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Abstract

Ensuring reliable river-water quality assessment is increasingly important in North Africa,
where pollution pressures and data limitations complicate monitoring. Therefore, the research
developed a principal-component-analysis—based water quality index (WQI P) that is designed
to address eclipsing, multicollinearity, and subjectively assigned weights that affect traditional
indices such as the weighted-arithmetic WQI (WA _WQI). The objective of the research is to
evaluate whether PCA-derived weights and objective parameter selection improve reliability,
uncertainty, and classification stability. A dataset of 159 river-water samples from the Skikda
region (Algeria) was analyzed. After screening correlated variables and extracting PCA
contributions, WQI_P was constructed from the retained components. Eight machine-learning
algorithms and a stacked ensemble were used under 10-fold cross-validation to compare the
prediction performance and uncertainty of WQI P and WA WQI. Agreement metrics, PREI
scores, confidence intervals, and class-transition analysis were used to assess the differences
between the two indices, Predictive uncertainty was quantified using a Gaussian Monte Carlo
simulation, which propagates variability by repeatedly perturbing model residuals to generate
distributions of index predictions. The WQI P consistently produced lower prediction errors
(stacked RMSE =2.74; MAE = 1.75) than the WA_WQI (RMSE =3.16; MAE =2.21), together
with narrower 95% confidence intervals and reduced predictive uncertainty. The classification
outcomes shifted toward a stricter and more balanced assessment: the proportion of samples
classified as “Excellent” decreased (30 to 7), “Good” increased (55 to 88), and “Unsuitable”
declined (40 to 12). These results indicated that grounding weights in the multivariate structure
enhances stability and reduces dependence on a small set of dominant parameters. The findings

demonstrated that the WQI_P can improve transparency, objectivity, and monitoring efficiency
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by focusing on the most informative variables. The index is applicable to data-scarce regions
where objective weighting and uncertainty control are essential. Future work should test
WQI P across larger and more heterogeneous basins, extend validation using spatial-temporal
blocking, and explore its integration into operational monitoring frameworks.

Keywords: Principal component analysis, Machine learning, Skikda, Water quality index
model.

1. Introduction

Water demand across agriculture, industry and public health continues to rise, which increases
pressure not only on water availability but also on water quality. Global assessments show
persistent degradation of rivers and lakes due to untreated wastewater, agricultural runoff, urban
expansion and climate variability. According to the UN World Water Development Report
2024, more than 2.2 billion people still lack safely managed drinking water and only 10 percent
of global wastewater is safely treated (UNESCO 2024). UNEP evaluations indicate that many
surface water bodies in Africa, Asia and Latin America do not meet basic environmental quality
standards because of high loads of nutrients, organic matter and industrial pollutants (UNEP
2021). Reports from WHO and UNICEF, OECD and IPCC confirm increasing nutrient
enrichment, insufficient wastewater treatment and climate related hydrological stress (IPCC
2023; OECD 2022; WHO and UNICEF 2022). These pressures highlight the need for reliable,
transparent and scalable tools for evaluating surface water quality (Aljanabi et al. 2021; Chidiac
et al. 2023; Singh et al. 2021).

A variety of approaches exist for water quality evaluation, including physico chemical and
microbial regulatory standards and biological indicators (Edition 2011; Iyiola and Asiedu
2020). Water Quality Indices (WQIs) aggregate multiple parameters into a single score to
facilitate interpretation. However, traditional indices such as the weighted arithmetic WQI

depend on fixed parameter sets and subjective weighting (Kachroud et al. 2019). Recent studies
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propose statistical selection methods and uncertainty reduction algorithms to improve WQI
construction (Fartas et al. 2022; Li et al. 2021). These contributions are valuable but remain
insufficient because fully transparent and data-driven rules for indicator selection and weighting

are still lacking.

Several newer frameworks attempt to overcome these limitations. The IEWQI introduces a
structured approach to indicator selection, sub indexing, weighting and aggregation and has
shown improved performance in transitional and coastal waters (Uddin et al. 2021a). The RMS
WQI integrates machine learning workflows such as XGBoost with automated hyperparameter
tuning and has demonstrated high predictive skill in groundwater and coastal environments (1.
Khan et al. 2025a). Additional studies from North Africa and the Middle East combine WQIs
with PCA, multivariate analysis and machine learning to assess groundwater quality, salinity
hazards, toxic element contamination and health risks (Eid et al. 2025; El Osta et al. 2022; Gad
et al. 2023, 2024; Gad and El-Hattab 2019; Hfaiedh et al. 2025; Salem et al. 2023). Although
these works show substantial progress, The focus is mainly on groundwater systems, rely on
fixed weighting and rarely evaluate uncertainty or compare results with recent indices such as
IEWQI and RMS WQI. Together revealing gaps in transparent parameter selection, objective

weighting, uncertainty quantification and reproducible comparative assessment.

From this body of literature, four main gaps emerge. First, the field still lacks objective and site
independent rules for selecting parameter weights, especially when indicators are strongly
correlated. Second, the uncertainty of weights and final scores is rarely quantified, which limits
confidence in class assignments. Third, generalization across basins and seasons is seldom
tested using rigorous data splitting strategies. Fourth, reproducible benchmarking against recent
indices such as IEWQI and RMS WQI is uncommon (I. Khan et al. 2025b; Olbert et al. 2025;

Uddin, Nash, Mahammad Diganta, et al. 2022). These limitations justify the need for a river
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focused index that integrates objective indicator screening, data driven weighting, uncertainty

quantification and reproducible comparative evaluation.

This study proposes a principal component analysis derived WQI (WQI_P) for river water that
incorporates objective variable screening, data driven weighting and explicit uncertainty
estimation. The WQI_P is compared with the traditional weighted arithmetic index (WA _WQI)
using agreement metrics, confidence intervals, PREI analysis and predictive evaluation with
multiple machine learning algorithms. This comparison helps determine whether PCA based

weighting improves classification reliability and predictive accuracy.

Principal Component Analysis was applied after correlation screening, multicollinearity checks
and the Kaiser rule in order to identify a reduced set of informative variables (Nath Roy et al.
2024; Tripathi and Singal 2019). PCA contribution values were then used as data driven weights
to construct WQI_P (Y. Khan and See 2016). Although PCA reduces collinearity and provides
reproducible loadings, its limitations such as linear assumptions, sensitivity to extreme values
and dependence on sample structure were mitigated through standardization and interpretability
checks (Fartas et al. 2022; Ibrahim et al. 2023; Y. Khan and See 2016; Nath Roy et al. 2024;

Tripathi and Singal 2019).

Predictive evaluation was performed using decision trees, random forests, artificial neural
networks, XGBoost, KNN, SVM, linear models and LASSO under 10-fold cross validation.
These models were used to assess the predictive stability of WQI P and WA WQI (Gao et al.
2020; Gupta and Mishra 2023; Islam Khan et al. 2022; Uddin et al. 2022, 2023a, 2023b, 2023a;

Xu et al. 2024)

The objective of this study is to determine whether a PCA based index can provide a more

objective, reliable and predictive assessment of river water quality than WA _WQI in the Skikda
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region of Algeria. More specifically, (i) construct WQI_P using correlation screening and PCA
based weighting, (ii) compare WQI P and WA WQI using continuous scores, class
assignments, confidence intervals and PREI and (iii) evaluate predictive performance using
multiple machine learning algorithms. A quasi Gamma GLM with log link is used to interpret
the influence of key chemical parameters. The central question is whether PCA derived weights
can enhance transparency, predictive accuracy and class stability in river water quality

assessment.

2. Materials and methods

2.1 Study area

Twenty stations were sampled (Fig. 1) in the northwestern region of Skikda, an area with
relatively stable climatic conditions but marked by local hydrological heterogeneity such as
variations in flow velocity, channel width and depth, vegetation cover, and streambed
morphology. The sites were distributed across five watercourses and their tributaries to reflect
this variability. Specifically, four stations were placed along Oued Tamanart, three on Oued
Afensou, three on Oued Boudoudeh (“Khraouet”), and five each on Oued Tizaghbane and Oued
Z’hour. This spatial design allows for a consistent regional assessment while capturing
meaningful hydrological variability relevant to water quality and biodiversity patterns
(Boucenna et al. 2023; Satour et al. 2024).

This region offers several advantages for evaluating water quality indices. The watercourses
show a relatively stable flow throughout the year, providing a reliable basis for temporal
assessments. The 20 selected stations are located in an area with homogeneous and sustained
rainfall, ensuring consistent environmental conditions (Boudiaf et al. 2022). Moreover, this
agricultural region is under strong anthropogenic pressure, especially due to intensive irrigation,
making it ideal for testing the indices' responsiveness to environmental stressors (Boucenna et

al. 2023; Boudiaf et al. 2022; Kheloufi Attou et al. 2025). The compactness of the study area
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also supports high-resolution analysis, helping us assess whether the newly developed WQI P
provides stable and confident classifications, or if minor variations in water quality can cause
major shifts in its outputs, especially when compared to the traditional WA WQI. These
northwestern basins, including Tamanart, Tizaghbane, and Zhor, receive up to 130 mm of
monthly precipitation (see Supplementary Materials, Fig. S1). The area supports intensive
agriculture, making local communities highly dependent on reliable and high-quality water

sources.
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Fig. 1. Study area map with location of sampling sites, there are 20 stations in total: TI refers to stations at Oued
Tizaghbane, TA refers to Oued Tamanart, Z refers to Oued Z'Hour, B refers to Oued Boudoudeh, and A refers to
Oued Afensou.

2.2. Sampling collection

Four sampling campaigns were conducted during October—November 2022, March—April
2023, October—November 2023, and March—April 2024, targeting seasonal variations in water
levels linked to precipitation patterns. Low-flow dry periods were sampled in October—

November, while high-flow rainy periods were covered in March—April.
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Quality assurance and quality control followed (Rodier et al. 2016). At each station, several
field samples were collected in sterile 1.5 L glass bottles, stored in coolers at 4 °C, and
transported with a documented chain of custody to the RNAMS laboratory (University of OEB,
Algeria). In situ measurements of Temperature, pH, electrical conductivity, turbidity, total
dissolved solids, salinity, dissolved oxygen, and oxygen saturation were obtained with a
multiparameter meter (Multi 360i, WTW GmbH, Germany) after daily calibration against
certified standards (Rodier et al. 2016). Laboratory analyses were performed in triplicate for

each sample, and any result that did not meet predefined acceptance criteria was reanalyzed.

Chloride, sulfate, nitrate, bicarbonate (reported as alkalinity), calcium, magnesium, sodium,
potassium, total hardness, calcium carbonate, ammonium, nitrite and orthophosphate were
analyzed within three days following standard procedures (Rodier, 2016). Total hardness and
the concentrations of calcium and magnesium were determined by complexometric titration
with EDTA; chloride by the Mohr argentometric method; nitrate by the sodium-salicylate
colorimetric method (AFNOR T90-012); ammonium and nitrite by UV-visible
spectrophotometry (DR6000, Hach); sodium and potassium by flame photometry (PFP7,
Jenway; ISO 9964-3); orthophosphate by the molybdenum-blue colorimetric method; sulfate
by turbidimetry with barium chloride; and bicarbonate by acid titration of alkalinity. Calcium
carbonate was reported as calcium-carbonate equivalents derived from the alkalinity and

hardness determinations (Rodier et al. 2016).

In total, 21 physico-chemical variables were measured, representing all the parameters available
for analysis. This comprehensive dataset was essential for testing our new variable selection
strategy and assessing its effectiveness in identifying the most relevant indicators for water
quality assessment; these parameters were selected based on their frequent use in regional and

international water quality assessments.
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2.3. Calculation of water quality indexes

Accordingly, the following sections detail the calculation methods for both WA WQI and
WQI P, highlighting the differences in parameter selection, weighting attribution, and score
aggregation—essential aspects for evaluating the robustness and simplicity of each index.
These distinctions are particularly important given the known limitations in traditional WQI
models, such as parameter eclipsing (where dominant variables can obscure the influence of
others), subjectivity in weight assignment, and metaphoring or ambiguous interpretations of
index values (Uddin et al. 2023b, 2023c, 2021b). By addressing these challenges, the WQI P
aims to improve transparency, reduce uncertainty, and ensure a more representative assessment
of water quality conditions(Uddin et al. 2023b).

2.3.1. Calculation of the weighted arithmetic water quality indexes

This study focused on the weighted arithmetic water quality index for being the most widely
use freshwater quality index in many of scientist in Algeria and in the study region (Allaoua et
al. 2024; Fartas et al. 2022; Tyagi et al. 2013).This method is based on standard values and
recommended permissible limits defined for each parameter, as specified by the SEQ-Eau water
quality assessment system (Cadilhac 2003).

The Weighted Arithmetic Water Quality Index (WA_WQI) is calculated through the following

steps:

1 K Vi—Cideal x N Qi X w;
K = —w; = YL, - Q= x 100> wAwQl === =M (g
TG l =1¢; Q: Ci—Cideal ¢ oL w )

K is a constant that ensures the sum of all weights equals 1; it is the inverse of the sum of the
permissible limits of all considered parameters. The quality rating for each parameter, denoted
as Q;, was determined using the following formula: Where V; represents the actual
concentration of the nth parameter, and C;corresponds to the permissible limit for that
parameter. C;4.,; Represents the ideal value of the parameter in pure water, where Cigoq; =0

(except for pH = 7 and DO = 14.6 mg/L).
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2.3.2. Calculation of the new weighted arithmetic water quality index (WQI P)

Principal Component Analysis (PCA) was first applied to reduce the dimensionality of the
dataset. Components with eigenvalues greater than 1 were retained according to the Kaiser rule
(Mishra et al. 2017; Rojas-Valverde et al. 2020).

To improve clarity, the parameter selection process for constructing WQI P followed the
structured steps below:

Step 1 — PCA dimensionality reduction

PCA was applied to the full set of water quality parameters, and components with eigenvalues
greater than 1 were retained.

Step 2 — Selection of candidate parameters for each PCA component

For each retained component, variables were ranked according to their PCA percentage
contributions as shown in Table 2. The two variables with the highest contributions were
selected as the initial candidate parameters

Step 3 — Redundancy control using correlation and VIF

Pearson correlation was computed among the initially selected variables. Pairs with an absolute
correlation coefficient greater than 0.70 were considered redundant.

For redundant pairs:

If both variables had VIF values greater than 5, the variable with the lower PCA contribution
was replaced by the third most contributing variable from the same component.

This procedure ensured that each component retained a representative variable without high
multicollinearity.

Step 4 — Final multicollinearity check

VIF was recalculated for all remaining variables. Only variables with VIF values below 5 were
retained in the final set.

Step 5 — Definition of contribution based weights (Wl-j)

10
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For every selected parameter 1 belonging to component j, the weight w;; was derived directly
from its PCA percentage contribution to that component. Wi is not the PCA loading and not

the squared loading. It corresponds to the normalized percentage contribution of variable i to
component j, exactly as reported in Table 2 (FactoMineR output var§contrib).

Weights within each component were normalized so that the sum of weights for the selected
variables in component j equals 1.

This approach ensures that each parameter’s influence reflects its relative statistical importance
within its principal component.

After parameter selection, water quality indices were calculated for each retained PCA
component using the selected parameters and their contribution-based weights. Unlike
traditional approaches that rely on fixed or empirical weights—often based on regulatory limits
or expert judgment—this method uses PCA contribution values as weights. This data-driven
strategy ensures that each parameter's influence on water quality reflects its actual importance
in the dataset (Parween et al. 2022).

Although the computation of WQI_P involves two aggregation levels, first within each PCA
dimension (WQI_D;, PCA Dimension j) and then across dimensions weighted by explained
variance, this structure is necessary to preserve essential hydrological and statistical
information. Each PCA dimension represents a distinct hydrochemical gradient, grouping
parameters that covary for different biogeochemical or physical reasons. Computing
WQI_Djseparatelymaintains the internal coherence of each gradient, prevents unrelated
gradients from being mixed prematurely, and avoids distortion caused by extreme loadings. The
second aggregation step, weighted by the proportion of variance explained by each component,
ensures that dominant gradients influence the final index more than weaker ones. This
hierarchical structure reduces eclipsing effects, enhances interpretability, and preserves the

logic of PCA dimensionality reduction, which justifies the methodological complexity of

11
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WQI_P compared with simpler single step PCA integrations. A PCA-direct index is not suitable

because PCA scores are unitless and only represent variance, not water-quality classes or

regulatory thresholds. Combining all components into a single PCA score mixes different

hydro-chemical gradients and can hide important but low-variance parameters.

Finally, the developed WQI_P was obtained by aggregating these indices, each weighted by the

percentage of variance explained by its corresponding component. This approach enhances

objectivity and reduces the biases associated with conventional weighting systems, providing a

more robust and accurate assessment of water quality (Nath Roy et al. 2024).All

of these steps are summarized in Fig. 2.

WA_WOQI

< Sampling at Skikda

Water sampling and analysis I Water qualiy index (WQI) mode l

WQI P

(v) Classification

%7 (i) WQ indicator (ii) Sub-index (i) WQ indicator (ii) Sub-index
selection computation selection computation
Sample analysis —>

ML models for WQI score
prediction

6 scheme
i W (iii) Obtain < i (iii) Obtain
21 WQ indicators () Amregation indicators (o) Agerepatinn indicators
function . function .
weights ‘ weights

P i s i
WOQI score | Principal component analysis
e (11) Select two most

signiticant WQ
indicators |

(i11) If correlation
between the two WQ
indicators is > 0.7 and

VIF >5. add a third WQ
indicator |

else: do not include a | |
third parameter from |
component j

: < Data pre-processing | (1].(,)bmm componets

| T Predict WQI {| with eigenvalues >1

| - — | score S —
<Data split: training (70%)> | % | (iv) Compute WQI for

I and testing (30%) | - cach parameter using

l : | Uncertainty contribution-based

: ML models: DT, RF, KNN | assessment I weights

| XGB, ANN, SVM, LASSO || 6 I (v) Aggregate the

| and LM | Assessment of WQ || indices weighted by

| v | ‘| the % of variance to
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| optimization using CV | | WQI_P

| approach | e

Fig. 2. Graphical summary of WQI_P calculation using PCA-based parameter selection and weighting.

Calculation steps for WQI_P as provided in Figure. 2:

Step 1:

12
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The normalization constant for component j is defined as:

1

The weight assigned to parameter i within component j is then calculated as:
K

wi = 2Ly . 3)

The quality rating for parameter i is computed as:

Q; = Vi—Cideal X 100(4)

Ci—Cideal

Finally, the water quality index for component j (PCA dimension j) is calculated as:

Where:C, i the contribution of parameterito principal componentj,
Wi, :the weight of parameter ifor componentj,

Vi is the observed value of parameter i;

Ci is the permissible standard value of parameteri;

Cideal is the ideal value of the parameter;

WQI_D; :The water quality index calculated for principal component;.(that is, PCA Dimension
i)

Step 2: Aggregate component indices to compute overall WQI_P:

Compute the overall WQI_P by combining the WQI_D; values using the proportion of variance

explained by each component:

Varj
R
Yp=1Varp

WQIP = 23?:1< X WQI_D]-> (6)
Var;: Variance explained by principal component j.

YR _,Vary:Total variance explained by the components retained according to the Kaiser rule

(eigenvalue > 1)

13
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Finally, the calculated WQI is categorized into predefined ranges to evaluate water quality, as

presented in Table 1.

Table 1. Classification Scheme of Water Quality Based on WQI Values (Tyagi et al. 2013).

WQI Range Water quality class
0<WQI<25 Excellent

25 <WQI <50 Good

50<WQI<75 Poor

75 <WQI <100 Very poor

WQI =100 Unsuitable for drinking

2.4. Supervised machine learning approach

Supervised machine learning methods were implemented in three steps. First, all parameters
were standardized. Second, machine learning algorithms were employed eight machine
learning algorithms to predict the two water quality indices (WA_WQI and WQI_P) calculated
for each of the 159 samples obtained from Algerian rivers. Third, eight algorithms were stacked
the eight algorithms to combine and summarize their predictive outputs into a single model.
Finally, the Root Mean Square Error (RMSE)were calculated, Mean Absolute Error (MAE),
and the coefficient of determination (R?), and constructed a Taylor diagram to evaluate whether
the newly developed WQI P improves predictive performance compared to the traditional
WA _ WQI across individual algorithms and the stacked model.

2.4.1. Parameter standardization

Standardizing variables is a critical step when predicting the water quality index(Banda and
Kumarasamy 2020; Gazzaz et al. 2012; Khouri and Bashar Al-Moufti 2022; Uddin et al. 2022).

The research utilized the z-score standardization, where:

X; — x

z= )

o

14
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Where, z denotes the standardized score, x represents the mean of the data, x; refers to the ith
data point, and o signifies the standard deviation. All machine learning algorithms in
subsequent sections were trained on these standardized variables.

2.4.2. Estimation of water quality indexes using machine learning algorithms

Supervised learning algorithms were applied to estimate the Weighted Arithmetic Water
Quality Index (WA _WQI) and the newly developed PCA-based water quality index (WQI_P),
both calculated based on eight selected environmental parameters. The eight environmental
parameters used as inputs for all machine learning models correspond to the final, non-
redundant variables selected during the construction of WQI P (Section 2.3.2). These
parameters were identified through PCA contribution ranking, correlation filtering, and VIF
analysis. To ensure a fair comparison between indices, the same eight parameters were also
used as predictors for WA WQI, even though WA WQI can theoretically incorporate all 21
variables. Using an identical input set guarantees that differences in predictive performance
arise from the index formulation itself and not from unequal model inputs.

The analysis utilized two datasets, corresponding respectively to each index. These indices
were calculated for a total of 159 samples collected from three rivers in the Skikda region,
providing a comprehensive dataset to evaluate the algorithms' performance (Bruce et al. 2020;
Gazzaz et al. 2012; Hassan et al. 2021; Jayaraman et al. 2024; Kassambara 2018; Mahesh 2019;
Uddin et al. 2023c; Uddin, Nash, Rahman, et al. 2022). We implemented eight different
machine learning algorithms. Decision Tree algorithm (DT) was calculated using the rpart
method included in the R package rpart (Bruce et al. 2020); The hyperparameters were fine-
tuned, and particularly the complexity parameter (cp), to minimize RMSE and control tree size.
Random Forest algorithm was calculated using the R package randomForest (Berrar 2018;
Kassambara 2018; Mahesh 2019), employing a grid search to optimize the mtry parameter. The

Artificial Neural Network (ANN) algorithm was built using the nnet method as implemented
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in the R package caret(Bruce et al. 2020; Kassambara 2018), with a linear output specified for
regression, and a grid search was performed to refine hyperparameters. XGBoost algorithm was
trained using the xgbTree method, implemented in the R package xgboost(Bruce et al. 2020),
testing various configurations for the hyperparameters nrounds, max depth, and eta. K-Nearest
Neighbors (KNN) was optimised by determining the best kvalue through cross-validation
(Bruce et al. 2020; Kassambara 2018), using the R package. In parallel, a Support Vector
Machine (SVM) with a linear kernel was trained using the svmLinear method from the R
package 1071, with data standardized using z-score scaling (center, scale) and
hyperparameters optimized via tuneLength = 10. A Linear Regression (LM) model was also
trained using the Im method under 10-fold cross-validation, serving as a classical regression
baseline. Lastly, a Lasso Regression model was developed using the glmnet method from the
R package glmnet, applying L1 regularization with automatic variable selection; preprocessing
steps (center, scale) were used, and the penalty parameter (lambda) was optimized using
tuneLength = 10. All eight models were trained on 70% of the dataset and tested on the
remaining 30%, with performance evaluated using RMSE, MAE, and R? metrics.

2.4.3. Stacking

To further enhance predictive accuracy, a stacking ensemble was implemented after training
the eight base learners (DT, RF, ANN, XGB, KNN, SVM, LM, and LASSO). For each index
(WA_WQI and WQI_P), out-of-fold predictions from the base models were generated under

the same 10-fold cross-validation scheme and assembled into a new matrix of meta-features.

A linear regression model was then used as the meta-learner to combine these predictions. This
model learns an optimal weighted combination of the outputs of the eight algorithms, producing
the final stacked prediction. The choice of a linear meta-learner follows common practice in
regression-based stacking, as it provides a transparent and stable mechanism for aggregating

heterogeneous model predictions.
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The stacking procedure was applied identically to both indices to ensure that ensemble
performance comparisons between WA WQI and WQI P were unbiased and strictly model-
dependent rather than influenced by differences in the ensembling process.

2.4.4. Cross-validation of the results

Model performance was evaluated using 10-fold cross-validation, a widely adopted method for
assessing machine learning algorithms (Berrar 2018; Sweet et al. 2023). Performance was
assessed based on Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and the
coefficient of determination (R?), which are widely recognized as standard metrics for
evaluating regression models in water quality prediction tasks. These metrics provide
complementary insights: RMSE penalizes large errors more heavily, MAE offers a direct
interpretation of average prediction error, and R? explains the proportion of variance captured
by the model. Their combined use ensures a balanced and comprehensive assessment of model
accuracy and robustness (Berrar 2018; Bruce et al. 2020; Uddin et al. 2023a, 2023b, 2023c,
2022).

The criteria for algorithm evaluation are assessed as follows:

n
1
RMSE= |- =9 (®
i=1

1 n
MAE == Iy = 9 ©)
N Laj

n (52
RZ =1- Z:l(yl }il)z (10)
i-1(Vi =)

Lower values of RMSE and MAE indicate higher algorithm accuracy, as this reflects smaller
differences between the predicted and actual values, which correspond to better precision in the
algorithm. On the other hand, the coefficient of determination R2 measures the proportion of
variance in the dependent variable explained by the algorithm. A higher R2 value, closer to 1,

indicates a better algorithm fit, while values closer to 0 suggest that the algorithm is less
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effective in explaining the variance, signaling weaker performance. Therefore, an optimal
algorithm is characterized by low RMSE and MAE values, along with a high R2 value,
indicating both accuracy and a strong relationship between the predictors and the target
variable. The RMSE measures prediction accuracy, with a lower RMSE indicating better
performance. The correlation coefficient, close to 1, indicates a strong linear relationship
between predictions and observations, while the standard deviation assesses the dispersion of
prediction errors, with a lower standard deviation reflecting greater consistency.

Finally, the research plotted a Taylor diagram to comprehensively evaluate and visualize the
predictive performance of different machine learning algorithms applied to the two water
quality indices (WA_WQI and WQI P)(Sajib et al. 2024; Singh et al. 2021). This diagram
consolidates the three-performance metrics of RMSE, correlation coefficient, and standard
deviation, providing an integrated view of both accuracy and consistency.

By comparing the predictive ability of the models across the two indices, the Taylor diagram
facilitates the identification of the most accurate and consistent models, supporting a more
comprehensive evaluation of water quality prediction methods.

Machine learning models were not employed to validate the ecological relevance of the indices,
as both WA WQI and WQI P are deterministic functions of the same input variables.
Consequently, high predictive performance was not interpreted as evidence of ecological
validity. Instead, machine learning was deliberately used as a diagnostic framework to evaluate
the internal numerical behavior of the indices, including stability, sensitivity to parameter
perturbations, and error-propagation characteristics. Consistent predictability across
heterogeneous algorithms is interpreted as an indicator of lower internal noise, reduced
sensitivity to parameter fluctuations, and a more coherent input—output structure. In this

context, high R? values reflect numerical robustness and structural stability rather than
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ecological meaning, consistent with recent studies that use machine learning to assess WQI
reliability and uncertainty rather than environmental causality.
2.5 Model(s) Uncertainty Analysis - Gaussian Monte Carlo Simulation approaches
To quantify the propagation of predictive uncertainty across the WQI models, a Gaussian Monte
Carlo simulation framework was employed. Because, several recent water research have
reported that this approach could be effective compared to the other techniques (Diganta et al.,
2025; Khan et al., 2025; Sajib et al., 2023; Uddin et al., 2024b). Details of the framework can
be found in Uddin et al., (2023a). Model residuals were assumed to follow a normal probability
distribution:
e~N(uo?) (11)

€ = y; — y;represents the residual between the model predictiony;and the observed WQI
valuey;;
uand oare the empirical mean and standard deviation of residuals estimated from calibration
data.
For each model, N = 10,000random perturbations were generated by Following fonction

&M =pu + 07,®, ZW~ N(0,1) (12)
where &® refers the simulated residual for the it observation in the kt iteration;
p and o are the empirical mean and standard deviation of residuals;

and Zi® represents a standard-normal random variate.

Each perturbation was added to the deterministic prediction y;to form a syntheticrealization as
follows:

yi®) = yi 4 gi(k) (13)
This process was repeated 10,000 times per model to produce a probabilistic ensemble of WQI
estimates used for deriving uncertainty metrics (R?, RMSE, MAE, Bias) and 95% confidence

intervals.
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3. Results

3.1. Statistical summary of environmental parameters

A total of 21 physico-chemical parameters were measured in three rivers of the northwest
Skikda region (Nuzzo 2016; Wickham et al. 2024). Fig. 3 shows boxplots of standardized
values, highlighting variability and enabling comparison among parameters, while descriptive
statistics are presented in Figure S6 (supplementary material). The observed variability reflects
the heterogeneous nature of river water quality and supports the application of PCA for data
reduction and variable selection.

Water temperature ranged from 9 to 27.60 °C (mean = 17.01 °C), consistent with local climatic
conditions. pH values (6.65-9.58; mean = 7.56) were generally within SEQ-Eau limits, with
minor exceedances likely related to photosynthetic activity. Electrical conductivity remained
low (181-672 puS/cm; mean = 292.9 nS/cm), indicating weak mineralization, whereas turbidity
reached 4.3 NTU, exceeding guideline values and suggesting suspended matter inputs from
runoff or anthropogenic sources (Uddin et al. 2023c, 2022).

Nitrate concentrations were well below SEQ-Eau standards (mean = 4.975 mg/L; max = 14
mg/L), while nitrite occasionally exceeded the 0.03 mg/L threshold (max = 0.0792 mg/L),
indicating possible recent organic pollution or microbial activity(Rodier et al. 2016).
Orthophosphate and ammonium showed localized exceedances (max = 0.12 mg/L and 0.604
mg/L, respectively), suggesting inputs from domestic, agricultural, or animal waste
sources(Uddin et al. 2023b).

Dissolved oxygen conditions were favorable (7.17-9.55 mg/L; mean = 8.244 mg/L), with
oxygen saturation consistently above 70%, reflecting good aeration and ecological conditions
(Bouchra et al. 2025). Mineralization parameters remained within SEQ-Eau limits, indicating

no significant salinization or industrial influence. Total hardness averaged 137.4 mg/L (13.74
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465  °C)and peaked at 364 mg/L (36.4 °C), approaching but not exceeding critical thresholds, likely

466  reflecting the limestone-dominated geology of the region.
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468 Fig. 3. Environmental parameters in Skikda river water samples.
469

470  3.2. Results on the water quality indexes

471  The research calculated six water quality indices for each 159 samples, including the traditional
472  water quality index (WA _WQI), four water quality indexes corresponding to each PCA
473  dimensions (WQI_Dim1-Dim4) and a summarized water quality index (WQI_P).

474  After principal component analyses, and following Kaiser’s rule, four dimensions were
475  retained, hereafter referred to as Dim 1- Dim 4 (Fig. 4), and the following eight uncorrelated
476  parameters were retained for subsequent analyses: conductivity, turbidity, nitrates, nitrites,
477  orthophosphates, ammonium, saturation rate, and dissolved oxygen (Table 2; Figure S2), the
478  biplots of PCA for axes1 and 2, axes 1 and 3, and axes 1 and 4 are provided in the supplementary

479  materials (Figures S03, S04, and S05, respectively).
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Fig. 4. Variable Contributions to Principal Components: Dim-1 to Dim-4.

Table 2. Contribution value of each parameter to the formation of the axes.

Paramétres Dim-1 Dim-2 Dim-3 Dim-4
Conductivity 9,64 0,03 0,26 0,58
Turbidity 0,37 21,46 4,37 9,48
Nitrite 0,06 5,08 9,01 0,21
Nitrate 1,93 2,28 7,47 19,93
Ammonium 0,54 5,43 26,40 0,57
Saturation (%) 0,20 24,21 7,89 2,64
Dissolved O: 20,99 23,46 2,59 4,13
PO+~ 0,28 0,02 20,02 20,81

3.3. Statistical overview of water quality indices

The descriptive statistics graphs reveal a diverse distribution of values across the various Water

Quality Indices (WQIs) (Fig. 5). WA_WQI, WQI_ P, and WQI_D1 exhibit relatively high mean

values of 61.8 £46.1, 53.2 £27.0, and 66.9 + 36.3, respectively, indicating a generally poorer
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water quality according to these particular measures. Conversely, the indices WQI D2,
WQI D3, and WQI D4 show lower values of 15.2 + 11.4, 24.6 = 5.1, and 56.3 = 33.6,
respectively, which may suggest a comparatively better water quality. The spread of these
values, as measured by the standard deviation (SD), is particularly pronounced for WA WQI
(£46.1) and WQI D1 (£ 36.3), reflecting a greater variability around the mean. In contrast, the
indices WQI D2 (£ 11.4), WQI D3 (£ 5.1), and WQI D4 (+ 33.6) display more consistent
distributions of data points. Adjusting the parameter weights in these indices has led to more
stable and representative measures of overall water quality. For instance, the WA WQI index
is heavily influenced by nitrate and orthophosphate, with weights of 0.74 and 0.21, respectively,
making it highly sensitive to these two parameters and accounting for nearly 95% of its
variation. Consequently, WA WQI focuses primarily on these specific factors, whereas the
other indices provide a more comprehensive evaluation of water quality, encompassing

dimensions that WA WQI fails to adequately capture.
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Fig. 5. Statistical Overview of Water Quality Indices (WA_WQI, WQI D1, WQI_D2, WQI D3, WQI D4,
WQI_P) and Their Distribution.

3.4. Distributional Comparison of WA_WQI and WQI_P Across Models
Fig. 6 shows boxplots comparing the WA WQI and WQI_P values across all machine learning
models. Although both indices share a broadly overlapping range, the central tendency and
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overall distributions are clearly distinct: WQI_P exhibits consistently lower medians, reduced
spread, and fewer extreme values, reflecting its stricter and more stable scoring pattern.

Because the Shapiro—Wilk test indicated non-normal distributions for both indices (p < 0.05),
a non-parametric Wilcoxon paired test was applied. The Wilcoxon test result (W = 398226, p
= 5.161 x 10°®) shows an extremely significant statistical difference between WA WQI and
WQI_P. This confirms that the two indices do not produce equivalent score distributions.This
significant difference is fully consistent with the reclassification outcomes, WQI P yields more
conservative and balanced water-quality classes, demonstrating that the PCA-based index

produces a systematically different and more constrained evaluation of water quality compared

with WA_WQIL.
Comparison of WA_WQI and WQI_P Values Across Models
Wilcoxon test: W = 398226.00, p = 5.161e-08, n = 1431
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Fig. 6. Boxplot comparison of WA WQI and WQI_P values using the Wilcoxon test.
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Fig. 7. Mean prediction errors (PREI) of machine learning models for WQI_P and WA WQI indices with 95%
confidence intervals.

Fig. 7 evaluates the predictive performance of a suite of machine learning models for both
indices. By presenting mean prediction errors together with 95% confidence intervals, this
figure highlights not only the relative accuracy of each model but also the degree of uncertainty
associated with its predictions. The results consistently show that WQI P is associated with
smaller errors and narrower confidence bounds across models, reflecting greater robustness and
stability. In contrast, WA WQI displays higher uncertainty and larger deviations. Taken
together, these findings suggest that WQI P provides a more reliable basis for further
applications, in line with recent recommendations that index selection should be guided by
predictive performance and uncertainty rather than by descriptive statistics alone (Uddin et al.

2023d, 2021a).
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Fig. 8. Spatial distribution of the WQI scores of various indices across the Skikda.

Figure 8 shows the spatial distribution of WQI scores at the different sampling sites in the study
domain. As can be seen from fig. 8 that the WQI D1 showed maximum average WQI score
(66.9) compared to the remaining models and the WQI D2 computed the minimum average
WQI score (15.2). The average WQI score of 53.2 computed by the WQI P model was found
lower when compared to the average WQI score (61.8) obtained from the WA WQI model
(Fig. 8).

3.5. Cross-validation of the predictive performance of WA_WQI and WQI P indices
Fig.9compare predicted versus observed values for WA WQI and WQI P across eight base
algorithms (DT, RF, ANN, XGB, KNN, SVM, LM, LASSO) and a stacked ensemble. In both
panels, points cluster closely around the 1:1 line, indicating high predictive fidelity on the test
data. Linear and margin-based approaches (LM, LASSO, SVM) show the tightest agreement
with R? typically around 0.98-0.99, while tree ensembles (RF, XGB) also perform strongly
with only modest dispersion at the extremes. Single-tree DT and k-nearest neighbors display
comparatively larger scatter and slightly lower R?, though still within a high-performance range

(>0.90). The stacked ensemble tracks the best single algorithms, suggesting limited additional
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gains. Taken together, the two figures show that both indices exhibit high predictive
performance, with differences driven mainly by the choice of algorithm rather than the index
itself.

However, these very high R? values must be interpreted with caution. The dataset contains only
159 samples and originally included 21 parameters, while several of the evaluated algorithms
(ANN, XGB, RF) have high model capacity relative to the sample size. Such conditions create
a substantial risk of overfitting, even under 10-fold cross-validation, especially if observations
are not fully independent across seasons or sampling locations. Therefore, part of the strong
predictive performance observed here likely reflects model optimism rather than purely
generalizable signal. This highlights the need for validation using larger, more heterogeneous

datasets in future studies.
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Fig. 9. Predicted versus actual WA_WQI values from nine machine learning models (DT, RF, ANN, XGB, KNN,
SVM, LM, LASSO, STACKING) on the test data. The dashed black line shows the ideal 1:1 relationship, and the
R? value indicates the prediction accuracy of each model.

3.6. Evaluation of Model Performance

Fig.10 presents test-set results for eight algorithms (DT, RF, ANN, XGB, KNN, SVM, LM,
LASSO) across two indices, WA WQI and WQI P, using RMSE, MAE and R2. Overall, the
newly developed WQI P reduces prediction error for most models while maintaining high
explained variance.

For RMSE, WQI P is lower than WA WQI for six of eight algorithms. The reductions are
observed for ANN (7.93 vs 16.45), KNN (8.29 vs 14.81), XGB (4.58 vs 7.61), SVM (3.81 vs
4.88), LM (3.41 vs 4.19) and LASSO (3.47 vs 4.12). DT and RF show slightly better RMSE
with WA WQI, with DT at 6.90 vs 6.12 and RF at 4.75 vs 4.54.

For MAE, the pattern is consistent with RMSE. WQI P achieves lower MAE for ANN (4.69
vs 12.06), KNN (5.84 vs 10.24), XGB (2.66 vs 4.10), SVM (2.58 vs 3.58), LM (2.15 vs 3.10)
and LASSO (2.14 vs 2.98), while DT and RF are slightly better with WA WQI, with DT at
5.32 vs 3.93 and RF at 3.05 vs 2.60.

For R?, both indices yield high values across all models, indicating strong predictive capability.
WQI P is higher for ANN (0.93 vs 0.88) and KNN (0.92 vs 0.91), similar for XGB (0.97 vs
0.97) and SVM (0.98 vs 0.98), and slightly lower than WA WQI for DT (0.93 vs 0.98), RF
(0.97 vs 0.99), LM (0.98 vs 0.99) and LASSO (0.98 vs 0.99).

Taken together, the consistent reductions in RMSE and MAE for six of eight algorithms,
combined with uniformly high R?, show that WQI_P is overall the more performant and

precise index on the test data.
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Fig. 10. Comprehensive Evaluation of WQI Models: RMSE, MAE, and R? on Test Data for WA WQI versus
WQI P Across DT, RF, ANN, XGB, KNN, SVM, LM, and LASSO.

3.7. Model(s) uncertainty results

The research applied a comprehensive Gaussian Monte Carlo simulation framework
comprising 10,000 stochastic realizations to evaluate the predictive uncertainty and robustness
of the machine learning (ML) and ensemble models developed for Water Quality Index (WQI)
estimation. Model-specific residual distributions were used to generate stochastic perturbations,

enabling quantification of both random (aleatoric) and structural (epistemic) uncertainties. For
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each realization, the R?, RMSE, and bias metrics were recomputed to capture the propagation
of observational noise and model error through the predictive

workflow.

The Monte Carlo results revealed pronounced variability in uncertainty behaviour across model
classes, emphasizing the fundamental influence of algorithmic design on stability under
perturbation. Figurell illustrates the probabilistic distribution of R? values across all models,
while fig. 12 visualizes the comparative spread of RMSE, bias confidence width, and R?
variance across various models.

Form the fig. 11, it can be seen clearly the ensemble-based approaches, particularly
STACKING WQI P, STACKING WA WQI, and RF WA WQI, exhibited superior
statistical reliability and minimal uncertainty dispersion. Their Monte Carlo distributions were
sharply peaked (median R? > 0.99, variance < 0.005), with narrow RMSE confidence intervals
(< 5%) and negligible mean bias (|Bias| = 0), confirming the excellent predictive stability (Fig.
11). This performance reflects the combined benefit of ensemble averaging and Principal
Component Analysis (PCA)-based feature orthogonalization, which jointly suppress correlated
noise and attenuate bias propagation. Compared to the single-learner models such as
ANN WA WQIand KNN_ WA WQI demonstrated wider, asymmetric uncertainty envelopes,
indicating high sensitivity to input perturbations, overfitting tendencies, whereas the models
have limited generalization under nonstationary conditions.

However, the Monte Carlo uncertainty analysis substantiates that ensemble and hybrid
architectures substantially outperformed compared to the single-learner models in both

predictive precision and reliability.
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Fig. 11. Uncertainty distribution of R? Values from 10,000 Gaussian Monte Carlo Simulations across WQI Models
at parametric t-interval (95% CI) for the model’s mean bias.
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Table 3. WQI scores predicting performance of various model(s) at 95% confidence level.
R? (Median £95% RMSE (Median Bias 95%

Model cn £95% CI)™* cl Interpretation

Very stable; minimal spread,
RF_ WA WOQI 0.990 (£ 0.002) Low (< 10) +0.22 . .

highest precision.

Robust; strong generalization
XGB_WA WQI 0.983 (£ 0.003) Low +0.28 under perturbation.

Best overall consistency;
STACKING WA WQI 0.998 (= 0.001)  Very low +0.31 negligible sensitivity.
DT WA WQI 0.960 (£ 0.01) Moderate +0.71 Sensitive to noise; higher variance.

. Unstable with noise; lower

KNN_WA WQI 0.82 (£ 0.04) Moderate-high +0.58 predictive reliability.
ANN_ WA WQI 0.75 (£ 0.05) High L 1.02 Strongly data-sensitive; needs

larger samples.

PCA-based WQI improves
RF_WQI P 0.974 (= 0.01) Low +0.32 robustnesss lightly.

Most stable and highest-
STACKING _WQI P 0.997 (= 0.002)  Very low +0.26 performing hybrid,
LM/LASSO WQI P 0.99 (+0.004)  Low +0p0  Linear variants perform

consistently.

*"This classification defined based on the empirical distribution of RMSE values obtained from the 10000 MCS for each model. Categories to
the following numerical thresholds : (i) very low—the RMSE median< 0.01 and CI width< 0.02 ; (ii) low — if the RMSE< 0.1 and CI
width<0.20 ; (iii) moderate — if the RMSE median 0.10 to 0.30 or CI width 0.20 to 0.50 ; (iv) moderate-high — when the RMSE median was
found 0.30 to 0.50 or CI width 0.50 to 0.80 ; and (v) high —if the RMSE median>0.50 or CI width>1.0 ; whereas the CI width computed from
the RMSEy; s— RMSE, sof" percentiles, respective.

ANN_WA_WQI 22.8685
ANN_WQI_P -
DT_WA WQI -

DT WQI_P-

KNN_WA_WQI 19.3530

KNN_WQI P-  11.1467
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RF_WA WQ
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STACKING_WA WQI
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Fig. 12. Comparison of holistic uncertainty across various models.
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It can be seen from the fig. 12, the comparative uncertainty heatmap further stratified models
into three stability clusters:

(1) High-stability group — STACKING WQI P, STACKING WA WQI, and RF WA WQI,

(i1) Moderate-stability group — XGB WA WQI, RF WQI P, and LASSO WQI P;

(ii1) Low-stability group — ANN WA WQI and KNN WA WQI.

It can be seen from the table 3, The STACKING WQI P shows the remarkable consistency of
the PCA-integrated stacking model (highlights the synergistic gains of dimensionality reduction
and ensemble learning, effectively mitigating inherent uncertainties (Table 3). Similarly, the
RF WA WQI achieved strong performance with low residual dispersion, presenting a
computationally efficient yet resilient alternative for operational-scale environmental
deployment of the model.

Based on the combined evaluation of R? variance, RMSE confidence width, and bias
propagation, also considering other uncertainty metrics from the Table 3 and figure 12, the
RF_WQI_P model shows the relatively the lowest uncertainty these are statistically comparable
to the highest-performing WA WQI ensemble models, with the smallest RMSE confidence
interval and minimal bias. Conversely, the ANN- and the KNN-based models should be applied
with a few generalised conditions like Bayesian dropout or posterior calibration. However, the
model(s) uncertainty results indicates that the RF. WQI_P model performance not only strong
central accuracy of the model but also the best outperformed model under stochastic
perturbations, that could be utilized the reliable assessment of WQ with higher CI more
accurately within any geographical extend.

3.8. Assessment of WQ status

Figure 13 shows the spatial distribution of water quality status obtained from both WQI models
(WA_WQI and WQI_P). In the case of WA-WQI model, the WA-WQI model rated the water

quality of the sampling sites into five classes (excellent, good, poor, very poor and unsuitable
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for drinking) (Fig. 13a). Unlike WA WQI model, the WQI P model classified the water quality
of the sampling sites into three categories (good, poor and very poor) (Fig. 13b). Both models
demonstrated the “good” and “poor” water quality at all the five sampling sites in the Oued
Z'Hour (Fig. 13). However, the WA WQI model showed the “poor”, “very poor’and
“unsuitable for drinking” water status at the sampling sites in Oued Tizaghbane, whereas the
WQI P model rated the water quality as “poor” and “very poor” (Fig. 13). In the Oued
Tamanart, the water quality of the sampling sites showed “very poor” status with the WA WQI
model, whereas the WQI_P rated the water quality of the sampling sites as “poor” status (Fig.
13). Moreover, both models showed different water state for the sampling sites in Oued Afensou
(WA_WQI: A3, “excellent”; WQI P: A3, “good”), and Oued Boudoudeh (WA WQI: Bl,

“very poor”’; WQI_P: B1, “poor”) (Fig. 13).
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Fig. 13. Assessing water quality status using WQ WQI and WQI_P across various sites in Skikda.
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4. Discussion

This study introduces a more objective and reliable water quality index (WQI P) based on
principal component analysis, in which parameter weights are derived from variable
contributions to PCA axes and aggregated using variance-based weighting. This data-driven
framework reduces redundancy, addresses multicollinearity, and mitigates the eclipsing effect
while maintaining a transparent weighting structure (Nath Roy et al. 2024). Compared with the
traditional WA WQI, which relies on fixed permissible limits and simple weights, WQI P

provides a more balanced representation of overall water quality (Uddin et al. 2022).

Sankey diagram of WA_WQI — WQI_P classes

cellent
150
Excellent
Good
Good
100 Class
. Excellent
% Good
&) Poor
Very Poor
. Unsuitable
Poor
50 Poor
Veny Pabr
Very Popr
Unsuitable
0
WA_Wal Wal_P

Index type
Fig. 14. Sankey diagram of transitions between WA WQI and WQI_P classes.

Fig. 14 illustrates substantial reclassification between WA WQI and WQI_P. Under WQI P,
the Excellent class decreases markedly, while the Good and Very Poor classes increase,

indicating stricter upper thresholds and a redistribution toward more conservative
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classifications. These shifts suggest improved discrimination across quality categories and

reduced overestimation of water quality compared with WA WQIL.

Such behavior aligns with well-documented limitations of conventional indices, where
dominance by a small number of parameters masks broader water quality signals (Kachroud et
al. 2019; Uddin et al. 2023d, 2023c, 2024). In this study, WA WQI was largely controlled by
nitrate and orthophosphate, together accounting for approximately 95% of the total weight,
making class assignments highly sensitive to minor nutrient fluctuations. By contrast, PCA-
based weighting in WQI P distributes influence more evenly across retained components,
effectively reducing eclipsing and yielding more interpretable classifications, in line with data-

driven frameworks such as IEWQI (Uddin et al. 2022).

Predictive performance further supports the robustness of WQI P. As shown in Figure 7,
WQI P exhibits lower mean prediction error and narrower 95% confidence intervals than
WA WQI across all eight algorithms, indicating reduced uncertainty and improved reliability.
The stacking meta-learner achieved superior performance for WQI P (RMSE = 2.74; MAE =
1.75; r = 0.995) compared with the WA WQI baseline, with more stable error distributions
across models. These results align with recommendations to evaluate water quality indices
based on predictive accuracy and uncertainty, rather than descriptive fit alone(Parween et al.
2022; Tripathi and Singal 2019; Uddin et al. 2023c, 2024, 2021b).The stacking meta-learner
provides the most stable performance, although the very high R? values should be interpreted
cautiously given the limited sample size and the high capacity of several machine-learning

models.

The quasi-Gamma GLM results provide mechanistic insight into the drivers of water-quality
variation. Increases in NO>~, NOs~, NH4", PO+*", and turbidity are associated with multiplicative

decreases in expected WQI_P (IRR < 1), whereas dissolved oxygen and oxygen saturation show
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positive effects (IRR > 1) (Fig. 15). Because predictors were centered and scaled, effect sizes
are directly comparable, and confidence intervals not crossing unity confirm the direction of
effects. These findings align with established evidence identifying nutrients and turbidity as
principal degraders of water quality(Bouchra et al. 2025; Chawaka et al. 2024; Koue 2024;

Mostefa et al. 2025).

Observed exceedances of nitrite, nitrate, ammonium, and orthophosphate are consistent with
known pollution pressures in the Skikda region. Intensive vegetable farming along Oued
Z’Hour, Oued Tamanart, and Oued Tizaghbaner relies on synthetic nitrogen and phosphate
fertilizers, which are mobilized by runoff and shallow subsurface flow during early rainfall
events(Das 2025; Mostefa et al. 2025; Zhang et al. 2025).Urban expansion further contributes
through poorly treated domestic effluents and greywater discharges, particularly during dry-
season low-flow conditions(Abidi Saad et al. 2024; Akinnigbagbe et al. 2025; Das 2025; Zhang
et al. 2025).Land—water continuum studies support efficient transfer of nutrients into river
networks following episodic storms, explaining the elevated concentrations observed at several

stations(Mellander et al. 2025; Mostefa et al. 2025; Rodriguez-Cardona et al. 2020).

Effects of explanatory variables on WQI_P

NO2
(p=0.001+++) it

cE |
(p=0.781) —f—

(p=0.001%"")
(p=0.015%)
(p=0.001+*+)

Saturation
(p=0.787)

PO43
(p=0.001>") .

(p=0.117) H—e—

1.0 1.2 1.4
exp{Beta)

& p=005 € p=0.05

Fig. 15. Exponentiated coefficients (exp(p)) with p-values showing the effects of physico-chemical variables on
WQI_P using GLM with quasi-Gamma distribution.
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From a regulatory perspective, several parameters exceeded guideline limits, including NO-",
PO+*", and NH4*, while nitrate remained below the regulatory threshold but at levels conducive
to eutrophication (Table S1) (Chidiac et al. 2023). These exceedances are consistent with
contamination from agricultural runoff and wastewater inputs documented in comparable
studies (An et al. 2024; Chawaka et al. 2024; Ismail Akcay and Ozgiir Ozbay 2024; Koue 2024;
Tesoriero et al. 2024).

Conceptually, WQI P aligns with the IEWQI framework that promotes data-driven indicator
selection, weighting, and aggregation to limit eclipsing and quantify uncertainty (Uddin et al.
2023c, 2024).However, WQI P differs in deriving weights directly from PCA contribution
values and aggregating retained components through variance-based weighting. RMS-WQI
integrates machine learning into index construction, whereas WQI_P employs machine learning
solely for predictive evaluation.

Relative to WQIR formulations that combine PCA with ANN-based prediction, WQI P
formalizes weighting directly from PCA contribution values and aggregates retained
components using variance-based weighting (Fartas et al. 2022). Nevertheless, PCA-derived
weights remain sample dependent, a limitation shared with IEWQI and RMS-WQI. Addressing
this limitation will require future work on cross-basin recalibration or transfer-learning
strategies.

Comparison with other PCA-informed indices, including weighted arithmetic WQIs and
RIWQI, confirmed that reducing eclipsing leads to stricter and more balanced classification
(Ghoderao et al. 2022).The advantage of PCA based approaches is reduced exposure to
eclipsing when a small subset of variables carries most of the weight. The reclassification
patterns here, including the contraction of the Excellent class and redistribution across Good
and lower categories, are consistent with a stricter and more balanced assignment under WQI_P

(Ghoderao et al. 2022).

40



761

762

763

764

765

766

767

768

769

770

771

772

773
774

775

776

777

The Revised Iranian WQI (RIWQI) similarly incorporates multicollinearity checks and PCA to
refine parameter sets and weights, illustrating the broader trend toward data informed indices.
That rationale matches the weighting logic of WQI P and helps explain the observed
improvements in predictive reliability and class stability (Fathi et al. 2022).

In this dataset, stacking over eight algorithms achieves RMSE 2.73833, MAE 1.74824, and
correlation 0.9948635 for WQI P, surpassing the WA WQI stacking baseline (RMSE
3.163572, MAE 2.211848). A prudent phrasing follows: in this dataset, WQI P reduces RMSE
and MAE more than WA _WQI, while remaining consistent with IEWQI, WQIR, and RIWQI
reports that link improvements to mitigation of eclipsing and better calibration of uncertainty.
These comparisons indicate that WQI P addresses several gaps identified in the introduction,
notably eclipsing, collinearity, and predictive uncertainty, while the sample dependence of PCA

weights remains an open issue for future refinement.

Taylor Diagram

Models
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* X¥GB
KMNM
SVM
* LM
095 e LASSO
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0.99

= T T T T

0 10 20 30 40
Standard deviation

Fig. 16. Taylor diagrams comparing WQI prediction algorithms (WQI_P).

Fig. 16 shows that all algorithms achieve high correlation with observations (=0.95-0.99) and

comparable variance representation, with the stacking ensemble providing the best overall
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performance by jointly minimizing RMSE and variance mismatch. Among single learners,
ANN, KNN, and XGB perform more favorably than DT and RF, consistent with the lower
PREI values and tighter 95% confidence intervals reported earlier for WQI_P.

Potential overfitting likely reflects the limited sample size and temporal dependence among
observations. Mitigation requires expanded sampling coverage, constrained model complexity,
and principled feature reduction and preprocessing, as recommended in similar studies (Uddin
et al. 2023c¢).

5. Conclusion

This study introduced a PCA based water quality index named WQI P that aims to reduce
eclipsing, multicollinearity, and subjective weighting, which are common limitations in
classical indices such as the weighted arithmetic WA WQI. By deriving weights from PCA
contribution values and combining component level subindices using explained variance,
WQI P links the internal covariance structure of the data to the final index scores. This
approach provides a more objective and data informed representation of river water quality.
Key findings from this research are as follows:

e Among the studied water quality parameters, NO.", TURB, NH4" and PO+*~ breached
their guidelines limit in 25.2%, 23.3%, 8.8% and 0.6% samples, respectively.

e Applied to 159 river samples from the Skikda region, WQI_P produced stricter and
more balanced classifications. The Excellent category was considerably reduced, and
observations were more evenly redistributed across Good, Poor, and Very Poor classes.

e The predictive evaluations using eight machine learning models demonstrated that the
WQI P achieved lower prediction errors, smaller uncertainty ranges, and more stable

performance than WA WOQL
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e These findings indicate that PCA based weighting improves interpretability and
predictive reliability, which makes WQI P a useful alternative for practical water
quality assessment.

However, several limitations should be acknowledged, including the number of samples is
modest and confined to a single region, and repeated measurements may increase the risk of
overfitting when using high-capacity models. Additionally, weights derived from PCA remain
dependent on the dataset used for their calculation, which means that the WQI_P is not entirely
site independent. These aspects must be considered before extending the results beyond the
study area. Despite these limitations, the research provides valuable insights for local aquatic
managers and policy makers for the sustainable management of water resources, and for
achieving Sustainable Development Goal target 6.3 (by 2030, improve water quality by
reducing pollution, eliminating dumping and minimizing release of hazardous chemicals and
materials, halving the proportion of untreated wastewater and substantially increasing recycling
and safe reuse globally). Looking ahead, future research should include the validation of
WQI P in larger and more diverse basins, assessment of its stability under seasonal and climatic
variation, and systematic comparison with recently developed indices such as IEWQI, RMS
WQI, WQIR, and RIWQI. Additional research on cross basin recalibration or transfer learning
could be helpful for applying PCA based indices to new regions while preserving the shared
hydro-chemical patterns. This could ultimately strengthen the scientific and practical value of

WQI_P and support its integration into the operational water quality monitoring programs.
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The code used for this study is provided. The complete file is available under the name
"Feuille 23" (https://github.com/mosetfa/mosetfa/blob/main/feuille%2023).

Table 01: Permissible Limits of the Parameters Used in Calculating the WQI. (RAPPORT DE
PRESENTATION SEQ-EAU)

Parameters Permissible thresholds
Conductivity 2500 ps/cm

Turbidity INTU

Nitrite 0,03 mg/I

Nitrate 50 mg/I

Ammonium 0,5 mg/l

Saturation % 70 %

02, mg/l 7 mg/l
Orthophosphate 0,1 mg/I

Average Precipitation in Skikda (1992-2021)

Precipitation (mm)

130
110
a0

7o

Latitude

6.20E 6.40E 6.60E 6.80E 7.00E 7.20E 7.40E
Longitude

FIGURE 01: Heatmap of average monthly precipitation in Skikda from 1992 to 2021.

We utilized R to systematically download and process climate data from the TerraClimate
dataset. The map (figure 2) depicting average monthly precipitation in the Skikda region from
1992 to 2021 reveals an uneven distribution of rainfall, with the highest values predominantly
concentrated in the northwestern area. The dark blue zones on the map indicate regions where
average monthly precipitation can reach up to 130 mm, highlighting these areas as
particularly wet. This is where the Tamanart, Tizaghbane, and Zhor wadis are located,
selected for their accessibility and favorable climatic conditions that support high
precipitation levels, as illustrated by the map.
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Figure 02: Comparative Correlation Network Graphs (Full Set of 21 Parameters vs.
Representative Subset of 8 Parameters. This figure illustrates the correlation matrix between
the 21 physicochemical variables, while the second figure shows the correlation only between
the 8 selected parameters. This is done to highlight that these selected parameters capture a
range of information from the first figure, effectively summarizing it by focusing on the 8
parameters. The associations between the parameters indicate the correlation coefficient
(either positive or negative), with the color also reflecting the intensity of the correlation.

The network matrix reveals a strong correlation between electrical conductivity (CE) and
most major ions, such as Na, Cl, Ca, and Mg, indicating that an increase in the concentration
of these ions results in higher conductivity. Additionally, a significant correlation is observed
between dissolved oxygen and oxygen saturation, which reflects their direct relationship.
However, notable negative correlations are present, particularly between ammonium (NH4)
and both Dissolved_0O2 and saturation (%). Nutrients such as nitrate (NO3) and phosphate
(PO43) also show significant correlations, suggesting crucial interactions within the
biogeochemical cycles of the water

The two correlation network graphs presented illustrate, on one hand, the correlations among
21 parameters and, on the other, those within a subset of 8 parameters carefully selected to
minimize informational redundancy. A comparative analysis of these graphs reveals a marked
visual similarity, suggesting that the 8 chosen variables effectively capture the essential
correlation patterns present in the full set of 21 variables. This similarity confirms that the
selected variables are both representative and sufficient for further analyses without any
significant loss of information. The strongest correlations, indicated by thicker and more
vividly colored lines, remain evident in the reduced graph, demonstrating that the most
significant relationships have been preserved despite the reduction in the number of variables.
This process of variable selection proves its effectiveness in simplifying the model while
maintaining data integrity, thus making the analysis more concise and interpretable without
compromising the quality of crucial information.
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Figure03: PCA biplot on axes 1 and 2, showing only variable vectors.
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Figure04: PCA biplot on axes 1 and 3, showing only variable vectors.
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Figure05: PCA biplot on axes 1 and 4, showing only variable vectors.
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Figure 05.Values of environmental parameters in Skikda river water samples.



Anova, F(5,948) = 78.66, p = <0.0001, 1> = 0.29
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FIGURE 06: ANOVA Analysis with Post-Hoc Tukey HSD:
Quality Indices (WQI).
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