is overly fitted to the training data. On
the contrary, the main drawback of RFR is that it is an
ensemble of decision trees, and since decision trees out-
put the average value of leaf nodes to which the input data
belongs, they cannot predict values that are outside the
range of training data (S. Xu et al., 2026; Z. Zhou et al,,
2023). For comprehensive knowledge on the develop-
ment and application of RFR, including coagulant dosage
prediction, see the significant research articles by Ahmad
etal. (2018), L. Feng et al. (2025), and S. Xu et al. (2026).

2.3. Adaptive boosting (AdaBoost)

Adaptive boosting (AdaBoost) is a sequential ensemble
method that builds multiple weak learners by leverag-
ing different training subsets randomly selected from
an initial training dataset (Karuppiah et al., 2026). Dur-
ing each training iteration, specific weights are assigned,
which serve two purposes: first, they lead to the learning
procedure for individual hypotheses, and second, they
assist the error calculation for each hypothesis across
the dataset, while also indicating the relative importance
of each sample dataset (Gharehbaghi et al., 2026b; S.
Wang et al., 2024). It includes the superior performance
when solving complex classification problems and han-
dling high-dimensional datasets with multiple essences.
The extent to which each predictor variable contributes to
the final outcome is correlated with the accuracy achieved
when evaluated using a weighted subset of training sam-
ples (D. C. Feng et al., 2020; L. Wang et al., 2022).

In addition, it displays resistance to overfitting
throughout the learning process, a feature that has been
theoretically validated and empirically supported in pre-
vious research (Shi et al., 2024). Therefore, weight adjust-
ments for individual cases should be made according to
the method in formula (3) (S. Wang et al., 2024).

Wl-t'H = wfexp(atLg) (3)

where w} = weight of the i-th training sample at itera-
tion f; WZ-H'1 = updated weight of the same sample for
the next boosting procedure; a; = coeflicient assigned to
the weak regressor at iteration f; and Lf = loss/error for
the i-th data under the weak regressor, respectively. The
previously calculated weight values must be normalized
so that they sum to 1.0 utilizing formula (4).

0(t+1)

W.

WiH-l — i — (4)
+1

where, W? =+ _

ple i at iteration t+1; >, W?(tﬂ) = the sum of all

the unnormalized weight of sam-
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unnormalized weights across the » training samples; and
W!t! = the final normalized weight of sample i at itera-
tion t+1, respectively.

AdaBoost has the advantage of creating a learner with
very strong performance by linking simple and weak
learners together for solving predictive problems because
it utilizes a sequential learning method that assigns
higher weights to data with errors from previous learn-
ers, allowing the next learner to focus on learning them.
However, it has a tendency to overweight incorrect prob-
lems, so it tends to mistake incorrect noise or unusual
outliers as important data that must be corrected and
stick to them until the end. Therefore, if there are outliers
or noise in the data, there is a high risk of the model’s per-
formance deteriorating rapidly or overfitting (Shi et al.,
2024; L. Wang et al., 2022). Conventional application of
AdaBoost to solve nonlinear prediction and computa-
tional problems, including coagulant dosage prediction,
can be found in previous articles, such as D. C. Feng
etal. (2020), S. Wang et al. (2024), and Gharehbaghi et al.
(2026b).

2.4. Categorical boosting (CatBoost)

Categorical boosting (CatBoost) is a boosting-based pre-
dictive framework that operates via a recurrent tree-
based learning mechanism. A core feature that sets Cat-
Boost apart is its ability to handle non-numeric feature
attributes during training (Prokhorenkova et al., 2018;
Randive et al., 2025). These features enable CatBoost to
efficiently handle non-numeric variables without exten-
sive data preparation, including binary encoding con-
version. It successfully identifies complex relationships
and interdependencies in the dataset by leveraging nat-
ural organizational patterns within categorical attributes,
resulting in accurate prediction (Dasi et al., 2023; Y.
Zhang et al., 2020). CatBoost uses an optimization-based
algorithm (e.g. a greedy approach) to generate succes-
sive approximations across computation cycles, aiming to
minimize a predefined objective function. It also lever-
ages a robust method known as sequential target encod-
ing to transform non-numerical features into quantitative
representations, which can be formalized as shown in
formula (5) (Ahmed et al., 2024; Prokhorenkova et al.,
2018).

-1
S Xk = Xopkl Yos + B.P
‘J j
—1
S Kok = Xopil + B

(5)

Xap,k =

where, X;, x = value of feature k for partition o ; Y55 =
output associated with sample K in partition o; f =

smoothing parameter (i.e. regularization to avoid over-
fitting when leaf counts are small), and P = some prior
prediction, respectively.

CatBoost handles categorical data with great sophisti-
cation when solving predictive problems, without com-
plex preprocessing such as one-hot encoding. Also,
unlike conventional target encoding methods, which suf-
fer from target leakage (i.e. learning by knowing the
correct answers in advance), it accounts for data order
and eliminates this problem at its source. In addition,
the sequential boosting method, which randomly shuffles
data multiple times and computes statistics at each step
to prevent target leakage, significantly increases computa-
tional complexity. As a result, the learning process is very
heavy memory-intensive (Prokhorenkova et al., 2018; Y.
Zhang et al., 2020). For a more in-depth exploration
of development and application of CatBoost, including
coagulant dosage prediction, consider our comprehen-
sive description in Prokhorenkova et al. (2018), Dasi et al.
(2023), and Ahmed et al. (2024).

2.5. Gradient boosted regression trees (GBRT)

Gradient boosted regression trees (GBRT) are a com-
bined predictive model based on the principles of the
boosting algorithm. It utilizes multiple regression-based
tree architectures as its fundamental model, and employs
a forward stepwise method. At each step, a new weak
classifier is developed along the gradient direction to
minimize the residual, thereby reducing the cumulative
predictive error from the weak classifiers in the previous
step (Jiang et al., 2022; Nie et al., 2021; Zhu et al., 2024). At
the same time, it modifies the weighting scheme applied
to the training instances, allowing continuous learning
to produce new baseline predictors that perfectly capture
the data characteristics, and improve the predictive accu-
racy of weak models. Finally, the integrative approach
combines the results of all weak models via linear integra-
tion, yielding predictions with higher accuracy (He et al.,
2020; Jiang et al., 2022). In this method, the initialization
of fundamental predictor variables proceeds according to
the approach based on the following formula (6) (Liao
et al., 2020).

fo(x) = argmin z L(yi, ) (6)

i=1

where, fo(x) = the initial prediction function before any
boosting iterations; y; = the actual value of criterion
variable for sample i; and L(y;,c) = the loss function
between the actual value y; and a constant prediction c,
respectively. In GBRT, the calculation of estimated resid-
ual values is also performed through a mathematical



approach as shown in the following formula (7) (Liao
et al., 2020).

B [3L(J’i,f(xi)):|
" ofx)  Irw=fuar

where, r,,; = the pseudo-residual for sample i at iter-
ation m; L(y;,f(x;)) = the chosen loss function; and
fm—1(x) = the current boosted model before adding the
m-th tree, respectively.

GBRT has the advantage of maximizing performance
for solving predictive problems by using a sequential
method in which a new tree learns the residuals that
the previous tree did not predict, and gradually improves
on the mistakes of the previous stage in the next stage.
On the contrary, the significant drawback is that it uses
a serial structure, which cannot train multiple trees
simultaneously, making parallel processing difficult and
increasing training time and parameter tuning difficulty
(Liao et al., 2020; Nie et al., 2021). To gain a deeper
understanding of predictive problems, including coagu-
lant dosage prediction, by leveraging development and
application of GBRT, readers are encouraged to refer to
the following articles, such as Liao et al. (2020), Jiang et al.
(2022), and Zhu et al. (2024).

(7)

2.6. Histogram gradient boosting (HistGBRT)

Histogram gradient boosting (HistGBRT) is a hybrid
approach that combines gradient-based ensemble and
binning-based methods to develop predictive modelling
systems. Essentially, HistGBRT leverages the unique
strengths of histogram-based plans to maximize the
operational efficiency and information-adding poten-
tial of the system. This method enhances conventional
boosting-based models by discretizing continuous fea-
ture variables into categorical bins (Hoang, 2025; Merabet
et al., 2025; Nhat-Duc & Van-Duc, 2023). The parti-
tioned parts represent the data distribution in a graph
form, and each partition generates an important calcu-
lated metric. During the training process, each new deci-
sion tree in the overall model is built from previously
trained trees. Within this category, newly added trees
concentrate on minimizing predictive errors introduced
by previous components (Fu, 2025; Merabet et al., 2025).
This iterative mechanism gradually reduces the objective
function, which represents the error magnitude of the
entire ensemble system. Also, the objective function can
be expressed as the following formula (8) (Hoang, 2025).

1 N
fos =3 ; (i — t)* (8)

where N = the number of data samples; y; = the pre-
dicted values; and #; = the actual values, respectively.
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The significant strength of HistGBRT for predictive
modelling is that it is much faster and uses less mem-
ory than traditional gradient boosting (e.g. XGBoost and
LightGBM) on large datasets. The reason is that while a
typical decision tree sorts and exhaustively examines all
data to find the optimal split point, HistGBRT divides
continuous variables into a predetermined number of
bins and categorizes them (Guryanov, 2019; Marvin et al.,
2023). In addition, the major drawback when applying
HistGBRT is the loss of information due to discretization
of data that occurs during the process of grouping data
into bins. Because it forces continuous numerical data
into specific bins, its accuracy may be reduced in predic-
tive problems where very small numerical differences are
important (Guryanov, 2019; Tamim Kashifi & Ahmad,
2022). More important papers and references on solv-
ing nonlinear problems, including coagulant dosage pre-
diction, utilizing HistGBRT can be found in Guryanov
(2019), Nhat-Duc and Van-Duc (2023), and Merabet
et al. (2025).

2.7. Light gradient boosting machine (LightGBM)

Light gradient boosting machine (LightGBM) is a
scalable computing platform that supports accelerated
gradient-based ensemble learning. It integrates two opti-
mization methods, including exclusive feature bundling
(EFB) and gradient-based one-sided sampling (GOSS),
into its structural framework for data processing and pre-
dictive modelling tasks (Fan et al., 2019; Guo et al., 2023).
It implements a depth-limiting mechanism to address the
potential overfitting problem that can arise from the gen-
eration of overly complex decision trees during the final
node-centric growth process. This mechanism is a struc-
tural element that aims to optimize performance while
minimizing the possibility of overfitting (Stefanovska &
Pepelnjak, 2025). It focuses on reducing the expected
value of a given objective function. The optimization
criterion for this framework can be expressed in the
following formula (9) (Y. Zhou et al., 2022).

n K
Obj = > "1y 5) + >_ Q(fe) 9)
i=1

k=1

where (y;, y;) = theloss function between the active and
predicted criterion; ", I(y;, ;) = the measure of how
well the model fits the data; and Q(fi) = the regulariza-
tion term for the k-th tree, respectively. The regulariza-
tion (e.g. constraint) term can be set utilizing the formula
(10) (Y. Zhou et al., 2022).

1
Q) = yT+5M|co||2 (10)
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where, fy = the k-th regression tree; T = the number of
leaves in the tree; y = the complexity penalty for each
leaf; » = the predictive values at leaves; ||w||?> = L2
norm of leaf weights; and 4 = regularization parameter
to shrink leaf scores, respectively.

The strength of LightGBM for solving predictive prob-
lems lies in the use of GOSS to focus on data with
high gradients and sample only a small subset of data.
Furthermore, it utilizes EFB to bundle variables, reduc-
ing computational complexity. As a result, it trains very
quickly, and utilizes memory efficiently, even on large
datasets. Explaining the weakness of Light GBM, in addi-
tion, because it adopts a leaf-wise growth method that
immediately splits the node with the largest loss value, it
is easy to experience overfitting, which is excessive opti-
mization only for the training data, when the amount of
data is small or the hyperparameter settings are inappro-
priate (Guo etal., 2023; K. Xu et al.,, 2023). There are many
examples of LightGBM being commonly applied to non-
linear predictive problems, including coagulant dosage
prediction, in the previous literature, such as Fan et al.
(2019), Guo et al. (2023), and Stefanovska and Pepelnjak
(2025).

2.8. Natural gradient boosting (NGBoost)

Natural gradient boosting (NGBoost) is a boosting-based
algorithm that goes beyond simple point estimation to
calculate the entire probability distribution of predicted
values (Duan et al., 2020). A key feature of NGBoost is
that it generates distributional estimates rather than sin-
gle predicted values. This allows for a more detailed anal-
ysis of possible scenarios, and more effectively reflects the
probabilistic characteristics inherent in empirical data
(Kavzoglu & Teke, 2022; S. Zhang et al., 2024). The adap-
tive framework of NGBoost for selecting optimization
criteria provides compatibility with a variety of statisti-
cal distributions, improving efficiency across heteroge-
neous data environments. It utilizes the gradient-based
ensemble approach to improve predictive accuracy by
incrementally adding fundamental predictors over itera-
tive training steps (Park et al., 2024; Rahman et al., 2025).
Also, it can be updated based on stage ¢ of the learn-
ing process through the following formula (11) (Rahman
et al.,, 2025).

Fry1(x) = Fy(x) + n.he(x) (11)

where, Fy(x) = the current distribution parameter;
h¢(x) = weaklearner trained on natural gradients of neg-
ative log-likelihood; and # = the learning rate, respec-
tively. In addition, the coefficient adjustment protocol

within NGBoost is as the following formula (12) (Rah-
man et al., 2025).

Orp1 = 0 — n(F; ' VL)) (12)

where, 6; = the parameters of the predicted distribution
at step t; VL, = the ordinary gradient of the loss; F; ' =
the Fisher information matrix; F,” 'VL; = the gradient
preconditioned by the Fisher geometry; and # = the
learning rate, respectively.

The important strength of NGBoost is that it can esti-
mate distribution parameters, such as the standard devia-
tion and the mean, during the training process, so it pro-
vides a probability distribution of predicted values rather
than a simple point estimate, allowing for the identifi-
cation of confidence intervals. However, since NGBoost
must perform complex matrix operations at each step to
find the inverse matrix of the Fisher information matrix,
and calculate the natural gradient during the parameter
optimization process, it has the disadvantage of being sig-
nificantly slower in learning speed and consuming more
computing resources than high-performance boosting
models, such as XGBoost and LightGBM (Chen et al.,
2022; Kavzoglu & Teke, 2022). The diverse researches,
including Duan et al. (2020), S. Zhang et al. (2024), and
Rahman et al. (2025), provide excellent case studies on
prediction and application issues (e.g. coagulant dosage)
utilizing NGBoost.

2.9. eXtreme gradient boosting (XGBoost)

eXtreme gradient boosting (XGBoost) is an open-source
library that optimizes the gradient boosting algorithm
for parallel computing, maximizing performance and
speed (Babajide Mustapha & Saeed, 2016; Sheridan et al.,
2016). It is based on the gradient boosting decision tree
framework, and has received considerable recognition
for outstanding performance in various application areas.
Also, it sequentially develops and improves weak learn-
ers, thereby creating strong learners (D. C. Feng et al,
2020; Osman et al., 2021). These fundamental classifiers
set individual decision boundaries that aim to minimize
a prior loss function, and are ultimately merged to pro-
duce the final decision boundary. Unlike other machine
learning models, XGBoost includes a regularization fac-
tor within its objective function to prevent overfitting
issues. The main objective function can be represented
as the following formula (13) (Trizoglou et al., 2021).

n t
0= LunFx) + D R +C  (13)
t=1

k=1

where, > L(yt, F(x;)) = the trainingloss; > ;_, R(f)
= regularization term at iteration k that controls the



complexity of trees; and C = the constant term, respec-
tively. Also, the regularization component can be pro-
vided as the following formula (14) (Trizoglou et al.,
2021).

H
1 2
R(f) :aH+EnJ§Wj (14)

where, H = the number of leaves in the tree; sz = the
weight of leaf j; a« = L1 regularization term (i.e. Lasso
penalty); and # = L2 regularization term (i.e. ridge
penalty). The total loss is chosen by the sum of individ-
ual loss components. Since the data in a decision tree is
mapped to leaf nodes, the total loss can be calculated by
aggregating the loss values at these leaf nodes (Kavzoglu
& Teke, 2022; Trizoglou et al., 2021).

XGBoost has the advantage of being able to make more
precise predictions than the conventional boosting-based
models, and effectively suppressing overfitting because
it includes a regularization (L1/L2) function that con-
trols the complexity within itself, and utilizes the sec-
ond derivative (Hessian) of the loss function to more
accurately find the optimal split point. Judging from the
weaknesses of XGBoost, however, there are numerous
hyperparameters that must be tuned to achieve opti-
mal performance, and the combinations between them
are complex. Furthermore, model settings are challeng-
ing due to memory shortage issues when the data is
extremely large, and the training process consumes sig-
nificant system resources (i.e. memory/CPU) (Osman
et al, 2021; Trizoglou et al., 2021). Readers can find
various knowledge and information, including coagulant
dosage prediction, on the application of XGBoost in the
following papers and manuscripts: Sheridan et al. (2016),
Osman et al. (2021), and Trizoglou et al. (2021).

2.10. Shapley Additive exPlanations (SHAP)

Shapley Additive exPlanations (SHAP) is an explain-
able AI (XAI) method that utilizes the Shapley value of
game theory to explain the predictive results of complex
machine learning and deep learning models. It quantifies
the contribution of each feature to the predicted outcome
of a specific dataset, and applies game theory to machine
learning and deep learning, which fairly distributes the
overall performance to each feature (Lundberg & Lee,
2017; Nohara et al., 2022). The development background
of the SHAP method was proposed to address the prob-
lems of black box models, lack of consistency, and the
need for a theoretical basis (Ekanayake et al., 2022; Lund-
berg & Lee, 2017). First, the problem with black box
models is that high-performance models, such as deep
learning and XGBoost, have complex internal structures,
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making it difficult to understand why the specific results
were obtained (Prendin et al., 2023). Next, the conven-
tional method of feature importance has the inconsis-
tent problem in which importance is distorted depending
on changes in the model structure or dataset (Alizamir
et al., 2024). Finally, it was developed to provide a the-
oretical basis, including reliable explanatory indicators
based on mathematically proven fairness and consistency
(Ekanayake et al., 2022; L. Feng et al., 2025; Lundberg &
Lee, 2017).

One of the advantages of the SHAP method can
be explained by its mathematical robustness, satisfying
all theoretical properties of local correctness, omission-
freeness, and consistency based on Shapley values. It is
also useful not only for describing individual data (i.e.
local), but also for analysing trends in the entire model
(i.e. global). In addition, it can be applied to any machine
learning and deep learning models, and also provides
an optimized and fast algorithm (Alizamir et al., 2024;
Prendin et al., 2023).

The weakness of the SHAP method can be catego-
rized as follows. First, since the SHAP method must
consider combinations of all possible variables, compu-
tation time increases exponentially as the number of data
and features increases. Consequently, it costs high com-
putational expenses (Garcia & Aznarte, 2020). Next, if
the correlation between the feature variables is ignored
and there is a strong correlation between them, the con-
tribution of feature variables may be distributed, lead-
ing to an interpretation that contains errors (Fouchal
et al., 2025; Merabet et al., 2025). Finally, SHAP values
represent contribution, not causality, so care should be
taken not to over-interpret the numerical results as causal
influence (Garcia & Aznarte, 2020; Prendin et al., 2023).
Readers can find more previous articles and references,
including coagulant dosage prediction, to help them
understand and utilize the SHAP method from Lund-
berg and Lee (2017), Ekanayake et al. (2022), and L. Feng
etal. (2025).

2.11. Local interpretable model-agnostic
explanations (LIME)

Local interpretable model-agnostic explanations (LIME)
is based on the assumption that even if the overall model
is complex, it can be approximated by a simpler model
in a very narrow range. Therefore, rather than trying to
explain the entire complex model, it is a method of creat-
ing a linear model that explains a local area by observ-
ing changes around the specific data to be interpreted
(Kumarakulasinghe et al., 2020; Zafar & Khan, 2021). It
is developed to verify the model reliability by examining
the basis of actual accuracy in the process of providing
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Figure 1. Location map of Taksebt drinking water treatment plant.

a correct answer. In addition, for a neutral approach to
model interpretation, a general tool is required that can
explain any model as long as it has predictor and crite-
rion values, even if the internal structure, such as model
parameters, is not clearly known (Palatnik de Sousa et al.,
2019; Peng et al., 2024). The significant advantage of the
LIME method is that it is model-agnostic (i.e. flexible)
and can be applied regardless of model or dataset types
(C. Zhang & Liu, 2025). In addition, it is visualized in
a form that is easy for humans to understand, allowing
for intuitive interpretation (Gharehbaghi et al., 2026b).
Finally, it is computationally efficient compared to the
SHAP method, which considers combinations of all vari-
ables, and the results can be investigated easily (Tosan
et al., 2025).

On the contrary, the weakness of the LIME method
is that it is unstable because it only analyses the dataset
surrounding the target of explanation, and even a small
deviation from the range can drastically reduce the relia-
bility of the explanation (Tosan et al., 2025). Also, since it
trains by randomly sampling the surrounding dataset, it
is dependent on data sampling, and therefore the explain-
able results may vary slightly each time whenever it is run
(Y. Zhang et al.,, 2021). The previous articles and doc-
uments in the field of predictive issues (e.g. coagulant
dosage prediction) depending on diverse machine learn-
ing, deep learning, and LIME method can be found from
Kumarakulasinghe et al. (2020), C. Zhang and Liu (2025),
and Gharehbaghi et al. (2026b).

e

3. Study area and data used

3.1. Operational process of the drinking water
treatment plant

The present investigation was conducted at Taksebt
drinking water treatment plant, Algeria (Figure 1), which
has a production capacity of approximately 607,000 m?
per day (Fouchal et al., 2025). The selection of this par-
ticular case study water treatment plant is highly justified
by the fact that, this region has a particular hydrolog-
ical and water quality variability, rendering it a unique
case study site for Mediterranean climate challenges. The
available and stored raw water at Taksebt dam reservoir is
originates from a reservoir heavily influenced by weather
fluctuation. Under such circumstances, raw water qual-
ity is characterized by high peak turbidity and severe
organic matter fluctuations. During the wet season (win-
ter and spring), heavy rainfall events trigger intense soil
erosion within the watershed, causing raw water turbidity
to spike dramatically. Conversely, during the dry summer
and autumn periods, elevated water temperatures and
prolonged water residence times in the reservoir stimu-
late algal proliferation and organic degradation, leading
to sharp, unpredictable fluctuations in dissolved organic
matter. This highly dynamic and fluctuating nature of the
raw water quality presents a major operational challenge
for stable treatment, making the Taksebt plant an ideal
and typical case study for validating advanced predic-
tive coagulant models. It operates using a conventional
coagulation-flocculation process, in which aluminium
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Figure 2. Pearson correlation heatmap.

sulphate (Al>(SO4)3-18H,0) is applied as the primary
coagulant, and has a storage capacity of 28,000 m> on
site. To develop the predictive models, a comprehen-
sive dataset was compiled, incorporating a range of raw
water quality parameters, including: (i) water tempera-
ture (T\,), (if) water pH, (iii) specific conductance (SC),
(iv) water turbidity (TU), (v) water dissolved oxygen
(DO), (vi) water Ultraviolet absorption (UV3s4), and (vii)
water Colour (COU), with a total of 1102 samples. The
database was divided into two subsets: 70% (772 data
points) for training and 30% (330 data points) for model
validation. The statistical parameters for all variables are
given in Table 1. Coeflicients of correlation between coag-
ulant dosage and raw water quality variables are depicted
in Figure 2 in terms of heatmap.

3.2. Descriptive statistics of water quality variables

Table 1 shows the summary statistics for the water quality
variables measured at the Taksebt Water Treatment Plant.
The statistical values include mean (Mean), maximum
(Max), minimum (Min), standard deviation (Std), coef-
ficient of variation (Cy), Kurtosis, Skewness, correlation
with coagulant dosage (R). The electrical conductivity
(SC) values show low variability (Cy =~ 0.086), indicat-
ing a stable ionic composition in the raw water during

‘Weak correlation (0.3 < [r| <0.5)
Lime text: r > 0.8

Yellow text: r <-0.8
—— Blue text: -0.8<r<0.8

the monitoring period. Similarly, pH varies minimally
(Cv = 0.03), indicating a well-buffered aquatic system.
These stable values are likely to consistently contribute to
estimating coagulant dosage. In contrast, UVs4, turbid-
ity (TU), and colour (COU) exhibit substantially greater
variability. UVs4 has a coeflicient of variation (Cy) of
0.787 in the training dataset, indicating substantial vari-
ation in dissolved organic matter concentration. Even
greater variability is seen for COU (Cy = 0.560) and
TU (Cy = 1.659), indicating significant fluctuations in
particulate and colloidal matter in the raw water. Such
high variation suggests nonlinear behaviour and com-
plex interactions with coagulant requirements. Water
temperature (T,) exhibits moderate variability (Cy =~
0.21-0.23), influenced by seasonal changes that can indi-
rectly affect coagulation efliciency through changes in
viscosity and reaction rates. Importantly, the target vari-
able, coagulant dose (Dose), shows moderate variability
(Cv =~ 0.59), indicating that prediction involves both sta-
ble and highly dynamic factors. The presence of high-Cy
predictors (COU, TU, UV,s4) alongside low-Cy vari-
ables (SC, pH) suggests a mixed linear and nonlinear
system, justifying the use of both linear and more sophis-
ticated ensemble learning models. Additionally, the sim-
ilarity between training and validation statistics indi-
cates that the dataset is statistically consistent and free
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Table 1. Summary statistics of water quality variables at Taksebt station.

Variable Subset Mean Median Max Min Std Cy Kurtosis Skweness R
SC Train 487.935 482.750 639.500 424.500 41.739 0.086 —0.261 0.682 0.232
(ps/cm) Test 489.779 488.250 599.500 386.500 42.345 0.086 —0.474 0.505 0.243
All Data 488.487 485.250 639.500 386.500 41911 0.086 —0.336 0.627 0.235
UVys4 Train 5.114 4.600 35.150 0.041 4.025 0.787 9.949 2429 0.520
(cm™") Test 4710 4.550 20.300 0.041 3.341 0.709 4.070 1.381 0.490
All Data 4.993 4.600 35.150 0.041 3.836 0.787 9.353 2.258 0.511
DO Train 4.609 4.808 10.475 0.380 2367 0.514 —1.137 —0.077 0.274
(mg/L) Test 4.896 5.105 9.855 0.365 2.289 0.468 —1.088 —0.189 0.210
All Data 4.695 4.890 10.475 0.365 2.347 0.514 -1.126 —0.113 0.254
Tw Train 17.344 16.575 29.800 8.250 3.693 0.213 0.752 0.972 0.217
(°Q) Test 17.190 16.250 29.850 11.200 3.897 0.227 1.109 1.203 0.323
All Data 17.298 16.500 29.850 8.250 3.754 0.213 0.859 1.045 0.250
cou Train 19.085 10.750 278.000 0.000 29.765 1.560 26.968 4.739 0.337
(HU) Test 16.594 11.000 116.500 0.000 17.433 1.051 11.509 3.097 0.243
All Data 18.339 11.000 278.000 0.000 26.693 1.560 30.609 4,903 0.312
TU Train 3.260 1.955 77.800 0.115 5.408 1.659 72.160 7.221 0.325
(NTU) Test 2.880 2.063 26.250 0.170 3.063 1.064 21.453 4.103 0.257
All Data 3.146 1.990 77.800 0.115 4.829 1.659 81.408 7.452 0.304
pH Train 7.654 7.610 8.350 7.090 0.240 0.031 —0.284 0.535 0.292
(/1) Test 7.669 7.635 8.290 7.130 0.229 0.030 —-0.413 0.372 0.320
All Data 7.658 7.615 8.350 7.090 0.237 0.031 —0.328 0.486 0.300
Dose Train 11.028 10.000 30.000 3.000 6.467 0.586 0.565 0.997 1.000
(mg/L) Test 10.836 10.000 30.000 3.000 6.430 0.593 1.134 1.187 1.000
All Data 10.971 10.000 30.000 3.000 6.454 0.586 0.719 1.051 1.000

of major distributional shifts, supporting reliable model
development. The linear correlation between raw water
quality variables and coagulant dose was illustrated using
a correlation matrix (Figure 2).

The correlation matrix indicates that the coagulant
dose exhibits generally weak to moderate linear relation-
ships with the raw water quality variables, suggesting that
no variable significantly affects the coagulant dose vari-
ability. Overall, the correlation coefficient between coag-
ulant dose and raw water quality variables ranged from
R~0.235 to & 0.510, and among all variables, UVjs4
exhibited the strongest link with Dose (R=0.510), indi-
cating a moderate positive correlation and highlighting
the importance of the absorption of ultraviolet light at a
254 nm wavelength in coagulant dose determination. The
remaining variables, including COU (0.311), TU (0.304),
pH (0.299), DO (0.254), Ty (0.249), and SC (0.2352),
displayed weak positive correlations, reflecting limited
individual linear influence on the applied dose. These rel-
atively low coeflicients suggest that coagulant dosing is
governed by the combined, potentially nonlinear inter-
action among multiple parameters rather than by a single
dominant factor.

Figure 3 illustrates the distributional behaviour of
the raw water quality parameters and the correspond-
ing coagulant dose, providing an integrated overview of
seven input variables (SC, UV;s4, DO, Tw, COU, TU,
and pH) alongside the applied dosage. The combina-
tion of histograms, kernel density estimation (KDE),
and superimposed normal distribution curves highlights
clear differences in dispersion, symmetry, and shape
across variables, reflecting the temporal heterogeneity of

raw water characteristics throughout the study period.
To support a more rigorous statistical evaluation, sup-
plementary analyses are presented in the Supplementary
Material. These include a comparative statistical sum-
mary (Table S1) based on the Kolmogorov-Smirnov test,
Jensen-Shannon distance, and Energy Distance metrics,
together with three additional figures (Figures S1-S3)
that depict cumulative distribution functions (CDF),
probability density functions (PDF), and distance-based
distribution comparisons, thereby offering a comprehen-
sive assessment of distributional similarities and devia-
tions among variables.

3.3. Input combination strategy for model
development

Table 2 shows six hierarchical input configurations
used consistently across all modelling methods, includ-
ing MLR, RFR, AdaBoost, CatBoost, GBRT, HistG-
BRT, LightGBM, NGBoost, and XGBoost. The modelling
framework follows a step-by-step feature elimination
strategy:

e Scenario 1 (Full Model): All seven predictors (SC,
UV254, DO, TW, COU, TU, pH)

e Scenario 2-6: Gradual removal of variables to test
model sensitivity and reliability

This structured reduction has three main goals:
e Systematically removing predictors allows evaluation

of each algorithm’s stability and dependence on spe-
cific variables.
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Figure 3. Distributional characteristics of the raw water quality variables and coagulant dose, with key descriptive statistical indicators.

o It helps identify the minimum set of variables needed

for dependable dose prediction.

e Since all nine modelling frameworks use the same
input scenarios, any performance differences can be
attributed to the algorithms rather than data imbal-

ance.

The stepwise reduction from seven to two variables

resilience when inputs are reduced. This experimental
setup provides a fair way to assess whether CatBoost
delivers the most reliable and explainable predictions
across different levels of input complexity.

3.4. Mutual information-based feature importance
analysis

also examines how boosting models handle limited infor-
mation, compared with linear and bagging methods.
Given the nonlinear and high variability characteristics
noted in Table 1, particularly for TU and COU, effec-
tive boosting techniques are expected to exhibit greater

Figure 4 displays the feature ranking using the KBest
selection method based on mutual information scores.
This method measures the nonlinear relationship
between each predictor and the target variable (coagulant
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Table 2. The input combinations of different models.

Models Inputs Output
MLR1 RFR1 AdaBoost1 CatBoost1 GBRT1 HistGBRT1 LightGBM1 NGBoost1 XGBoost1 SC, UV3s4, DO, Tw, COU, TU, pH Dose
MLR2  RFR2  AdaBoost2  CatBoost2  GBRT2  HistGBRT2 LightGBM2 ~ NGBoost2 ~ XGBoost2 SC, UVys4, DO, Tw, COU, TU Dose
MLR3 RFR3 AdaBoost3 CatBoost3 GBRT3 HistGBRT3 LightGBM3 NGBoost3 XGBoost3 SC, UVys4, DO, Tw, COU Dose
MLR4 RFR4  AdaBoost4  CatBoost4  GBRT4 HistGBRT4 LightGBM4 NGBoost4  XGBoost4 SC, UVys4, DO, Tw, Dose
MLR5  RFR5  AdaBoost5  CatBoost5  GBRT5  HistGBRT5  LightGBM5  NGBoost5  XGBoost5 SC, UV,54, DO Dose
MLR6  RFR6  AdaBoost6  CatBoost6 ~ GBRT6  HistGBRT6  LightGBM6  NGBoost6  XGBoost6 SC, UVys4 Dose
KBest Features Selection
25 N 2
Score: 0.63 Z._ (Doseobs,i — Dose re,i)
RMSE = i=1 4 (16)
20 Score: 0.53 N
g = Score: 0.45 Score: 0.44 N D ) D N2 =
b (Average: 143% NSE — 1 — Zizl (Doseops,i — 0S€pre,i) (17)
= Score: 0.29 . - N 2
£10 18.7% e 2_i—1 (Doseopsi — Doseops)” |
3 16.0% 15.7% Score: 0.21
5 =% 2:5% Zfil (Doseobs,i — Doseps)
(Dosepre,i — Dosepre)
0 sC 24 (V] W U U w R= N —_—2 (18)
. v Y 0 x5 0
o ¢ ¥ \/zizl (Doseops,i — Doseps)
Features

Figure 4. Histograms depicting features scores based on KBest
features selection.

dose). Electrical conductivity (SC) is the most influ-
ential variable, accounting for 22.3% of the maximum
mutual information score (0.63). This shows a strong
link between ionic content and coagulant demand. UV 54
follows with an 18.7% contribution (score = 0.53), high-
lighting the significant impact of dissolved organic matter
on coagulation processes. Dissolved oxygen (DO) and
water temperature (Ty) contribute moderately (16.0%
and 15.7%, respectively), indicating their indirect but
important roles in reaction kinetics and organic matter
behaviour. In contrast, colour (COU), turbidity (TU),
and pH exhibit lower mutual information scores, with
pH showing the least influence (7.4%, score = 0.21),
suggesting it has a weaker relationship with dosage
than the other factors. The average contribution thresh-
old (14.3%) indicates that SC, UV,54, DO, and Tw
are key predictors. This ranking supports the ratio-
nale for the progressive input-reduction strategy shown
in Table 2 and facilitates future comparisons of model
performance.

3.5. Accuracy evaluation criteria

The predictive performance of the developed models was
assessed using four widely adopted statistical indicators:
the Root Mean Square Error (RMSE), Mean Absolute
Error (MAE), Nash-Sutcliffe Efficiency (NSE), and the
Correlation Coefficient (R).

N
Zi:l |D056pre,i — Dose,ps i
N

MAE =

(15)

N —2
> ie1 (Doseprei — Dosepye)

In these expressions, Dose,ps ; and Doseyr,; denote the
observed and predicted coagulant dosages at the i time
step, while N represents the total number of observations.
The terms Dose,ps, and Dosepr correspond to the mean
values of the observed and predicted coagulant dosages,
respectively.

4, Results

This section evaluates the models developed to predict
coagulant dosage at the Taksebt Water Treatment Plant.
The analysis begins with a comparison of model perfor-
mance, followed by a validation process, and an inter-
pretability review. The main goal is to explore how pre-
dictive performance changes from linear regression to
more complex ensemble and boosting methods as input
complexity varies. At the same time, we assess robustness
and interpretability to find the most dependable frame-
work for optimizing operational dosage. A flowchart of
all the modelling framework is depicted in Figure 5.

4.1. Comparative evaluation of machine learning
models

The performance results of all models across different
input configurations are shown in Table 3 and illustrated
in Figures 2-6. We evaluated the models using correla-
tion coefficient (R), Nash-Sutcliffe efficiency (NSE), root
mean square error (RMSE), and mean absolute error
(MAE), along with graphical and distribution-based
analyses. We see clear improvements when moving from
linear regression to ensemble and boosting methods. The
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Figure 5. Flowchart of the strategy adopted for coagulant dosage modelling.

MLR models exhibit moderate predictive ability, with val-
idation R values of approximately 0.71 and NSE values of
approximately 0.50. However, they exhibit relatively high
errors (RMSE ~ 4.5mg/L; MAE ~ 3.6 mg/L), indicat-

ing limitations in capturing nonlinearities in coagulation

processes. Performance degrades under reduced-input
scenarios, highlighting the limitations of linear regres-
sion. Switching to tree-based ensemble methods leads
to significant improvements. Random Forest increases

correlation strength and efficiency, but it remains
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Table 3. Results of coagulant-dosage modelling at Taksebt water treatment plant.

Training Validation
Models R NSE RMSE (mg/L) MAE (mg/L) R NSE RMSE (mg/L) MAE (mg/L)
MLR1 0.715 0.511 4.521 3.630 0.713 0.507 4.510 3.576
MLR2 0.715 0.511 4,522 3.634 0.712 0.506 4514 3.584
MLR3 0.714 0.510 4523 3.639 0.711 0.504 4520 3.587
MLR4 0.709 0.503 4.556 3.657 0.709 0.500 4.541 3.610
MLR5 0.624 0.389 5.053 4.048 0.595 0.349 5.180 4.062
MLR6 0.556 0.310 5.370 4142 0.555 0.299 5.373 4.070
RFR1 0.980 0.958 1.327 0.82 0.915 0.835 2.604 1.738
RFR2 0.980 0.956 1.349 0.839 0.915 0.835 2,612 1.754
RFR3 0.980 0.957 1.336 0.813 0911 0.829 2.655 1.741
RFR4 0.977 0.953 1.399 0.851 0.906 0.820 2.725 1.796
RFR5 0.964 0.925 1.765 1.103 0.857 0.734 3.313 2.200
RFR6 0.925 0.850 2.500 1.710 0.762 0.574 4191 3.012
AdaBoost1 0.863 0.706 3.506 3.069 0.849 0.667 3.703 3.229
AdaBoost2 0.844 0.678 3.667 3.179 0.832 0.640 3.853 3.337
AdaBoost3 0.854 0.695 3.571 3.106 0.836 0.646 3.820 3.328
AdaBoost4 0.834 0.675 3.686 3.101 0.817 0.632 3.896 3.287
AdaBoost5 0.793 0.588 4.146 3.601 0.758 0.519 4452 3.830
AdaBoost6 0.753 0.539 4.390 3.657 0.742 0.521 4.444 3.683
CatBoost1 0.999 0.999 0.208 0.161 0.922 0.849 2.498 1.702
CatBoost2 0.999 0.999 0.229 0.180 0.918 0.842 2550 1.752
CatBoost3 0.999 0.998 0.302 0.238 0.920 0.845 2.526 1.742
CatBoost4 0.998 0.996 0.397 0.303 0913 0.834 2613 1.754
CatBoost5 0.999 0.999 0.100 0.077 0.845 0.708 3.471 2.380
CatBoost6 0.971 0.939 1.593 1.078 0.756 0.559 4.263 3.060
GBRT1 0.999 0.999 0.138 0.100 0.909 0.826 2.682 1.804
GBRT2 0.999 0.999 0.170 0.124 0.907 0.821 2.713 1.881
GBRT3 0.999 0.999 0.194 0.145 0.903 0.815 2.764 1.881
GBRT4 0.999 0.998 0.282 0.204 0.893 0.796 2.897 2.006
GBRT5 0.998 0.996 0.428 0.316 0.860 0.739 3.282 2.306
GBRT6 0.970 0.939 1.595 1.015 0.750 0.544 4.337 3.049
HistGBRT1 0.984 0.967 1.177 0.742 0.904 0.817 2.745 1.897
HistGBRT2 0.984 0.967 1.179 0.760 0.903 0.816 2.754 1.949
HistGBRT3 0.982 0.964 1.229 0.806 0.902 0.813 2.774 1.943
HistGBRT4 0.979 0.957 1.343 0.897 0.896 0.803 2.852 1.974
HistGBRT5 0.959 0.917 1.866 1.256 0.852 0.726 3.362 2.365
HistGBRT6 0.895 0.798 2.906 2.098 0.760 0.573 4197 3.037
LightGBM1 0.999 0.998 0.271 0.120 0.904 0.816 2.755 1.906
LightGBM2 0.999 0.997 0.336 0.158 0.896 0.803 2.852 1.992
LightGBM3 0.999 0.997 0.346 0.172 0.896 0.801 2.867 1.964
LightGBM4 0.998 0.996 0.423 0.242 0.889 0.789 2.951 2.029
LightGBM5 0.993 0.986 0.764 0.486 0.838 0.696 3.538 2.466
LightGBM6 0.954 0.907 1.967 1.371 0.746 0.541 4351 3.140
NGBoost1 0.931 0.858 2.437 1.832 0.898 0.799 2.878 2.263
NGBoost2 0.927 0.851 2497 1.906 0.896 0.794 2915 2.304
NGBoost3 0.924 0.845 2.544 1.938 0.896 0.793 2.922 2.302
NGBoost4 0.924 0.846 2.538 1.947 0.895 0.793 2.920 2.323
NGBoost5 0.898 0.801 2.881 2.150 0.866 0.745 3.241 2.540
NGBoost6 0.846 0.710 3.481 2.559 0.805 0.646 3.822 2.862
XGBoost1 0.997 0.994 0.484 0.347 0.916 0.839 2.577 1.744
XGBoost2 0.997 0.994 0.505 0.363 0.912 0.831 2.640 1.804
XGBoost3 0.996 0.992 0.563 0.401 0.910 0.827 2.670 1.831
XGBoost4 0.995 0.989 0.663 0.477 0.900 0.810 2.799 1.898
XGBoost5 0.990 0.979 0.936 0.659 0.869 0.754 3.183 2.218
XGBoost6 0.955 0.907 1.967 1.339 0.776 0.591 4103 2.940

sensitive to feature reduction, particularly with minimal
input configurations. Boosting algorithms achieve the
most notable improvements in predictive performance.
Gradient-boosting variants typically achieve validation
R values above 0.90 and NSE values above 0.80 in the
most comprehensive scenarios. Error rates drop signifi-

cantly compared to both MLR and AdaBoost, reflecting

a better ability to model nonlinear relationships among
water quality variables.

Figures 6 and 7 summarize this trend in improvement.
Error metrics (RMSE and MAE) significantly decrease
when moving from linear regression to advanced
boosting methods, while R and NSE rise accord-
ingly. Although several gradient-boosting algorithms



ENGINEERING APPLICATIONS OF COMPUTATIONAL FLUID MECHANICS .

0 I I I I I I I I I

R
Ni

@

SE
RMSE
N MAE

=)

£ N

~

‘b°°$ g,o“% q,oos ‘b"@
W o & \;\%“ © ¥
Figure 6. Bar plots of the metrics computed for the validation stage.
MAE RMSE

MLR —— MAE MLR —— RMSE
= ® Best: CatBoost ® Best: CatBoost
® Worst: MLR ® Worst: MLR

2745 2682

MLR — R MLR ~——— NSE
: ® Best: CatBoost T ® Best: CatBoost
® Worst: MLR ® Worst: MLR

NGBdost S AdaBoost NG

Figure 7. Radar plots illustrating performance for the validation stage.



18 K. MERABET ET AL.

30 30
30 -- v=x . 30/ == YX 301 —-- v=x
=< —— Y=0.48X +5.66, R2=0.508 Vit < —— Y=0.81X +227, R2=0.838 ., = —— Y=0.61X +5.44, R2=0.721
X 95% Prediction Band /, ‘ 25 N 95% Prediction Band o /, 25 N 95% Prediction Band 25
g ’ g 3 g
~ 20 ~ 20 N~ 20
Y o 0N ° D 20 o
g s 8 s 8 3
i 152 % 152 g 152
o (= [s}
) © 9 © 9 ©
3 10 3 10 S0 10
3 3 3
=~ 5 R 5 LN 5
R \ . & AdaBoost
10 20 30 10 20 30 10 20 30
Measured Dose (mg/L) Measured Dose (mg/L) Measured Dose (mg/L)
30 30 30
30| == v=x -— y=x -— y=X
| — Y-082X+190,R%=0850 o L 330 — Y-08IX+2.10,R>-0826 o /! 330 —— Y=0.80X +2.23, R2=0.818
N 95% Prediction Band % 25 N 95% Prediction Band Vit 25 N 95% Prediction Band 25
S e o ) ® D)
\E” J 20 \s” » 20 \S' 20
v 20 © v 20 @ o v o
S s 8 s 8 bl
i 152 g 152 % 152
o o (=}
@] &) O
§ 10 10 § 10 10 § 10
3 3 3
= 5 = 5 2 5
=~ CatBoost = GBRT .
10 20 30 10 20 30 1 20 30
Measured Dose (mg/L) Measured Dose (mg/L) Measured Dose (mg/L)
30 ’ 30 30
—-= Y=X 30 —-- v=x -= Y=X
330 — Y=083X 200, R?0817 | s | = Y-073X+3.10, R2=0.807 e 330 —— Y=0.83X + 1.8, R?=0.839 /'
}0 95% Prediction Band > 5 }Q 95% Prediction Band // 5 }Q 95% Prediction Band /, 25
°
& 20 & 20 20 & 20 20
§ 152 % 152 Sg 152
o o [s}
&) &) &)
_‘3 10 10 § 10 10 § 10 10
= = =
5 5 :::’ 5 ::‘ 5
0 LightGBM o NGBoost 0 XGBoost
10 20 30 10 20 30 10 20 30
Measured Dose (mg/L) Measured Dose (mg/L) Measured Dose (mg/L)

Figure 8. Scatterplots of measured versus predicted coagulant dosage using the best models for the validation stage.

perform well, CatBoost stands out for its balanced
performance. It achieves the highest validation correla-
tion (R = 0.922) and NSE (0.849), along with relatively
low RMSE (2.498 mg/L) and MAE (1.702mg/L). The
scatter plots in Figure 8 support these findings. Lin-
ear regression shows noticeable spread around the 1:1
reference line, especially at higher dosage values, indi-
cating consistent deviation under extreme conditions.
Ensemble and boosting methods progressively tighten
prediction spread. CatBoost is closest to the 1:1 line and
has the narrowest 95% prediction band, showing bet-
ter generalization and less bias across the operational
range. The distribution comparisons in Figure 9 pro-
vide further insight into model reliability. While lin-
ear regression compresses the variability of predicted
doses and underestimates extremes, boosting algorithms

better maintain the statistical structure of the mea-
sured distribution. The boxplot and violin plots show
that CatBoost accurately reflects the central tendency,
interquartile range, and overall spread of observed
dosage values, indicating better representation of the
underlying process variability. Finally, the Taylor dia-
gram in Figure 10 provides a statistical comparison of
the standard deviation, correlation, and centred root-
mean-square deviation. CatBoost’s proximity to the
reference point indicates an optimal balance between
high correlation and appropriate variance representation.
Other gradient-boosting methods cluster near the ref-
erence area, whereas MLR is farther away, indicating
its weaker performance. Overall, the combined evidence
from numerical metrics, graphical patterns, distribution
similarity, and the Taylor diagram consistently shows
that boosting algorithms outperform linear regression.
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Figure 9. Boxplot and violinplot for coagulant dosage prediction using the best models.
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Figure 10. Taylor diagram for coagulant dosage prediction using
the best models.

Among them, CatBoost exhibits the most reliable per-
formance across evaluation metrics, providing a strong
foundation for clear and robust predictions of coagulant
dosage.

To further evaluate the model’s robustness, predic-
tive performance across the six hierarchical input sce-
narios was compared. As the number of input variables
decreased from Scenario 1 (seven variables) to Scenario
6 (two variables), all models experienced some deteri-
oration in predictive accuracy. However, the magnitude
of degradation differed considerably among algorithms.
For example, the validation NSE of MLR decreased
from 0.507 to 0.299 (approximately 41%), while RMSE
increased from 4.510 to 5.373 mg/L (about 19%), indi-
cating a strong dependence on the complete predictor
set. A similar trend was observed for AdaBoost, whose
NSE decreased by approximately 22.5% (0.667 to 0.521),
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Kruskal-Wallis Test Results for Models Predictions vs. Measured Data
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Figure 11. Statistical comparison of model predictions using Kruskal-Wallis and Diebold—Mariano tests.

accompanied by an increase in RMSE from 3.703 to
4.444 mg/L. In contrast, CatBoost maintained compara-
tively stable performance under feature reduction, with
validation NSE decreasing from 0.849 to 0.559 (34%) and
RMSE increasing from 2.498 to 4.263 mg/L. Although all
boosting algorithms exhibited some loss of accuracy, Cat-
Boost consistently provided the highest prediction accu-
racy across all six scenarios. Likewise, XGBoost, GBRT,
and LightGBM demonstrated greater resilience to feature
reduction than MLR and AdaBoost, confirming the supe-
rior ability of boosting algorithms to preserve predictive
performance even when only limited water-quality infor-
mation is available. These findings indicate that boost-
ing models are considerably more tolerant of incomplete
feature information than conventional linear regression
models, making them more suitable for practical water
treatment applications where some measurements may
be unavailable or delayed.

4.2. Statistical significance and forecast
comparison tests

To further verify the reliability of model predictions
beyond standard performance metrics, we conducted
non-parametric and forecast comparison tests. The
results of the Kruskal-Wallis test and Diebold-Mariano
(DM) test are shown in Figure 11 and Tables 4 and
5. The Kruskal-Wallis test checks for statistically sig-
nificant differences between measured and predicted
dosage distributions at the 95% confidence level. As
shown in Table 4, MLR (p = 0.0488) and AdaBoost (p ~
0.0000) show significant differences from measured data
(p < 0.05), leading to the rejection of the null hypoth-
esis. This confirms that these models do not accurately
reproduce the observed dosage distribution. In contrast,
CatBoost (p = 0.4945), GBRT (p = 0.4099), XGBoost
(p = 0.4817), and other gradient boosting models show
p-values well above the significance threshold. Therefore,



Table 4. P-values of Kruskal-Wallis test at 95% significance level.

Coagulant Dosage (mg/L)

Models Test statistic (H) p-value Hop

MLR 3.8808 0.0488 Reject Hy — Significant

RFR 1.0894 0.2966 Fail to reject (Not significant)
AdaBoost 19.7666 <0.0000 Reject Hy — Significant
CatBoost 0.4666 0.4945 Fail to reject (Not significant)
GBRT 0.6792 0.4099 Fail to reject (Not significant)
HistGBRT 1.0031 0.3166 Fail to reject (Not significant)
LightGBM 1.0545 0.3045 Fail to reject (Not significant)
NGBoost 2.202 0.1378 Fail to reject (Not significant)
XGBoost 0.495 0.4817 Fail to reject (Not significant)

we cannot reject the null hypothesis, indicating no signif-
icant difference between predicted and observed distri-
butions. Among all models, CatBoost has one of the high-
est p-values, suggesting it aligns closely with measured
data.

Figure 11 confirms these findings, with boosting mod-
els safely above the significance threshold, whereas MLR
and AdaBoost fall below it. To compare predictive accu-
racy between CatBoost and other algorithms, we applied
the Diebold-Mariano test (Table 5). The DM test assesses
whether two competing models have significantly dif-
ferent forecast errors. Results show that CatBoost sig-
nificantly outperforms MLR (p = 1.32e-17), AdaBoost
(p = 6.08e-21), and NGBoost (p = 3.7e-04), as their p-
values are well below 0.05 and the test statistics indi-
cate CatBoost’s superiority. However, when compared
with RFR, GBRT, HistGBRT, LightGBM, and XGBoost,
we find no significant differences (p > 0.05). This indi-
cates that, although several gradient-boosting methods
are competitive, CatBoost often matches or exceeds their
forecasting accuracy. Together, the Kruskal-Wallis and
Diebold-Mariano test results support the strength of
CatBoost. It not only achieves high predictive accuracy
and low error metrics, but also shows consistency with
observed data and statistically validated superiority over
weaker models.

4.3. SHAP interpretability analysis

Global feature importance results (Figure 12) indicate
that UV 54 exhibits the highest mean SHAP value across
nearly all evaluated models. In the best performing
model, CatBoost, UV;54 clearly emerges as the most
influential predictor, accounting for 23.6% of the total
contribution. It is followed by SC (18.8%), T\, (18.5%),
DO (16%), and pH (11%), while TU (6.8%) and COU
(5.3%) exhibit comparatively smaller impacts. A sim-
ilar ranking pattern is observed across most of the
other models, including MLR, RFR, AdaBoost, GBRT,
NGBoost, and XGBoost, UV,54 also remains the most
influential variable, consistently presenting the highest
mean SHAP contribution. However, a different pattern
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is observed for HistGBRT and LightGBM, where SC
slightly surpasses UV,54 and becomes the leading con-
tributor. Despite this variation, UV,54 remains among
the top-ranked predictors in all models, confirming its
overall robustness and dominant influence in coagulant
dosage prediction. The SHAP summary plots reveal a
broader distribution of SHAP values for CatBoost com-
pared to MLR, highlighting their superior capability to
capture nonlinear relationships and threshold-dependent
behaviours. In most architectures, higher UVj54 values
are associated with positive SHAP contributions, indi-
cating an increase in the predicted coagulant dosage.
Conversely, lower UV;s4 values correspond to nega-
tive SHAP contributions, reflecting a reduced predicted
dosage.

The dominance of UVjs4 is also physically mean-
ingful from a coagulation perspective. UV3s54 is widely
recognized as a surrogate indicator of dissolved aromatic
organic matter, particularly humic and fulvic substances,
which are major contributors to natural organic matter
(NOM) in surface waters. These compounds possess neg-
atively charged functional groups that consume coagu-
lant during charge neutralization and sweep flocculation
processes. Consequently, increases in UVj54 generally
require higher aluminium sulphate dosages to destabilize
dissolved organic matter and produce effective floc for-
mation. Therefore, the SHAP results are not only statisti-
cally consistent but also agree with the established physic-
ochemical mechanisms governing coagulation processes.
This agreement increases confidence that the CatBoost
model captures meaningful process relationships rather
than purely data-driven correlations.

4.4. Local explanation analysis using SHAP and
LIME

To complement the global SHAP analysis, we applied
local explanation techniques to select representative sam-
ples. These visualizations show how individual feature
values contribute to specific dosage predictions, provid-
ing clear insights at the sample level. Figure 13(a-f) shows
single-instance SHAP contribution plots for six represen-
tative samples covering low, medium, and high dosage
conditions. The results reveal that prediction behaviour is
influenced by dynamic interactions rather than fixed lin-
ear relationships. For lower-predicted-dosage cases (e.g.
Samples 20 and 280), lower UV;,54 and moderate SC
values result in lower predicted values, whereas temper-
ature and pH exert secondary adjustments. Conversely,
in higher-dose samples (e.g. Sample 100 and Sample
250), elevated UVas4, higher SC, and higher tempera-
ture values increase the predictions. Importantly, SHAP
contributions exhibit physically consistent behaviour:
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Table 5. P-values of Diebold-Mariano test at 95% significance level.

Comparison models

Test statistic SO

p-value (P0)

Result

Decision

MLR

RFR
AdaBoost
GBRT
HistGBRT
LightGBM
NGBoost
XGBoost

—9.0457
—0.7713
—10.0624
—1.6429
—1.8858
—1.8133
—3.5962
—0.8868

1.320e-17
0.4411
6.084¢-21
0.1014
0.0602
0.0707
0.0004
0.3758

S0 < 0,P0 < 0.05, CatBoost is better.
PO > 0.05, no significant difference.
S0 < 0,P0 < 0.05, CatBoost is better.
PO > 0.05, no significant difference.
PO > 0.05, no significant difference.
PO > 0.05, no significant difference.
S0 < 0,P0 < 0.05, CatBoost is better.
PO > 0.05, no significant difference.
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Figure 12. SHAP global feature importance results for coagulant dosage prediction: bar plots for global feature importance upper panel

and SHAP summary plots lower panel.



higher UV3,54 values generally increase the predicted
coagulant demand. Elevated SC levels also positively
contribute, reflecting ionic strength effects. Temperature
shows nonlinear interaction patterns based on concen-
tration. Minor predictors (e.g. TU and COU) have local-
ized but not dominant effects.

Figure 14(a-f) presents LIME-based local explana-
tions for the same samples. LIME explanations con-
firm the directional influence identified by SHAP, fur-
ther enhancing model interpretability. While LIME pro-
vides rule-based threshold interpretations (e.g. UV354 >
threshold leads to increased dosage), SHAP quantifies
additive contributions. Notably, CatBoost’s explanations
appear smoother and more stable across samples com-
pared to other models, avoiding abrupt behaviour based
on thresholds. The alignment between SHAP and LIME
interpretations indicates that CatBoost maintains con-
sistent local-explanation patterns without relying exces-
sively on misleading splits or extreme partitions. The
combination of stable global importance (Figure 12),
consistent local explanations (Figures 13 and 14), distri-
butional agreement (Figure 9), and statistical validation
(Figure 11) indicates that CatBoost offers both predictive
accuracy and interpretable decision logic. This integrated
interpretability framework supports the use of CatBoost
for real-world water treatment plant operations, where
transparent decision support is crucial.

5. Discussion

The analysis of results clearly revealed that boosting
models, particularly CatBoost, represent a clear advance-
ment in coagulant dose prediction. This study shares sim-
ilarities with prior studies in using parameters like tur-
bidity, pH, and temperature. However, differences exist.
Many earlier papers (pre-2020) used ANFIS or basic

artificia] neural petworks (ANNs).
In other words, unfill((e (t%is stgdy that focused on the

application of explainable artificial intelligence (XAI) and
ensemble boosting techniques, earlier studies often relied
on simpler approaches, such as ANFIS (Wu & Lo, 2008),
ANN (Tochio et al., 2023), SVM (Tahraoui et al., 2021)
or more advanced integrated ones like hybrid ELM-Bat
algorithm (Boumezbeur et al., 2023) for the prediction of
coagulant dose in water treatment plants, without post-
hoc interpretability. To put it more simply, their approach
lacked the interpretability features essential for opera-
tional deployment. On the contrary, recent works pub-
lished in 2025 and 2026 shifted their modelling approach
towards the employment of ensemble models, such as
boosting methods, and towards gaining the advantages
of different XAI techniques, such as SHAP, similar to
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this study. The majority of these studies reported bet-
ter performance of ensemble models over individual ML
models, but with different inputs and contexts (Fouchal
et al., 2025; W. Zhao et al., 2026).

To fully confirm the international validity and tech-
nical advantages of the proposed framework, thorough
horizontal benchmarking against various global water
matrices and regional research is necessary. Internation-
ally, coagulant dose prediction accuracy highly depends
on the stability of the water source, modelling technique,
and regional climatic factors. For example, in East Asian
plants dealing with real-world scale data sets, alternative
parametric methods such as Lasso-regularized polyno-
mial multiple linear regression (PMLR) have yielded an
R? 0f 0.951 from long-term operation data, showing that
regularization of linear variables helps to avoid overfit-
ting provided source waters stay within localized distri-
butional limits (J. An et al., 2025). At the same time,
recent paradigm changes in modelling employ NSGA-II
dual-objective optimization methods in adaptive stack-
ing models with multi-layer perceptron and Gaussian
process predictors, yielding predictions with accuracy
above an R? of 0.990 on particular surface water data
sets (W. Zhao et al., 2026). In addition, predictions made
for the water management systems of regions involving
the processing of volatile surface water that contains high
amounts of organic content frequently have poor Nash-
Sutcliffe efficiencies (NSE < 0.78) owing to the quick
and drastic seasonal changes in the amount of organic
material (Fouchal et al., 2025). On the other hand, our
CatBoost model, when applied to the volatile surface
waters of the Taksebt station in Algeria, attains an impres-
sive validation correlation coefficient of (R = 0.922) and
a relatively high efficiency (NSE = 0.849) in configura-
tion #1. This shows that sequential boosting models have
excellent cross-region adaptability and generalizability
than local-based models.

For example, L. Feng et al. (2025) used automated
machine learning with RFR and SHAP for interpretable
coagulant dosage prediction. Although the boosting
techniques performed well in predicting coagulant
dosage, the ensemble bagging RFR model surpassed the
gradient boosting trees model, achieving a high R? (0.96)
and a low RMSE (0.89). Despite the fact that different
input parameters were used, their SHAP analysis iden-
tified SC, ammonia nitrogen, chemical oxygen demand,
and Tw of raw water as key factors affecting coagu-
lant dosage, which is somewhat parallel to the results of
the SHAP analysis in this study. In another study, some
researchers examined several deep learning models along
with SHAP as an XAI technique for predicting coagulant
dosage in an Algerian plant (Fouchal et al., 2025).
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Figure 13. SHAP force plots for local interpretability of individual coagulant dosage predictions across six representative samples (a—f).
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Figure 14. Local LIME bar plots illustrating feature contributions to individual coagulant dosage predictions for six representative

samples (a—f).

Several recent contributions published in this jour-
nal further contextualize the present findings and clarify
its distinct positioning. Y. Zhao et al. (2025) developed
multi-source, data-driven machine-learning models for
the monitoring of water-quality parameters, thereby
underscoring the value of heterogeneous data integra-
tion; by contrast, the present study concentrates on a par-
simonious set of operationally measured raw-water pre-
dictors that directly govern coagulant demand. Ghare-
hbaghi et al. (2025) proposed interpretable intelligent
frameworks for the estimation of river-water turbidity,
in which SHAP-based attribution was employed in a
manner methodologically analogous to the present work,
although both the target variable and the operational
decision context differ. Li et al. (2024) applied explainable
machine-learning models, interpreted through SHAP,
to the estimation of daily dissolved-oxygen concentra-
tions in the Tualatin River, and likewise identified spe-
cific conductance as a dominant explanatory variable,
in agreement with the prominent role of conductivity
reported herein. In a related vein, Alizamir et al. (2024)
employed SHAP-based explanation for the prediction of

reverse-osmosis desalination-plant performance. Collec-
tively, these studies corroborate the growing convergence
towards interpretable ensemble and data-driven mod-
elling for water-treatment applications; the present study
advances this line of enquiry by uniting hierarchical fea-
ture elimination, dual statistical testing, and combined
global-local interpretation within a single coagulant-
dosage prediction framework.

The comparative analysis of the applied boosting tech-
niques demonstrated nuanced performance differences.
As can be interpreted by the calculated values of sta-
tistical measures, CatBoost and GBRT achieved nearly
perfect training metrics (R > 0.999, NSE > 0.999), yet
CatBoost demonstrated superior validation performance
(R = 0.922 versus GBRT’s 0.909).

Exploring the inner algorithmic characteristics uncov-
ers the fundamental reasons for the performance differ-
ences between the analysed boosting algorithms. Con-
ventional gradient-boosting algorithms such as GBRT,
XGBoost, and LightGBM build weak learners in sequence
by computing the gradients of the loss function on the
same set of training data that was used to construct the
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current tree ensemble (Friedman, 2001; Liao et al., 2020;
Trizoglou et al., 2021; Y. Zhou et al., 2022). Such struc-
tural interdependence leads to an issue of the so-called
prediction shift or target leakage, which means that the
computed gradients are inevitably biased, yielding great
performance on training data but poor validation per-
formance (Prokhorenkova et al., 2018). The CatBoost
algorithm addresses this architecture-related limitation
using the concept of Ordered Boosting (Prokhorenkova
et al., 2018). Ordered boosting uses the random permu-
tation approach to produce unbiased estimates of the
gradients for every single data instance in the sample so
that the tree is never trained on the gradients obtained
from its training set (Prokhorenkova et al., 2018). It is
the reason why CatBoost sustains good validation values
(R = 0.922, NSE = 0.849) and avoids the serious over-
fitting problem that affects GBRT and LightGBM in case
of feature matrix calculations. In addition, contrary to
leaf-wise (or best-first) tree construction used by Light-
GBM and XGBoost that can create deep, asymmetric
branches which are too sensitive to small noise values
(Guoetal.,2023; Osman etal., 2021), CatBoost relies only
on symmetric, oblivious decision trees (Prokhorenkova
et al., 2018). The idea behind oblivious trees is to use the
same split criteria at all nodes of a particular tree layer,
which creates a balanced tree topology and acts as a very
strong regularizer. This might indicate that the categori-
cal features and ordered boosting mechanism within the
CatBoost technique can effectively prevent the overfitting
problem and accordingly enhance generalization.

Furthermore, the SHAP analysis identified UVy54 as
the dominant predictor, and its importance is consis-
tent with the established physicochemical mechanisms
of coagulation, as discussed in Section 4.3. This agree-
ment between explainable AI and coagulation chemistry
strengthens the interpretability and practical reliability of
the proposed CatBoost framework.

Among the applied gradient boosting techniques,
XGBoost and LightGBM showed comparable perfor-
mance during the validation phase (R = 0.916 and
0.904, respectively). These results align with the find-
ings reported by Shin and Lee (2024). They identified
XGBoost and LightGBM as top performers for coagulant
dosing control in Korean water purification plants. How-
ever, it should be noted that they claimed that RFR sur-
passed the boosting methods and was reported as the best
predictive model, whereas the current research results
favoured CatBoost over RFR. This outcome might be a
result of geographic and climatic factors, in that Korean
plants typically process more stable surface waters, while
Algerian facilities face extreme seasonal variations.

Apart from deterministic and static ensemble mod-
els, current global developments have also led to the use

of intelligent Decision Support Systems (DSS) based on
reinforcement learning algorithms (Alvarez Diez et al,,
2024). Such systems are aimed at dynamic adaptation to
raw water conditions and provision of coagulant doses
in critical weather conditions, such as rainfall and saline
intrusion (Alvarez Diez et al., 2024). Although deep
learning and reinforcement learning approaches used
internationally can cope with such extreme cases, they
still need complex computational setup, incorporation
into physical copies of the facility, or huge amounts of
data accumulated throughout several years (Alvarez Diez
et al., 2024; Lin et al., 2023a). As a result of this bench-
marking analysis, our model proves once again its capa-
bility to fill this crucial niche; our CatBoost model pro-
vides very effective predictions and competitive perfor-
mance metrics similar to those of complex meta-models
and auto-stacking models (W. Zhao et al., 2026) while
being sufficiently lightweight to be applied directly into
local plants with limited historical data infrastructure.
Relative to CatBoost, NGBoost and HistGBRT provided
slightly weaker results. In spite of the probabilistic pre-
dictions made by these models, they were not as reli-
able compared with CatBoost and XGBoost, which are
deterministic boosting methods.

In terms of input variable sensitivity, the progressive
reduction of input variables (from input configuration
#1 with seven parameters to configuration #6 with two
parameters) revealed model-specific robustness. Never-
theless, NGBoost6 maintained acceptable performance
even with reduced inputs in configuration #6 (R = 0.805
with only SC and UV 54), whereas AdaBoost6 and Light-
GBMB6 performed poorly. Needless to say, MLR6 deteri-
orated substantially.

5.1. Limitations, constraints, and future research
directions

Several methodological limitations and constraints
should be acknowledged in this study, as below:

o First, the dataset used here covers only a limited
period. Although this matter was not under the con-
trol of the authors, it may have resulted in missing
some rare or extreme events. Hence, this limitation
can affect the models’ abilities to generalize to infre-
quent conditions. For comparison, Lin et al. (2023a)
employed ten-year datasets in their graph attention
multivariate time series forecasting model. Subse-
quently, their models could capture long-term climatic
patterns that were not available in the present study.

e Second, the results of the Kruskal-Wallis test showed
significant differences among the predictions of some
of the applied models. This finding indicates that



careful selection of the predictive model can have a
substantial impact on operational decisions and out-
comes.

e Third, while SHAP analysis provides global inter-
pretability on model predictions, it does not neces-
sarily guarantee that explanations for individual pre-
dictions are accurate. SHAP is a powerful method for
demonstrating the overall influence of each input vari-
able; however, local interpretability methods, such as
LIME, should be applied and further validated for spe-
cific cases to ensure reliability and practical relevance.

e Fourth, since the dataset spans only a limited period,
the long-term effects of climatic variability and inter-
annual trends could not be represented. The acquisi-
tion and incorporation of multi-year records is there-
fore recommended for future work, so that the influ-
ence of long-term climate change on raw-water quality
and the corresponding coagulant demand may be cap-
tured, and so that model generalization to rare and
extreme hydroclimatic conditions may be strength-
ened.

e Fifth, the present framework was trained on syn-
chronous daily measurements, in which the pre-
dictors and the coagulant dose correspond to the
same time step. Such a configuration reproduces
the dose associated with prevailing conditions rather
than anticipating its variation. The incorporation of
antecedent water-quality observations as lagged pre-
dictors—for example, values recorded during the pre-
ceding hour or day—is consequently recommended,
since it would enable the framework to anticipate
impending changes in coagulant demand and thereby
to support proactive, rather than merely reactive, dos-
ing control.

Future investigations should integrate the data-driven
and ML models with real-time Supervisory Control and
Data Acquisition (SCADA) systems. This important sug-
gestion was highlighted by Bachri et al. (2025) in their
systematic review of AI optimization for coagulation
processes. It is also recommended to incorporate other
advanced ML techniques such as reinforcement learn-
ing. A practical example includes the advantages of using
reinforcement learning as demonstrated by Kadhim et al.
(2026) for fish farm effluent treatment. Additionally,
hybrid physics-informed ML approaches, which com-
bine coagulation-flocculation kinetics with data-driven
components, should be considered for potential accuracy
enhancement for unprecedented water quality events.
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6. Conclusions

The current study applied multiple ensemble Machine
Learning (ML) models, including bagging random forest
regression (RFR) and seven boosting models (AdaBoost,
CatBoost, GBRT, HistGBRT, LightGBM, NGBoost, and
XGBoost) to predict coagulant dosage at the Taksebt
water treatment plant in Algeria. For constructing the
applied models, seven input parameters— specific con-
ductivity (SC), UVs4, dissolved oxygen (DO), tempera-
ture (Tw), colour (COU), turbidity (TU), and pH— were
considered.

Through changing the point of emphasis from purely
empirical matching based on jar tests to a meaningful
ensemble intelligence framework, this study produces
several clear scientific conclusions:

(i) Algorithmic superiority via gradient bias correc-
tion: The failure in performance of various lin-
ear regression algorithms and conventional bag-
ging systems under limited inputs confirms the fact
that surface water coagulation is highly nonlin-
ear. The sequential tree-boosting models, especially
CatBoost, prove to have the highest stability when
generalized into real-world settings. This stability
can be achieved due to ordered boosting and sym-
metric tree structure that prevents target leakage
and prediction variance.

(ii) XAI-Driven operational transparency: Combining
global SHAP values with LIME provides an effective
means to overcome the problem of deploying deep
learning models as black boxes. Unlike deep learn-
ing models with hidden layers, which are hard to
interpret, the proposed method uses a transparent
rule-based threshold logic for verifying predictions.

(iii) Dominance of dissolved organic and ionic drivers:
Consistently, feature sensitivity analysis shows that
the UV3s54 and conductivity values drive coagulant
demand much more than conventional measures
such as turbidity. It is evident that the chemical
demand in large-scale plants treating surface waters
in the Mediterranean climate regions is dictated
mainly by variations in dissolved organics and ionic
strength.

Future directions include the physical upgrading of
treatment plants through the installation of additional
sensors to measure other water quality parameters, as
well as the development of other ML models based on
multiple input variables. Incorporating climate data from
several water treatment plants could further enhance
model robustness.
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