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Abstract: The quality of groundwater in the Sedrata plainantheastern Algeria is under increasing presguee
to semi-arid climatic conditions, geological mineration and growing agricultural demand. This gtpdovides

a thorough physicochemical characterisation of atizeaquifer waters collected from 25 open wellgrofour
sampling periods (February, May and December 202BMay 2024;n = 100), combining a traditional Water
Quality Index (WQI) analysis with six machine leign (ML) prediction models. The CCME-WQI framework
was applied using 12 physicochemical parametersM&i algorithms, Gradient Boosting (GB), Random éir
(RF), Support Vector Regression (SVR), Bayesianr&sion (BR), AdaBoost (AdB) and K-Nearest Neighibou
(K-NN) were trained and evaluated across 12 neistedt-variable combinations, using the Recursivatéie
Elimination with Linear Cross-Validation (RFE-L) thedology. Gradient Boosting achieved the highest
predictive accuracy on the full variable s&f € 0.88 and RMSE = 4.89 in the test set), while Si&4fonstrated
the best generalisation ratiB?(= 0.83 in the test set with only two variables oset). Best-subset regression
identified a parsimonious nine-variable modgl EC, Turb, HCQ", C&*, CI, K*, Na"; Adj. R? = 0.812) as the
recommended input for operational WQI predictiohlatide, calcium and electrical conductivity exiéu the
strongest negative correlations with WQI, reflegtievaporite dissolution and ion exchange procesHesse
findings provide actionable guidance for the managr@ of groundwater in semi-arid regions facinglegaeus
hydrochemical and climatic constraints.
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Introduction

Access to safe groundwater is fundamental to humealth, food security and
sustainable development, particularly in semi-agdions where surface water resources
are scarce, highly seasonal or unreliable [1]. Neastern Algeria, including the wilaya of
Souk Ahras, is an example of this: annual raintaiély exceeds 600 mm, and long periods
of drought are becoming more common in the curofimate. Phreatic aquifer systems
must meet the demands of domestic use, livestodkimigation simultaneously [2, 3].
In this context, groundwater quality is shaped Hwy interplay of natural processes such as
mineralisation from carbonate and evaporite litgas, ion exchange on clay minerals and
evapotranspirative concentration, as well as apthgenic pressures including irrigated
agriculture, limited wastewater treatment infrastuwe and direct aquifer recharge from
unlined irrigation channels. Elevated chloride,phalte and calcium concentrations have
been well documented in shallow aquifers formedvilocene-Pliocene detrital deposits
overlying Triassic evaporite sequences [4, 5]. Hewe systematic, spatially resolved
monitoring data collected over multiple hydrolodiceasons are still lacking for the
Sedrata sub-basin. The Water Quality Index (WQ#§nsnternationally recognised tool for
condensing multi-parameter water quality data mtsingle, policy-relevant metric. This
study uses the Canadian Council of Ministers of Emeironment (CCME) WQI [6], an
open index whose scope-frequency-amplitude streatakes it particularly well-suited to
monitoring programmes in which the list of paramet@nd the criteria for exceeding them
may evolve over time [1]. The CCME-WQI has beenligopin various hydrogeological
settings and has demonstrated its effectivendseiiifying spatial and temporal variations
in the quality of both surface water and groundwdid. Although the conventional
computation of the WQI is feasible for small dataséhe management of water resources
increasingly requires the rapid and cost-effecpvediction of water quality at locations
where physical sampling is infrequent or impradtida this context, machine learning
(ML) models have emerged as powerful tools: ensemithods such as Random Forest
(RF) and Gradient Boosting (GB) can capture compltenlinear relationships among
physicochemical predictors, while wrapper-basedufeaselection algorithms can identify
parsimonious input sets that minimise monitoringstsowithout sacrificing predictive
accuracy [8, 9]. Employing AdaBoost, K-NN, GB, R6VYR and Bayesian regression
against 12 water-quality predictors with recursifeature elimination provides the
methodological template adopted in the presentystud

The objectives of this investigation are threefdt) characterising the seasonal and
spatial variability of physicochemical parameterstie Sedrata phreatic aquifer across four
sampling campaigns, (2) computing CCME-WQI valued anapping the hydrochemical
controls on groundwater quality, and (3) evaluatmgl comparing six ML algorithms for
WQI prediction using nested input-variable combor, and identifying the most
parsimonious yet accurate model for operationalayepent.

Although the integration of CCME-WQI and machinarlang has been reported
previously, many published studies in comparabltirdgeological settings have focused on
a single predictive model, a single train/testtsplf a single sampling campaign, leaving
three aspects insufficiently resolved for semi-avidghrebian aquifers: which minimal
subset of physicochemical parameters can be usedefiuced-cost monitoring without
materially sacrificing predictive accuracy; howiably the reported predictive performance
of tree-based ensembles generalises beyond a siatglesplit; and how strongly seasonal
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recharge and irrigation-return-flow dynamics motkiléghe predictors of water quality.
To address these gaps, the present study makesdoylementary contributions. First,
a systematic, nested-input-variable comparison ief ML algorithms combined with
Recursive Feature Elimination with Linear Crossifation (RFE-L) across 12 candidate
variable combinations identifies the smallest sulzdephysicochemical predictors while
maintaining comparable predictive performance. 8dcoan exhaustive best-subset
multiple regression analysis, validated against ,ABOIC and Mallows’'C, together with

a formal VIF-based multicollinearity check, trarisk the feature-selection results into
concrete, quantified guidance for reduced-cost afmral monitoring. Third, an explicit
guantification, via k-fold cross-validation and kyparameter tuning described in the
hyperparameter optimisation section, of the gersatidn gap of tree-based ensembles
provides quantitative evidence that single tragi/tsplits may overestimate predictive
performance, and identifies a regularised confijonasuited to operational deployment.
Fourth, a four-season sampling design capturingh bwinter recharge and summer
irrigation-return-flow dynamics enabled the machiearning models to capture seasonal
variability in groundwater quality, thereby impragi the robustness and environmental
relevance of the predictive framework under sernd-Aydrogeological conditions.

Materials and methods

Study area

Sedrata is a commune located 56 km southwest df 8bras city in the northeastern
portion of Algeria (36° 7' 42" N, 7° 31' 53" E; glgion 804 m - 811 m), approximately
85 km from the Mediterranean coastline (Fig. 1).tAVm resident population of
approximately 80,197 inhabitants, the commune suppdiverse agricultural activities,
principally cereal cultivation, olive orchards, andiarket gardening, irrigated
predominantly from phreatic wells [10].

The climate is semi-arid, with mean annual preatwh ranging from 267.1 mm to
550.8 mm, high inter-annual variability, and a ponced summer dry season.
Temperatures are continental, with hot, dry sumrrer35 °C) and cold winters; snowfall
is occasional above 800 m. The combination of lpigtential evapotranspiration and low,
episodic recharge concentrates solutes in shallownglwater, particularly during drought
years.

Geological and hydrogeological setting

The Sedrata region is located at the tectonic bagndetween two significant
structural domains [4, 5, 11-15]. The autochthonemsl para-autochthonous domain
comprises the Sellaoua and North Aures units amdists of Lower to Upper Cretaceous
(Barremian-Maastrichtian) carbonate sequences betieled with marls of varying
carbonate content. These sequences are locallyptist by Triassic diapirs composed of
argillaceous-, gypsiferous-, calcareous-, and dilonfacies, principally gypsum and
halite. These basement units are overthrust froennitrth by the allochthonous Tellian
nappe (comprising marls and bioclastic limestonesifthe Palaeocene to the Lutetian) and
the Numidian nappe (consisting of Oligocene to Miwe quartzose sandstones and green
clays). The Sedrata plain, the main sampling aisaunderlain by Mio-Pliocene
conglomerates and red clays deposited after tactctivity, a Villafranchian calcareous
crust and Quaternary fluvial and colluvial deposithis detrital sequence constitutes the
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regional phreatic aquifer, characterised by anagyetransmissivity of around- 30+ m2/s,

a hydraulic conductivity of around 1.210° m/s, and a storage coefficient of around
2.3 - 10* [16]. Well depths across the sampling networkgeafrom 20 m to 50 m.
The proximity of Triassic evaporite outcrops, pastarly gypsum and halite primarily
control elevated S@ and Ct concentrations in phreatic water throughout ttaénpl
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Fig. 1. Geographical location of the study area #r& groundwater samples: a) Africa, b) Greater
Algiers Watershed, c) Seybouse Watershed, d) sitety

Data collection and sampling

Groundwater samples were collected during four Gagms representing contrasting
hydrological conditions: February 2023 (winter raxae season), May 2023 (spring,
pre-irrigation peak), December 2023 (post-autumohaege), and May 2024 (spring
repeat). Samples were drawn from 25 open phreatits w3 replicates per well per
campaign would have yielded 300 samples; the steggrtsN = 100 composite samples,
corresponding to 25 wellsA campaigns), used exclusively for irrigation.

Samples were collected in 1.5-litre high-densityypthylene bottles, labelled with
well 1D, sampling date, and aquifer depth, and estloat 4 °C during transport to the
Algerian Water Laboratory (ADE), following APHA []l7protocols. Field parameters,
electrical conductivity EC), pH, temperature, and turbidity, were measureditin using
calibrated portable instruments (HANNA HI 8915 ATSH meter; HANNA 54500-18
conductivity meter; HACH 2100N turbidity meter).d3blved oxygen (& was measured
in situ using a pre-calibrated DO meter with bubiobe immersion. Major cations (€a
Mg?, K*, Na) and anions (C] SQ%) were quantified by ICP-OES; HGOwas
determined by potentiometric titration following@etlard analytical methods [17, 18].
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The ionic balance method (IB) was applied to vettig accuracy of the chemical
analysis for each water sample.

All samples remained within the acceptable limitx#0 % tolerance, confirming
analytical reliability [18-21].

Water quality index (WQI) calculation

The Water quality index (WQI) summarises extensiager quality data in the form of
a single numerical score [22]. This study emplotrel CCME WQI, which was developed
by the Canadian Council of Ministers of the Enviremt (CCME) in 2001. The CCME
WQI is an open index, meaning it does not specifijctv parameters or standards must be
used. Instead, users select the variables andrigriteat match the water body and
monitoring objectives. While this flexibility allosvthe index to be adapted for different
monitoring programmes, consistent use of the saananpeters and criteria is required to
make valid comparisons over time or between sitbe CCME-WQI is calculated from
three factors: scopeF{), frequency I,) and amplitude K3). Scope (Eqg. (1)) is the
percentage of measured variables that exceed medehlues at least once; frequency
(Eq. (2)) is the percentage of all measurementsiotate the guidelines; and amplitude
(Eq. (3)) quantifies the magnitude by which viatgti measurements fall outside the
guideline values. The factors are defined as

v,
F, = Vf 100 )
N,
Py 2)
NSE
F3 3)

" 0.01NSE +0.01
whereV is the total number of variablég,is the number of failed variableN,is the total
number of testd\; is the number of failed tests, aN&Eis the normalised sum of
excursions. The excursidf for each failed testis calculated as

X;
Elzal—l forxi> Oi (4)
L
0:
EL:x_l_l f0r0i> X (5)
i

wherey; is the value of theth failed test an@®; is the corresponding objective or guideline
value. The normalised sum of excursions is then

Ny
1
=_ . (6)
NSE =+ ._El E;

Finally, the CCME-WQI is computed as [23]

R o
1.732

The resulting CCME-WQI values were classified ifiice categories as shown in
(Table 1), WQI was computed using CCME CalculatéxXTMAB v2022.

CCEM —WQI = 100 —
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Table 1
Classification of CCME-WQI and corresponding wajeality status [23]
Water quality class Index range Water status

Excellent 95-100 Very good quality water
Good 80-94 Good quality water

Fair 65-79 Acceptable quality water
Marginal 45-64 Poor quality water

Poor 0-44 Very poor quality water

Machine learning algorithms and model training

Six machine-learning algorithms were evaluatedtfieir ability to predict the CCME
Water Quality Index using a 12-parameter physicotbal dataset. Gradient Boosting
(GB) involves building successive decision treeat ticorrect predecessor residuals
iteratively, thereby enabling the modelling of cdexp nonlinear interactions [23, 24].
Random Forest (RF) uses bagging to aggregate @hatard trees, reducing overfitting and
providing inherent feature importance measures [26]. Bayesian regression (BR)
incorporates prior information within a probabilistramework to produce calibrated
uncertainty estimates, which are valuable when dagalimited [27]. AdaBoost (AdB)
sequentially reweights training instances to foleasning on hard-to-predict observations
[28]. K-Nearest Neighbours (K-NN) predicts by awgrg the K closest samples in feature
space and performs well when the local data stredsurepresentative [29]. Support Vector
Regression (SVR) fits an optimal regression hymempl in a kernel-induced space,
providing robustness to outliers and flexible mdidgl of non-linearity [30, 31].
All 100 samples were used for model development wede partitioned into training
(80 samples, 80 %) and testing (20 samples, 20e¥)sing stratified random splitting,
preserving seasonal representation across the tsuipsdéine with hydrogeological ML
practice [32]. Input variables were min-max norsedi to the [0.1, 0.9] range to mitigate
scale-induced bias among parameters with dispanadgnitudes. Feature selection
employed recursive feature elimination with lineaoss-validation (RFE-L), a backward
elimination approach in which an initial model faihed on all 12 variables, the features
are ranked by importance, the least informativeabde is removed and the model is
refitted iteratively until the removal of a furtheariable causes tHe or RMSE to exceed
the predetermined threshold.

Table 2

Nested input-variable combinations tested acrdss»xaML algorithms
Model Variables

1 pH, T, O;, EC, Turb,HCO3, SO3~, Ca?, Mg?, CI, K*, Na'

2 pH, T, G;, EC, Turb,HCO3, SO3~, Ca?, Mg, CI, K*

3 pH, T, O;, EC, Turb,HCO3, S03~, Ca?, Mg?, CI

4 pH, T, G, EC, Turb,HCO3, SO;~, Ca?, Mg?#,

5 pH, T, G, EC, Turb,HCO3, SO%~, Ca?,

6 pH, T, G, EC, Turb,HCO3, SO%~

7 pH, T, O;, EC, Turb,HCO3

8 pH,T, O;, EC, Turb

9 pH,T, G, EC

10 pH,T, O

11 pH,T

12 pH
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Evaluation metrics

Several statistical measures were applied to assesiel performance: Root Mean
Squared ErrorRMSH, Mean Absolute ErrorMAE), and the coefficient of determination
(R?) [33]. With optimal configurations presented irable 3).

Table 3
Statistical metrics used for machine learning medeluation

=

The Root Mean Squared Err&®NISE quantifies the average magnitude g
1 prediction errors, giving higher weight to largewétions
RMSE = ;Z(Oi —P)? WhereQ; andP; represent the observed and predicted WQI values,
respectively, and is the total number of samples.

1 Mean Absolute ErroMJAE) measures the average absolute differences be
MAE = ;Zloi — P predicted and actual values.
The coefficient of determinatiofRf) measures the extent of IWQI variability
R 1— 2(0; — P,)? B captured by the independent variables
- >(0; — 0)? Where0, is the mean of the observed valugsyalues closer to 1 indicate

a stronger model fit, With a value of 1 represempierfect prediction

Feature importance analysis

Machine learning models assess input variables 93ygaing importance scores or
weights that quantify each feature’s influence e@adpctions [34]. Different algorithmic
architectures and optimisation procedures produstndt importance allocations: some
models emphasise particular predictors, while athbighlight alternative variables.
Comparative analysis reveals these divergencesamduide model selection [35].

Selecting relevant and informative features diseddffects model stability and
robustness, improving predictive consistency accosslitions [35-38].

As importance measures are model-dependent, camgpiéuie normalised scores across
models helps to identify predictors that are ursadly informative versus those that are
algorithm-specific.

Best-subset regression analysis

To identify a statistically optimal, parsimoniousegictor set for operational WQI
monitoring, an exhaustive best subset multipleesgjpn analysis was conducted across all
12 nested variable subsets. Six model-selectictierizi were computed: Mean Squared
Error (MSB, R?, adjusted R?, Akaike Information Criterion AIC; [39], Bayesian
Information Criterion BIC; [40]), and Mallows’'C, [41]. The recommended model was
selected as that minimisingIC and Mallows’ C, simultaneously while achieving the
maximum adjuste?, following established variable-selection praetié2, 43].

Hyperparameter optimisation using grid search and old cross-validation

To assess the sensitivity of model performance ypetparameter choice and to
identify robust model configurations, a 5-fold eslidated grid search (scoring Re)
was performed for the three best-performing alpomg (Gradient Boosting, Random
Forest and Support Vector Regression) on the f@Hvdriable input set. Grid-search
optimisation was implemented using GridSearchC\hfiite-fold cross-validation (cv = 5)
and R? as the optimisation metric. The optimal hyperpater combination was selected
according to the highest mean cross-validd®abtained from the five validation folds.
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The parameter grids explored and the resulting nwgdti configurations are reported
in Table 4.

Hyperparameter optimisation was performed only ftbe three best-performing
algorithms (GB, RF and SVR), whereas the remaimrgglels were retained with their
default configurations to preserve a consistenelii@s comparison, as their predictive
performance was substantially lower and furtherinoigaation was unlikely to alter the
overall comparative conclusions.

Table 4
Grid-search hyperparameter ranges and optimalguanafiions (5-fold CV, scoring R?)
Algorithm Hyperparameter grid searched Optimal configuration Best CVR?
n_estimators {100,200,300}; n_estimators = 300,
. . max_deptte {2,3,4}; learning_rates max_depth = 2,
Gradient boosting {0.01,0.05,0.1}; min_samples_leaf learning_rate = 0.1, 0.847
{2,5,10} min_samples_leaf =5
n_estimators {200,400,600}, n_estimators = 200,
Random forest max_deptte {3,5,8,None}; max_depth =8, 0.689
min_samples_leaf {1,2,4} min_samples_leaf = 1
C € {1,10,50,100}; epsilore _ S
Support vector regressi{ {0.5,1,2}; kernel = RBF; gamma € = 100, eris‘non N 2 0.749
gamma = 'auto
{scale, auto}

All input variables were min-max normalised to [0Q.9] prior to grid search,
consistent with the machine learning algorithms aratlel training section. The shallow
optimal tree depth selected for Gradient Boostim@aX_depth = 2) and the associated
minimum leaf size (5) act as explicit regularisansl are discussed further in relation to the
overfitting behaviour identified in the model comigan discussion.

The tuned configurations reported in Table 4 wenbssquently adopted in the
independent 5-fold cross-validation analysis to leat® model robustness and
generalisation performance.

Results

Physicochemical characterisation of the Sedrata pleatic aquifer

The descriptive statistics for the 12 measuredrpaters (Table 5) suggest that there is
substantial variability across the dataset. Sevefrahe variables exhibit a clear positive
skew, which is consistent with point source or egis contamination. The range of
groundwater pH was from 6.43 to 9.22 (mean 7.3438)) reflecting bicarbonate buffering
in the calcareous aquifer. Temperature varied fidn® °C to 19.8 °C (mean 15.6 °C),
which is consistent with seasonal recharge dynaniissolved oxygen showed wide
dispersion (0.39-9.32 mg/L; mean 4.93 mg/L), witwlvalues potentially linked to
stagnant wells or the degradation of organic maBéactrical conductivity was the most
variable parameter in terms of diagnosis ((400-®)16ScnT!; mean 1,570 uS-cm™;
skewness 1.49; kurtosis 3.31), indicating a sulogetighly mineralised samples from
evaporite-influenced flow paths or evaporative @ration. Turbidity was similarly
skewed ((0.13-39.3) NTU (nephelometric turbidityitymmean 4.72 NTU; skewness 3.25),
with extreme values tied to storm recharge or smmgpdisturbance. The major ion
composition showed a dominance of HC@nean 310 mg/L) and &a(mean 142 mg/L),



Integrating CCME-WQI and machine learning for grdwater quality in the Sedrata plain ~ 48¢

as well as elevated T|(142-710) mg/L; mean 351 mg/L), which was oftéoee guideline
levels. There was also a high degree of skewne#s ifskewness 4.49), which suggests
localised agricultural inputs.

Table 5
Descriptive statistics (mean, standard deviat®iD) (skewness, kurtosis) of groundwater quality paatzns
[N =100]
WHO Alg
Parameter Min. | Max. | Mean | SD | Skewness| Kurtosis| Standard | Standards
2017 2011
pH [-] 643 | 9.22| 7.34| 0.38 1.36 5.28 6.5-9 6.5-9
T[°C] 11.0 | 19.8| 156 1.9 -0.16 -0.61 25 25
O, [mg/L] 0.4 9.3 4.9 2.7 -0.10 -1.26 / /
EC[uS/cm] 400 | 51601 157¢ 82( 1.49 3.31 1500 280D
Turb [NTU] 0.1 39.3 4.7 5.8 3.25 14.0 <5 <5
HCO3 [mg/L] 91 945 310 124 2.05 7.36 300 /
S0Z~ [mg/L] 22 691 117 110 2.99 10.8 250 400
Ce' [mg/L] 27 680 142 100 2.49 8.63 120 200
Mg®** [mg/L] 0.24 156 28 33 1.79 2.98 50 150
CI” [mg/L] 142 710 351 135 0.82 0.32 200 500
K* [mg/L] 0.13 15 14 29 4.49 19.38 12 12
Na' [mg/L] 37 414 167 52 1.28 4.86 150 200

Pearson correlation analysis

The Pearson correlation matrix (Fig. 2) reveals tlilgdrochemical associations that
structure the Sedrata groundwater system, as welltheir relationship with the
CCME-WQI. The strongest positive inter-parameter rrelations among the
physicochemical parameters are observed betweéhabd SGQ* (r = 0.79), C&" and
HCO; (r = 0.62), and S@ and HCQ (r = 0.59). This is consistent with the dissolutidn o
carbonate and evaporite minerals (e.g. calcite,ordidé and gypsum) occurring
simultaneously in the Triassic and Cretaceous semse Electrical conductivity correlates
positively with C&" (r = 0.60), S@ (r = 0.56), HCQ (r = 0.44) and CI(r = 0.45), which
confirms that total dissolved solids are controllegl the same mineralogical sources.
The Ct versus N&covariation ( = 0.40) suggests halite dissolution as an additisoarce
of salinity, while the moderate Mg—Qi £ 0.35) and Mg—Nar (= 0.22) correlations point to
dolomite and exchange processes. Regarding WQIsttbagest negative correlations are
with CI (r = =0.57), C&" (r = -0.55),EC (r = -0.52), K (r = -0.47), S@ (r = -0.44),
turbidity (r = -0.35) and HC@ (r = -0.33). This confirms that these are the main
parameters causing index exceedances and degrgabogdwater quality. The weakest
WQI correlations are for Ngr = -0.08), Q (r = —0.07) and pHr(= +0.17), indicating that
they contribute less to variation in quality acrtss sampled wells.

CCME-WQI assessment

The CCME-WQI scores derived from the analyses df $@mples indicate that the
quality of the groundwater across the Sedrata pioraguifer (Table 6) is predominantly
poor to marginal. Of the 25 wells sampled, noneieaed an 'Excellent’ classification
(WQI > 95), and only three wells (12 %) attaine@dd@' status (WQI 80-94). These three
wells are all located in the less-irrigated, upmtnenorthwestern sector of the plain. Seven
wells (28 %) were classified as fair (WQI 65-79hile the majority (44 %) fell into the
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marginal category (WQI 45-64). Four wells (16 %ystered in the southeastern sector
adjacent to the deepest Triassic outcrops, werssifiled as poor (WQI < 44).

The parameters that most frequently exceeded WHextnes were S¢, CI, EC, C&*

and K, which confirms the primary role of evaporite disgion and anthropogenic
salinisation in quality degradation. A seasonatgratwas also evident: WQI scores were
generally lower (indicating poorer quality) duringe May sampling campaigns, when
irrigation demand peaks and return flows contribct@centrated solutes to the shallow
water table. This is in contrast to the February Becember campaigns, when the aquifer
receives diluting recharge from winter rainfall. i¥Hemporal variability highlights the

importance of multi-season monitoring for a repnégtive quality assessment.
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Fig. 2. Pearson correlation matrix of all studiediables and the computed WQ € 100)

CCME-WQI classification of Sedrata groundwater well

WQI Class Index range Water status Sedrata wells
Excellent 95-100 Very good quality 0 wells (0 %)
Good 80-94 Good quality 3 wells (12 %)
Fair 65-79 Acceptable quality 7 wells (28 %)
Marginal 45-64 Poor quality 11 wells (44 %
Poor 0-44 Very poor quality 4 wells (16 %)

Machine learning model performance and comparativevaluation

The predictive performance of six machine-learnirdgorithms across all
12 combinations of input variables was evaluatethguseparate training and testing

0.4

0.3

ro.1

Table 6

datasets. Model performance was assessed usingeéfficient of determinationRg), root
mean square erroRMSE, mean absolute erroM@AE), relative absolute erroRAE) and
root relative squared erroRRSE (Table 7 and Fig. 3). Gradient Boosting (GB) askd
a perfect training fit 2 = 1.000) with negligible prediction erroRMSE = 0.150;
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MAE = 0.110) and the highest testing performari®e=0.880;RMSE= 4.890). However,
the decline in performance from training to testindicates clear evidence of overfitting,
further reflected by the increase RMSEfrom 0.150 to 4.890. Nevertheless, GB remains
the most accurate model in terms of predictive ggathnce on unseen dat@his
interpretation is further supported by the 5-fotdss-validation analysis. Support Vector
Regression (SVR, Model 1) achieved a traini®gof 0.950 and a testing? of 0.830,
corresponding to the same train-test R2 differgfct2) as GB but with substantially lower
training accuracy, suggesting less severe ovedittits RMSE increased moderately
(2.910-5.810), while itsRAE (38.10 %) andRRSE (41.80 %) remained competitive,
indicating good predictive stability. Bayesian Reggion (BR, Model 2, 11 variables)
exhibited the strongest generalisation abilityisltestingR? (0.820) slightly exceeded its
training R2 (0.810), indicating no apparent evidence of atterff and excellent model
stability. BR also showed the smallest train-teisicretpancy among all models, while
maintaining consistent prediction erroMAE = 4.320 for training and 4.520 for testing),
although its overall predictive accuracy remainkgh#ly lower than that of the tuned GB
model. Random Forest (RF, Model 2, 11 variablesmmalestrated strong training
performanceR = 0.950), but its testing? decreased to 0.800, accompanied by an increase
in RMSEfrom 2.710 to 6.230. Likewise, its RAE increasedni 19.18% to 36.33 %,
indicating moderate overfitting. Overall, RF proggdrobust predictive performance but
exhibits weaker generalisation than BR and thedu®B model.

Table 7
Comparative performance of machine learning regrmesaodels on training and testing datasets

RMSE | MAE | RAE [RRSE | R’ [RMSE | MAE | RAE | RRSE
[ [1 [[% | [%] | [ [ [ 0] | [%]

Training Testing
1.00( 0.15 | 0.11|1.13| 1.17 |0.88| 4.89 | 3.10 | 25.31| 35.21

2
Model Algorithm RM

Gradient Boosting

(GB)
2 Ra”d(gg)'zore“ 0.95| 271 | 1.94|19.18| 21.76| 0.80 | 6.23 | 4.45 | 36.33 | 44.85
1 Support Vector | o515 g1 | 195 |19.28| 23.36 | 0.83| 5.81 | 4.66 | 38.10 | 41.80
Regression (SVR
2 Bayesian | g1| 545 | 4.32|42.76| 43.74| 0.82| 593 | 452 | 36.92 | 42.66

Regression (BR),
11 AdaBoost (AdB) | 0.37| 9.93 | 8.04 | 79.55| 79.65| 0.71| 7.44 5.95 | 48.63 | 53.52

K-Nearest
Neighbours (KNN 0.50| 8.82 | 6.76 |66.87| 70.69 | 0.48 | 9.98 7.82 | 63.88 | 71.81

The AdaBoost model (Model 11), developed using grtlyand temperature, and was
evaluated with the smallest predictor subset. Cquesatly, its trainingR2 was relatively
low (0.370), whereas it is testirRf reached 0.710. This inverted train-test pattermost
likely attributable to the small size of the tegtsubsetr{ = 20). With only 20 observations,
the specific composition of the randomly selectest subset may differ from that of the
training data, producing a testifg that reflects the characteristics of those sasngéher
than true generalisation performance. This reqwdukl therefore be interpreted cautiously
rather than as evidence of superior predictiveitgbiNevertheless, it suggests that these
two variables retain meaningful predictive inforinat However, the relatively high error
values RAE = 48.63 % andRRSE= 53.52 %) limit the practical applicability ofish
simplified model. K-Nearest Neighbours (KNN) exhdd the weakest predictive
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performance, with the lowest testing2 (0.480) and the highest testing errors
(RMSE= 9.98,MAE = 7.82,RAE = 63.88 % andRRSE= 71.81 %). Even with ten input
variables, the model failed to generalise effetjivéis relatively low trainingRe (0.500)
further indicates limited fitting capability. Thibehaviour is likely attributable to the
combination of correlated physicochemical variabtbe limited sample sizeN(= 100),
and heterogeneous, skewed data distributions, aswknted in the descriptive statistics.

a) Train R2=100 | Test R* =081 b) TrainR* =089 | TestR =071 D] Train R%=080 | Test R’ =068
20 - — 120 120
1 | # Troining data -7 wo | * Training dats ¥ 1104 * Training data
[ P - - - o
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5 - - Lliine ! 5 -~ L1l gt 5 - - 11line e L
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H p z . s 3
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Fig. 3. Observed vs. predicted WQI for the bestiingpmbination of each machine-learning algorithm:
a) Gradient Boosting, b) AdaBoost, c) K-Nearestgibbrs, d) Random Forest, ) Support
Vector Regression, and f) Bayesian Regression;kBdad red circles denote training and testing
datasets, respectively, the dashed line represleaits:1 line, and thB? values are given in each
panel

Cross-validation and hyperparameter sensitivity

To verify whether the single 80/20 split reported (Table 7) provides a reliable
estimate of generalisation performance, a 5-foldssivalidation was additionally
performed for Gradient Boosting, Random Forest &ngport Vector Regression, both
with default (scikit-learn) hyperparameters andhvitte tuned configurations identified in
the hyperparameter optimisation section and sunsexhiin Table 8.

Table 8
5-fold cross-validate&®? andRMSEfor default vs. tuned models (full 12-variable umget)
Algorithm Configuration CV R’ (mean #5D) CV RMSE (mean #5D)
Gradient boosting Default 0.77 +0.06 6.63 +1.1
Gradient boosting Tuned 0.85 +0.03 5.3
Random forest Default 0.68 +0.08 7.7+1.2

Support vector regression Default 0.38 +0.04 10.8 1.1
Support vector regression Tuned 0.75 -

With default hyperparameters, Gradient Boosting’ssam cross-validatedR?
(0.77 +0.06) is materially lower than the singlditsjesting R2 of 0.88 reported in Table 7,
confirming that the original 80/20 split was, tons® extent, an optimistic estimate of
generalisation performance. Following hyperparametaing, the cross-validate@? for
Gradient Boosting improves to 0.85 +0.03, with batthigher mean and substantially
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reduced variance across folds, indicating thatstiedlower trees and larger minimum leaf
size identified by the grid search meaningfullyigdte the overfitting noted in the model
comparison discussion. Random Forest and SuppartoWéregression show a smaller
default-to-tuned gap, consistent with their compeety stable train-test performance in
Table 7.

Best-subset regression analysis

The best subset multiple regression results forldllparameter combinations are
summarised in Table 9. Of the 12 candidate models, nine-variable combination
comprising temperatureT), electrical conductivity EC), turbidity (Turb), bicarbonate
(HCOy), magnesium (Md), calcium (C&"), chloride (CT), potassium (K) and sodium
(Na") achieved the lowest values of both AIC (636.7%) Mallows’ C, (7.91), while also
achieving the highest adjuste8 value (0.812) and aviSEof 27.93.

Adding the remaining three variables (pH, dissolesgigen and sulphate (30) to
create the full 12-variable model increag®dy only 0.002 (from 0.812 to 0.814), which is
a marginal gain that does not justify the additiom@asurement costs. This is consistent
with the principle of parsimony. The nine-varialoh®del is therefore recommended as the
operational input configuration for real-time WQlediction in the Sedrata aquifer
monitoring programme.

Table 9
Best-subset regression results for WQI modellinthenSedrata groundwater systed= 100].
Bold row indicates the recommended parsimoniouseinod

k Variables MSE | R® [Adj R?| AIC | BIC |Mallows C,
1|CI- 109.440.33 0.32 | 757.38762.54 248.50
2|Ca? K* 73.38|0.55 0.54 | 719.3¢727.14 137.00
3 |Turb, Ca2, K* 55.26|0.66) 0.65 | 693.00703.42 81.96
4 |Turb, Ca?, CI, K* 36.65|0.77| 0.76 | 653.98666.94 25.37
5 |Turb, Ca? Mg*, CI', K* 33.17|0.79 0.78 | 645.97661.61 16.43
6 |T, Turb, Ca? Mg?, CI, K* 31.38|0.80 0.79 | 642.41660.65 12.78
7 |T, ECTurb, Ca? Mg*, CI, K* 29.96(0.81] 0.80 | 639.78660.64 10.31
8 |T, EG Turb, HCQ, Ca?, Mg?, K*, Na 29.18|0.82] 0.80 | 639.1%662.60  9.86
9 |T, EC, Turb, HCOg3, Ca?, Mg#, CI, K*, Na 27.92|0.82] 0.81 | 636.7%662.80 7.91
10[T, EG Turb, HCQ, SQ7, Ca?, Mg?, CI, K', Na 27.7990.83 0.81 | 638.2%666.94  9.50
11]T, O, EC, Turb, HCQ’, SQ?, Ca?, Mg?, CI, K, Nar 27.6930.83 0.80 | 639.90671.17 11.17
12|pH, T, O;, EC, Turb, HCQ, SQ*, Ca?, Mg?, CI, K*, Na [27.6390.83 0.80 | 641.71675.54 13.00

Multicollinearity assessment

The variance inflation factors (VIFs) for all 12eglictor variables are presented in
Table 10. All VIF values fall below the conventidrthareshold of 10, confirming the
absence of severe multicollinearity. Calcium hashlghest VIF value (7.08), as expected
given its covariation withEC, SQ? and HCQ" through coupled carbonate-evaporite
dissolution. However, it does not breach the aitibreshold. All the other variables have
VIF values below 4.0, with pH (1.31), turbidity {) and temperature (1.14) showing
near-orthogonal variation.
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Variance Inflation Factor (VIF) statistics for th& physicochemical parameters

Feature importance

Variable VIF 1/VIF
Caz 7.08 0.1412
SQF 3.97 0.2521
Cl- 3.56 0.2807
HCO; 3.15 0.3175
EC 2.36 0.4242
Na* 2.26 0.4416
Mg? 1.73 0.5770
O 1.50 0.6673
pH 1.31 0.7632
K+ 1.29 0.7773
Turb 1.17 0.8569
T 1.14 0.8740

Table 10

Permutation importance (30 repeats, scored on dwldRd) was computed for every
model using the full 12-variable input combinatigmpviding a feature-ranking method
applicable uniformly across all six algorithm typexluding SVR and K-NN, which have
no native importance score (Table 11 and Fig. 4).

Permutation-importance scoresRR?d of the predictive models

Variable GB RF BR AdB KNN SVR
pH 0.0014 0.0044 0.0000 0.0015 0.0000 0.0000
T 0.0014 0.0018 0.0000 0.0053 0.0000 0.0000
0, 0.0024 0.0036 0.0063 0.0084 0.0000 0.0322
EC 0.0479 0.1056 0.0686 0.0480 0.0248 0.0723
Turb 0.2096 0.1864 0.3100 0.1935 0.0441 0.2906
HCO; 0.0065 0.0072 0.0100 0.0000 0.0000 0.0038
ey 0.0341 0.0260 0.0099 0.0228 0.0000 0.0319
ca' 0.2727 0.1314 0.2719 0.0734 0.0013 0.1663
Mg* 0.0003 0.0000 0.0428 0.0016 0.0000 0.0003
cr 0.1100 0.1577 0.0852 0.0884 0.1665 0.2193
K* 0.2020 0.1612 0.0907 0.1181 0.0045 0.0769
Na" 0.0467 0.0292 0.0000 0.0041 0.0000 0.0086

Table 11

Turbidity, chloride, calcium, potassium and elexti conductivity emerged as the
dominant predictors across all six algorithms, ¢ieat with the parameters that most
frequently exceeded guideline objectives in the Wealculation itself (Table 4).
Magnesium, bicarbonate, pH, dissolved oxygen amgpézature contributed little to no
predictive power in any model, in line with theieak correlation with the computed WQI
(Table 5) and their exclusion (T,,OHCO; partly) or minor weighting in the index

formula.
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Fig. 4. Permutation feature importancéRf) of predictors across the six WQI models: a) Aoed,
b) K-Nearest Neighbors, c) Gradient Boosting, dpdRan Forest, e) Support Vector Regression,
and f) Bayesian Regression

Discussion

Hydrochemical controls on groundwater quality

Physicochemical characterisation of the Sedratagtiur aquifer reveals considerable
stress in the groundwater system due to naturanalisation and anthropogenic pressures.
The wide range of electrical conductivities (40Q68) pScnt® and major ion
concentrations is consistent with the Souk Ahrggoreés heterogeneous lithological setting,
in which Triassic evaporite sequences contributpsgyn, halite and associated salts to
shallow groundwater through congruent dissolutibng]. The strong positive correlations
observed between €aand S@ (r = 0.79) and between €aand HCQ (r = 0.62) are
indicative of gypsum and calcite dissolution, retpely, and corroborate petrographic
evidence of evaporite and carbonate lithologiethénrecharge area. The co-enrichment of
Na" and CT (r = 0.40) further implicates halite dissolution asegondary salinity pathway,
in line with findings from similar semi-arid aquife in North Africa [7, 22].
The CCME-WQI results confirm that the quality ofogndwater in the Sedrata plain is
predominantly poor: 60 % of sampled wells fall ink@ marginal or poor categories, with
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only 12 % achieving good status. These findingscamgsistent with previous basin-scale
evaluations which identified elevated sulphatepitle and calcium concentrations as the
primary causes of quality degradation in shallowgeXlan aquifers [2]. The pronounced
seasonal signal and lower WQI scores in May, cosgsr February and December, reflect
the dual mechanisms of evaporative concentratidregmnicultural return flow. During peak
irrigation, water abstraction lowers the water ¢éabhd concentrates solutes, while return
flows from unlined channels reintroduce agrochemmimds, particularly potassium
(skewness = 4.49), into the shallowest portion e Bquifer. This seasonal pattern
highlights the importance of multi-campaign morniitgrprotocols rather than single-season
assessments, as the latter are at risk of systatigtover- or underestimating the true
quality of the aquifer [7].

Machine learning (model comparison)

Of the six machine-learning algorithms evaluatedadBnt Boosting (GB) achieved
the highest absolute predictive accuracy on tHelftsvariable input set (testirfigf = 0.880,
RMSE= 4.890). This is consistent with its well-docurtezh ability to identify complex,
non-linear relationships between predictors angarses in hydrogeological datasets [23,
24]. However, the perfect training? value of 1.000, coupled with the moderate &%t
value, reveals a degree of overfitting that wagaatution when deploying the algorithm in
practice without regularisation tuning or enseméeraging. Support Vector Regression
(SVR and Bayesian Regression (BR) were the most gkseske algorithms: SVR
achieved a testing? of 0.830 with only two variables removed, whil& Bielded training
and testing=? values of 0.810 and 0.820, respectively, indigathinimal variance inflation
and stable performance across the training-tes$ipld. These results corroborate the
comparative analysis of Ahmed et al. [8], who aldentified ensemble methods and
kernel-based regressors as the most effective itdger for predicting WQI in semi-arid
basins. The substantially weaker performance ofagifdst Neighbours (testif§ = 0.480,
RRSE= 71.81 %) can be attributed to its sensitivityhte high-dimensional, heterogeneous
input space, as well as the limited sample si¢e=(100). Both of these factors impair
neighbourhood distance calculations [44].

The 5-fold cross-validation analysis quantitativenfirms the overfitting tendency of
the default Gradient Boosting (GB) model. Its meaoss-validated?? (0.77 + 0.06) is
substantially lower than the single-split testiRy(0.88), indicating that the latter provides
an optimistic estimate of generalisation perforngan€ollowing hyperparameter tuning
(shallower trees and larger leaf size; see the rpgpameter optimisation section), the
cross-validated?? increased to 0.85 + 0.03, with markedly reducadawnce across folds.
Although the tuned GB model achieved the higheetligtive accuracy, Support Vector
Regression VR and particularly Bayesian Regression (BR) exhibitmore stable
train-test performance (Table 7), suggesting storggneralisation despite their slightly
lower predictive accuracy.

The present results are consistent with recentesumbnducted in semi-arid regions of
Algeria. Azlaoui et al. [45] reported excellent IW@rediction using XGBoost combined
with SHAP in the Ain Oussera Plain, whereas Neflaak [46] successfully applied
Random Forest, XGBoost and AdaBoost with SHAP rigation water quality assessment
in the Skikda aquifer. However, unlike the presstndy, these investigations did not
explicitly evaluate the generalisation gap throkgbld cross-validation. Likewise, Farhi et
al. [47] demonstrated that spatial data augmemtati@mn improve predictive performance in
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the data-scarce Tabelbala region, highlighting amising strategy for addressing
small-sample limitations.

Nevertheless, the relatively small dataset (100 psesnfrom 25 wells) remains
a limitation of the present study. Although samgliover four independent seasonal
campaigns improves the representativeness of ttaseta parameter-rich algorithms such
as GB and Random Forest remain susceptible toitiireyf while instance-based methods
such as K-Nearest Neighbours are more sensitidemited sample size. Future studies
should therefore expand the groundwater monitoriegyvork over multiple years and
evaluate spatial data augmentation as a complenyesteategy for improving model
robustness and generalisation.

Optimal input combination and operational recommendtions

Best-subset regression analysis identified a parsious nine-variable model (EC,
Turb, HCQ, C&*, Mg®*, CI, K" and N4&; adj. Rz = 0.812, AIC = 636.75, Mallows’
C, = 7.91) as the preferred operational input coméijon. The marginal increase in R?
achieved by incorporating pH, dissolved oxygen suighate into the complete 12-variable
model (0.831 versus 0.829) is insufficient to jiysthe extra analytical workload. This is
consistent with the principle of parsimony and dheservation that pH and,@xhibit weak
correlations with WQI in this carbonate-buffere@rabic systemr(= +0.17 and -0.07,
respectively). From a water-quality monitoring ppestive, this result is practically
significant: excluding three parameters from roafi@boratory analyses reduces per-sample
costs without meaningfully compromising model aecyr This enables more frequent or
spatially extensive sampling within fixed budgétss noteworthy that S& was excluded
from the recommended model, given its high exceegldrequency. This can be explained
by the strong collinearity between $Oand C& (r = 0.79), which renders SO
statistically redundant once €as included. This pattern is also evident in tetively
modest VIF of SGF~ (3.97) compared to that of EFVIF = 7.08).

The VIF analysis confirms that multicollinearity ek not invalidate the regression
framework, with all VIF values remaining below tlogitical threshold of 10 and the
majority falling below 4.0. The near-orthogonal iation of temperature (VIF = 1.14),
turbidity (VIF = 1.17) and pH (VIF = 1.31) reflecthe distinct and largely independent
sources of variability associated with seasonainiaé cycles, event-driven turbidity pulses
and carbonate equilibrium, respectively. The mo@e€g* VIF value (7.08) indicates the
well-known geochemical coupling between carbonatelphate and bicarbonate
enrichment. However, it falls short of the threshaksociated with regression instability
[48].

Management implications

From a water resource management perspective pttalsclustering of poor-quality
wells in the south-eastern sector, adjacent to dbepest Triassic evaporite outcrops,
suggests that remediation efforts should be pisext in this area. Targeted interventions
could include installing lining in irrigation retarflow channels to reduce solute recharge,
promoting deficit irrigation scheduling from May wards to minimise evaporative
concentration and substituting phreatic well watéh piped supplies for domestic use in
the most affected areas. The GB and SVR modelsiedain this study could be
incorporated into a decision-support dashboard iginy near-real-time WQI estimates
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from routine field measurements of the nine recomiee parameters. This would
facilitate proactive management responses to gudditerioration events.

Conclusion

Physicochemical monitoring of the Sedrata phreatjaifer across four hydrological
seasons reveals a groundwater system under suktdiess from evaporite dissolution and
irrigation-induced salinisation. CCME-WQI class#ton confirms that 60 % of sampled
wells fall into the Marginal or Poor categoriestiwiCl, C&*, EC, K* and SG* most
frequently exceeding WHO and Algerian standard® pitonounced deterioration observed
during the May irrigation campaigns, relative tee tRebruary and December recharge
periods, demonstrates that single-season assessragstematically misrepresent true
aquifer quality, and that multi-campaign monitorirsga methodological necessity rather
than a luxury in semi-arid agricultural settings.

Among the six machine learning algorithms evalua@edient Boosting achieved the
highest absolute predictive accuracy (st 0.88,RMSE= 4.89) but exhibited significant
overfitting on this 100-sample dataset. Bayesiagr&ssion and Support Vector Regression
offered superior operational value through themmagalisation stability (ted® of 0.82 and
0.83 respectively, with near-zero train-test gap)] are recommended for deployment in
real-time monitoring contexts. Exhaustive best-stilbsgression identified a parsimonious
nine-variable input configurationT( EG Turb, HCQ", C&*, Mg®*, CI, K and N&;
adj. Rz = 0.812) that sacrifices only 0.002 k& relative to the full twelve-variable model
while eliminating pH, @ and SQ* from routine analysis, a cost reduction achievable
without meaningful loss of predictive fidelity. Tée of the nine recommended parameters
are measurable in situ with portable instrumemsbéng near-real-time WQI estimation
between laboratory sampling cycles.

The integrated CCME-WQI and multi-algorithm ML framork demonstrated here is
directly transferable to other semi-arid phreatjaier systems underlain by carbonate and
evaporite sequences, particularly across the Maghitee Middle East and the wider
Mediterranean basin. Priority future work shouldpa&xd the monitoring network
temporally and spatially, incorporate microbiol@iparameters into the WQI calculation,
apply isotopic and hydrogeochemical modelling tttdyeconstrain solute residence times,
and explore the addition of remote sensing proXessd-surface temperature, vegetation
indices and soil salinity estimates, as supplemmgi¥d_ inputs to extend spatial prediction
coverage in data-sparse regions.
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