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ARTICLE INFO ABSTRACT

Keywords: Groundwater quality in semi-arid regions is controlled by both natural hydrogeochemical processes and human
Groundwater quality activities. This study examines and compares four approaches for constructing a groundwater quality index in the
Hydrogeochemistry

southern Chott Hodna Basin (Algeria), combining expert judgment, principal component analysis (PCA), and
artificial neural network (ANN) optimization. Eleven physicochemical parameters related to salinity, minerali-
zation, and agricultural contamination were analyzed from 33 groundwater samples. Water quality index values
range from 52.67 to 303.44, with a mean of 147.79, which indicates generally poor groundwater quality and
marked spatial variability. Higher values are mainly linked to salinity and nitrate enrichment. All WQI weighting
approaches show strong agreement (r > 0.97), suggesting consistent representation of the aquifer's hydro-
chemical structure. The PCA-based approach emphasizes salinity-related variables such as electrical conduc-
tivity, total dissolved solids, chloride, and sulfate, which reflect evaporite dissolution and water-rock interaction.
In contrast, the ANN-optimized model increases the influence of nitrate, giving prominence to the role of agri-
cultural contamination. The hybrid PCA-ANN model provides the lowest prediction error (around a 12-18%
reduction compared to non-optimized models) and better captures complex relationships among variables.
Spatial interpolation using ordinary kriging identifies degraded water quality zones mainly in the northern and
northeastern parts of the aquifer. In general, combining statistical and machine learning approaches improves
the objectivity and reliability of groundwater quality assessment in semi-arid regions.

Machine learning
Principal component analysis
Weighting factor optimization

1. Introduction supply, irrigation, and industrial activities, particularly in Semi-arid
regions. However, groundwater quality is increasingly affected by
Groundwater is a major freshwater resource used for domestic both natural hydrogeochemical processes and human activities. Factors

Abbreviations: WQI_Expert, traditional expert-based allocation; WQI_Expert ANN, expert weights optimized through artificial neural networks; WQI_PCA, prin-
cipal component analysis-derived weights; WQI_PCA_ANN, PCA weights refined using ANN optimization; WQI, water quality index; ANN, artificial neural networks;
PCA, principal component analysis; EC, electrical conductivity; TDS, total dissolved solids; Cl~, chlorides; S0%", sulfates; NO3, nitrates; HCO3, bicarbonates; Ca®",
Calcium; Mg“, Magnesium; Na*t, Sodium; K, Potassium; pH, Potential hydrogen; R?, coefficient of determination; RMSE, root mean square error; MAE, mean
absolute error; OK, Ordinary Kriging.
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such as mineral weathering, evaporite dissolution, and ion exchange
strongly influence groundwater chemistry (Shaibur et al., 2019b;
Abdullahi et al., 2025; Nigam and Indu, 2025). Vulnerable aquifers are
affected by several human activities, including intensive irrigation, fast
urban development, and wastewater infiltration. (Egbueri and Agbasi,
2022; Shaibur et al., 2023; Seraiche et al., 2025a; Seraiche et al.,
2025b; Nigam and Indu, 2025). All of these pressure factors show how
important it is to have reliable methods for analyzing and managing
groundwater over the long term.

The water quality index (WQI) is widely used to simplify complex
hydrochemical data into a single numerical value (Hassan et al., 2021;
Chakraborty et al., 2023). The WQI can help determine whether water is
safe for drinking, suitable for irrigation, and safe for the environment by
combining multiple physicochemical parameters. Several studies have
applied WQI methods in Algeria, Bangladesh, India, Africa, and China to
examine groundwater affected by mineralization, agricultural contam-
ination, and hydrochemical variability (Zhang et al., 2020; Hassan et al.,
2021; Selmane et al., 2022; Chakraborty et al., 2023; Maliki et al., 2024;
Sen et al., 2024; Clemente et al., 2026). In Bangladesh, physico-chemical
and hydrochemical analyses have identified contamination of vulner-
able aquifers linked to salt intrusion, agricultural practices, and geo-
genic influences (Shaibur et al, 2019a, 2021). Although the
conventional water quality index (WQI) method is practical and widely
used. It is based on weighting methods defined by specialists that may
result in subjectivity and reduced reproducibility of results in different
hydrogeological contexts.

Groundwater chemistry is generally governed by a few hydro-
chemical variables such as electrical conductivity (EC), total dissolved
solids (TDS), chlorides (Cl™), sulfates (SO?{), nitrates (NO3), and bi-
carbonates (HCO3), as demonstrated by multiple studies. These vari-
ables reflect processes such as evaporation, mineral dissolution, and
fertilizer leaching (Shaibur et al., 2019b; Shaibur, 2022; Mahamadou
et al., 2024; Guenouche et al., 2024; Marfo et al., 2024). Similar
hydrochemical conditions have been reported in other aquifers across
Asia and Africa, where natural mineralization and anthropogenic ac-
tivities together affect groundwater evolution (Abidi et al., 2024). This
indicates that improving the objectivity and reliability of parameter
weighting remains a major challenge in WQI development.

To reduce constraints associated with subjective weighting, multi-
variate statistical techniques, including principal component analysis
(PCA), are widely employed in groundwater research. The PCA reduces
data dimensionality by transforming correlated variables into a smaller
number of independent components that explain most of the dataset
variance (Khoi et al., 2022; Zhang et al., 2024; Guenouche et al., 2024;
Abdullahi et al., 2025). This method helps identify the most important
hydrogeochemical processes and assigns weights to the resulting pa-
rameters. Previous studies from India, Bangladesh, and North Africa
indicated that PCA-based approaches improve interpretability and
reproducibility in groundwater assessment (Shaibur et al., 2019b;
Tripathi and Singal, 2019; Shaibur et al., 2021; Guenouche et al., 2024;
Nishat et al., 2025). However, PCA mainly describes linear relationships
and may not fully represent complex interactions among hydrochemical
variables.

In recent years, artificial neural networks (ANN) have proven good at
simulating nonlinear interactions in hydrogeochemical datasets. ANN
models can learn complex interactions among variables and improve
prediction accuracy compared with conventional statistical approaches
(Hassan et al., 2021; Mengistu et al., 2026). ANN-based WQI models
have shown promising results in groundwater studies from India, West
Africa, Saudi Arabia, and Iraq (Fatah et al., 2020; Egbueri and Agbasi,
2022; Ibrahim et al., 2023; Nayak et al., 2023; Mahamadou et al.,
2024; Ismail et al., 2024; Al-Zubaidi et al., 2025). In hydrochemical
applications, better optimization techniques like Levenberg-Marquardt
and Bayesian regularization have also made model convergence and
prediction stability better (de Jestis Rubio, 2020). However, ANN
methods may suffer from limited interpretability and possible
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overfitting, especially when applied to relatively small hydrochemical
datasets.

Recent researches are looking more and more at hybrid approaches
that combine hydrogeochemical knowledge, multivariate statistics, and
machine-learning techniques. This is because each weighting method
has its own strengths and weaknesses. Expert-based methods preserve
hydrogeochemical interpretation but remain partly subjective. PCA-
based approaches improve statistical objectivity but mainly describe
linear variance structures. ANN models better capture nonlinear in-
teractions but require careful validation to maintain reliability.
Combining these methodologies that work well together may improve
WQI performance while preserving hydrogeochemical consistency
(Tasan, 2023; Ismail et al., 2024; Abdullahi et al., 2025; Acquah et al.,
2025).

Although recent advancements have occurred, comparative studies
assessing expert-based, PCA-derived, and ANN-optimized weighting
methods within a unified framework are still few, especially in North
African aquifers. The Chott Hodna basin (Maadher Plain, Algeria) is a
hydrogeologically vulnerable environment characterized by low rain-
fall, a lot of evaporation, evaporitic geological formations, and more and
more groundwater exploitation (Selmane et al., 2022; Seraiche et al.,
2025a). In this region, groundwater quality is affected by both natural
mineralization and contamination linked to irrigation return flow and
wastewater infiltration. Local communities are strongly dependent on
groundwater for domestic and agricultural uses; reliable, regionally
adapted assessment methods are needed for long-term water resource
management.

This study, therefore, aims to: (i) examine the spatial variability of
major hydrochemical parameters and identify the dominant geogenic
and anthropogenic processes controlling groundwater chemistry; (ii)
develop and compare WQI models based on expert weighting, PCA-
derived weighting, and ANN optimization; and (iii) evaluate the rela-
tive performance, interpretability, and environmental relevance of these
approaches in a semi-arid aquifer system. This study proposes a hybrid
framework—by combining hydrogeochemical analysis, multivariate
statistics, and machine-learning techniques—to improve the reliability
and applicability of groundwater quality assessment in semi-arid
regions.

Recent advancements in hydrogeological artificial intelligence
include approaches such as self-organizing maps, probabilistic learning
models, and generative algorithms. (Karimi-Rizvandi et al., 2021;
Gholami and Sahour, 2024). However, the assessment of groundwater
quality still requires analytical frameworks that are computationally
efficient and hydrogeochemically relevant. In this context, hybrid
methods combining statistical analysis and machine learning optimiza-
tion remain suitable for regional assessment of the water quality index
and for the environmental management of semi-arid aquifer systems.
Ensuring the reproducibility of these hybrid methods is also a key
objective.

2. Materials and methods
2.1. Study area

The region is located south of the Chott Hodna basin (Fig. 1); The
Maadher plain extends around the coordinates 35°17'13.39” N and
4°16'05.81" E, at an average altitude of approximately 450 m. The
climate there is semi-arid, characterized by strong seasonal contrasts:
cool, wet winters and hot, dry summers. The average annual rainfall is
about 225 mm, however it changes a lot from year to year because the
climate in the area is so variable. (Selmane et al., 2022; Salim et al.,
2023; Lakhdar et al., 2026). The average temperature is about 21.9°C.
Since the 1970s, tremendous growth in agricultural production and
heavy groundwater extraction have made farmers more reliant on irri-
gation for their crops. Consequently, groundwater levels have fallen
sharply, while the proliferation of poorly constructed wells has
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HODNA BASIN

ALGERIA

Fig. 1. A 3D map showing the topography of the study area (Maadher), and its location in relation to Algeria and the Hodna Basin.

accelerated the salinization of aquifers and increased their vulnerability
to contamination (Ahmed et al., 2022; Seraiche et al., 2025a). These
events pose risks to groundwater quality and regional environmental
health, necessitating sustainable practices for aquifer protection.

2.2. Geology and hydrogeology of region

The landscape of the study area is characterized by sand dunes,
recent alluvial deposits, and isolated rocky reliefs, including Mount
Meharga and Mount Kerdada. The geological history of the Hodna Basin
records successive marine transgressive-regressive cycles from the Late
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Fig. 2. Geological map of the Maadher region showing boundaries of studied zone, piezometric lines and sampling locations.
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Triassic to the Late Cretaceous (Guiraud, 1973; Seraiche et al., 2025b).
The stratigraphic succession includes Triassic formations, Cretaceous
limestones, Miocene sandstones, and Lower Eocene gypsiferous marls.
These are all on top of Quaternary deposits that have not yet solidified
(Fig. 2). This geological context exerts a strong influence on ground-
water flow regimes and mineralization processes.

The Mio-Plio-Quaternary aquifer is the principal source of ground-
water. It is more than 250 m thick. It is the main aquifer that people use
in the area. (Guiraud, 1973; Dougha and Hasbaia, 2019). Hydraulic
connectivity with the deeper Albian aquifer occurs through vertical
exchanges, influencing the chemistry and salinity of the groundwater.
The recharge comes mainly from the infiltration of episodic floods of
wadis and return water from irrigation, while the low natural recharge
in semi-arid conditions reduces the system's dilution capacity. The in-
teractions between evaporite formations, carbonate rocks, and anthro-
pogenic inputs collectively shape the hydrogeochemical evolution of
groundwater, which contributes to salinization and nitrate enrichment.

2.3. Data collection and water quality parameters

We took samples of groundwater from the Maadher plain in Algeria,
which is south of Chott Hodna, between November 17 and 20, 2021. We
got 33 samples from wells. We select these wells carefully to show how
different the hydrogeochemical conditions are on the plain, taking into
account both natural geochemical processes and how people could affect
the quality of groundwater.

Eleven physico-chemical parameters commonly used to assess
groundwater quality were examined: pH, EC, TDS, Ca%t, Mg?t, Na*, K™,
Cl-, SO3~, HCO3 and NO3. The selected variables are particularly
relevant in semi-arid hydrogeological contexts (Selmane et al., 2022),
where processes such as evaporite dissolution, carbonate alteration and
ion exchange significantly influence groundwater chemistry.

All chemical analyses were carried out in certified laboratories in
accordance with World Health Organization guidelines (WHO, 2017;
Dougha et al., 2018). The ionic balance error remained within +6%,
indicating satisfactory analytical accuracy. Descriptive statistical anal-
ysis, together with standardized (z-score) evaluation, showed relatively
stable pH values throughout the study area. On the other hand, the
parameters related to salinity (EC, TDS, Cl1~, SO%’), the main cations and
nitrates showed marked spatial variability with several localized out-
liers. These trends suggest heterogeneous mineralization processes and
the presence of areas of high contamination that are probably associated
with both geogenic sources and agricultural runoff (Selmane et al.,
2022).

2.4. Methodological framework

The overall methodological approach (Fig. 3) combines conventional
hydrogeochemical assessment, multivariate statistical techniques and
machine learning methods to improve the calculation of the WQI index.
Three complementary weighting approaches were applied: (i) Expert-
based weighting (conventional WQI); (ii) Principal Component Anal-
ysis (PCA)-based weighting; (iii) Artificial Neural Network (ANN)-based
weight optimization.

Model performance was assessed using standard statistical in-
dicators, including the coefficient of determination (Rz), root mean
square error (RMSE), and mean absolute error (MAE), along with re-
sidual and sensitivity analyses. Finally, the spatial distribution of WQI
index values was generated using the ordinary kriging technique to
delineate contamination zones and assess spatial trends in the study
area.

2.5. Water quality index (WQID)

The water quality index (WQI) is a comprehensive tool that combines
numerous physicochemical parameters into a single numerical value
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Fig. 3. Flowchart of methodology following, integrate the hydrogeochemical
assessment framework using expert weighting, Principal Component Analysis
(PCA), and Artificial Neural Networks (ANN) to evaluate groundwater quality
index (WQI) and contamination risk.

indicative of overall water quality (Hassan et al., 2021; Selmane et al.,
2023; Maliki et al., 2024). Converting complex hydrochemical infor-
mation into an index facilitates interpretation and allows for comparison
between sampling sites, thus contributing to the informed
decision-making in water resource management. (Sen et al., 2024;
Seraiche et al., 2025b).

The general formulation of the WQI is expressed as:

WQI= Z W; x P; @

i=1

W; is the relative weight assigned to the parameter i. P; is the normalized

value of the parameter i, calculated according to the water quality

thresholds. n is the total number of parameters considered.
Standardization of parameters is usually carried out according to

threshold values recommended by the WHO or other environmental

bodies:

P,= (%) x 100 @

i
C; is the measured concentration of the parameter i. S; is the recom-
mended standard or limit value.

WQI values were classified into five quality categories (Appelo and

Postma, 2005): excellent (<50), good (50-100), medium (100-150),
poor (150-200), and very poor (>200).
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2.6. Hybrid optimization framework

2.6.1. Expert-based weights

In the classical approach, importance coefficients (I;) were assigned
based on hydrogeochemical relevance and importance to regional
environmental health. The relative weightings were calculated as fol-
lows:

I
Sl

This weighting structure reflects the main regional hydrochemical
processes, including salinization (EC, TDS, Cl°, SO%’), carbonate buff-
ering capacity (HCO3), and anthropogenic inputs such as nitrate (NOg3)
contamination (Mahamadou et al., 2024; Sen et al., 2024; Abdullahi
et al., 2025; Nigam and Indu, 2025). Although this method is widely
adopted and benefits from expertise in the field, it inherently contains a
degree of subjectivity. Therefore, its performance (Table 1) was evalu-
ated against data-driven alternatives.

W; =

3

2.6.2. PCA-based weighting scheme

Principal Component Analysis (PCA) was applied to identify the
main hydrogeochemical processes controlling groundwater chemistry
and to derive statistically grounded parameter weights (Tripathi and
Singal, 2019; Zhang et al., 2024; Abdullahi et al., 2025).

Prior to analysis, all variables were standardized as:

X — 1
0j

Z;= @

Zj; is the standardized value for the parameter j in sample i. Xj; is the
observed value. y; is mean of parameter j. o;: standard deviation of
parameter j.

The correlation matrix was computed and eigenvalue decomposition
performed to obtain eigenvalues (1x) and component loadings (Ly).
Components with eigenvalues greater than one were retained following
the Kaiser criterion. Relative weights were then determined using a
multi-component contribution approach:

w, — ke (Ll x Vi)

7 %)
; P (‘Lfk| x Vi)
=

Vi is the percentage of the total variance that component k explains. m is
the number of components that are kept (for example, eigenvalues >1).
n is the total number of parameters.

This strategy minimizes subjective biases by leveraging the intrinsic
statistical structure of the dataset, thus offering a more objective alter-
native to weighting (Singhal et al., 2020; Maliki et al., 2024).

The component retention was based on the Kaiser criterion, scree
plot, and cumulative explained variance. The first three principal com-
ponents (>80%) were retained. Unrotated components were used for
weighting based on absolute loadings and explained variance, ensuring
robustness to sign indeterminacy. Variables with cross-loadings were
retained due to the cumulative nature of the weighting scheme.

2.6.3. ANN-based weight optimization

Artificial Neural Networks (ANN), specifically a multilayer percep-
tron (MLP), were employed to model complex relationships among

Table 1
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hydrochemical variables and further refine WQI weighting (Ibrahim
et al., 2023; Aldrees et al., 2024; Guenouche et al., 2024; Al-Zubaidi
et al., 2025).

2.6.3.1. Data preparation. The eleven physicochemical parameters
were used as input variables and normalized using Min-Max scaling.
The target output corresponded to the reference WQI derived from
either expert-based or PCA-based weighting.

2.6.3.2. Network architecture. The ANN consisted of: (i) An input layer
with 11 neurons; (ii) One hidden layer (optimized experimentally); (iii)
An output layer with a single neuron representing predicted WQI, see
Fig. 4.

Nonlinear activation functions (ReLU or tanh) were used in the
hidden layer, but a linear activation function was used in the output
layer (Nayak et al., 2023; Ngwenya et al., 2025).

2.6.3.3. Training procedure. The dataset was randomly divided into
training (=70%), validation (=15%), and testing (~15%) subsets. Model
performance was optimized by minimizing the Mean Squared Error
(MSE):

MSE =

Z| =

N
Z (WQIPred.i - WQIﬂCmﬂl~i)2 (6)
i=1

N: total number of samples, WQI,q;: predicted WQIANN, WQlycnai:

Hidden
Layer L,

Outlet
Layer L;

Input :
Layer L; |
I

> WQlyreair

m

(out) (1)
ZW/’ hj

j=1

Fig. 4. Flowchart represent the architecture of Artificial Neural Network (ANN)
and Training and optimization procedure for Water Quality Index (WQI)
modeling. X; is the input (variable) to the neuron. WY is the relative weight
assigned to parameter i in the layer x. h;L) denotes the activation (output) of
neuron j in layer L. m is the neuron number in the last layer. WQlI,r.q: predicted
WQI value.

Expert-based weights and relative weights (W;) of physicochemical parameters in Water Quality Index (WQI) assessment of the south Chott Hodna region. Potential of
Hydrogen (pH), Electrical conductivity (EC), total dissolved solids (TDS), Calcium (Ca2+), Magnesium (Mg2+), bicarbonates (HCO3), chlorides (Cl7), sulfates (SO%’),

nitrates (NO3), Sodium (Na™), and Potassium (K*).

Parameter pH EC TDS Ca®* Mgt HCO3 cl- S0% NO3 Na* K+ >0
Importance weight (I;) 2 5 6 3 3 7 6 7 5 2 1 47
Expert (W;) 0.04 0.11 0.13 0.06 0.06 0.15 0.13 0.15 0.11 0.04 0.02 1.00
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actual/reference WQI

Optimization algorithms such as Adam or Levenberg-Marquardt
were implemented. Early stopping and validation monitoring were
applied to prevent overfitting and to improve generalization capacity.

2.6.3.4. Extraction of optimized weights. Relative parameter contribu-
tions were quantified using the connection weight approach (Olden and
Jackson, 2002; Kulisz et al., 2021):

Wi — 2t (wa X wol) o
z; ZIL:I (!le X W10|)

W;: relative weight of parameter i, wy: weight from input i to the hidden
neuron [, wy: weight from hidden neuron [ to output, L: number of
hidden neurons, n: number of inputs.

These W; values are then normalized to sum to one, forming opti-
mized relative weights. These values ensure that only positive influences
are taken into account.

2.6.3.5. Model evaluation. The model's performance was evaluated
using the coefficient of determination (RZ), mean squared error (MSE),
mean absolute error (MAE) and residual diagnostics (Sekarlangit et al.,
2024). In addition, a sensitivity analysis was conducted to assess the
relative influence of each parameter on the prediction of the WQIL.

The integration of expert judgment, PCA, and ANN establishes a
complementary and robust modeling framework. Expertise-based
weighting ensures hydrogeochemical relevance, PCA enhances statisti-
cal objectivity, and ANN captures complex relationships between pa-
rameters. By combining these strengths, the proposed hybrid
methodology improves the predictive reliability of the reproducibility
and practical applicability of WQI modeling in semi-arid aquifers.

The combination of expert judgment, PCA and ANN creates a com-
plementary and robust modeling framework. Expertise-based weighting
ensures hydrogeochemical relevance, PCA improves statistical objec-
tivity, and ANN captures complex non-linear relationships between
parameters. The proposed hybrid methodology enhances the reliability
of predictions, reproducibility and practical applicability of WQI
modeling for semi-arid aquifers by integrating these strengths. (Tasan,
2023).

Because the dataset was relatively small, model validation relied on a
hold-out approach with repeated random initialization and early stop-
ping to limit overfitting. Although this method provided stable model
performance, it may not fully capture data variability. Future studies
could apply k-fold cross-validation to improve model robustness and
reliability (Jung et al., 2020). In addition, the ANN model was guided by
hydrogeochemically meaningful indices, including Expert-WQI and
PCA-WQI, which helped reduce physically unrealistic predictions.
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3. Results
3.1. Statistical analysis of groundwater quality

The evaluation of groundwater quality from 33 samples in the El
Maadher area reveals significant non-compliance with WHO (2017)
drinking water standards (Table 2), particularly for key physicochemical
parameters. All samples' pH was within the allowed range (6.5-8.5), but
more than 50% exceeded electrical conductivity and TDS limitations,
indicating hydrogeochemical-related salinity and mineralization. All
samples had elevated calcium and sulfate contents, with averages of
314.12 and 666.15 mg/L, respectively. These values exceed the WHO
recommendations, which range from 75 to 250 mg/L. These anomalies
probably originate from geogenic sources, including the dissolution of
limestone and gypsum. (Selmane et al., 2023). Nitrate contamination is
another major concern, with more than 90% of samples exceeding safe
levels. An average nitrate level of 173.47 mg/L was calculated across the
study area, representing a serious environmental health risk. Concen-
trations of Mg?", CI~, and Na™ are also high (93.9%, 66.7%, and 30.3%,
respectively), reflecting the combined effects of salinization, anthropo-
genic pollution, and agricultural inputs on the aquifer system. These
high ionic concentrations are consistent with the geological composition
of the region, whereby the Triassic evaporite formations and the Eocene
gypsum marls contribute to a natural enrichment in Na*, C1~, and Mg?*
by dissolution of evaporites and ion exchanges. The hydraulic connec-
tion between the Mio-Plio-Quaternary aquifers and the deeper Albian
aquifers could promote the mineralization of groundwater. On the other
hand, the concentrations of K" and HCO3 remain within acceptable
limits, which indicates limited dissolution of carbonates and a low
agricultural influence on these elements. The hydrogeochemical profile
indicates the influence of geological formations and hydrogeological
connections on salinity and quality of groundwater. She also emphasizes
the importance of continuous monitoring. Furthermore, it demonstrates
the potential of advanced multivariate statistical techniques and ma-
chine learning to refine the estimation of WQI and spatial interpretation
in complex semi-arid aquifers. The asymmetry study revealed that pH
values were approximately symmetrical, while EC, TDS, ca’t, cl, and
NOs showed slight positive asymmetry, suggesting localized enrich-
ment. Conversely, Mg2", SO7~, Na¥, and especially K* showed a sig-
nificant positive asymmetry, reflecting the influence of extreme values
linked to mineral dissolution and anthropogenic inputs (Auwal et al.,
2026). These results confirm the significant variability in groundwater
quality in the studied region and its consequences for sustainable water
management and public health.

3.2. Derivation of weight factors for WQI
3.2.1. Expert-based weight

In the normalized formulation (Eq. (8)), the effect of each parameter
on the final WQI score is determined by its weight, which indicates how

Table 2
Descriptive statistical analysis of groundwater physicochemical parameters in the study area and comparison with WHO (2017) guideline values for drinking water
quality.
Parameter Standards WHO (2017) Min Max Mean =+ SD Skewness % Sample exceeding the WHO standard
pH 6.5-8.5 7.15 7.89 7.61 £ 0.16 —0.59 0%
EC 2500 1035.81 4901.78 2648.33 + 871.21 +0.92 51.5%
TDS 1000 463.14 1825.51 1031.39 + 307.01 +0.92 57.6%
Ca®" 75 108.22 601.20 314.12 £ 116.2 +0.85 100%
Mg2+ 50 36.46 255.20 97.57 + 45.55 +2.03 93.9%
HCO3 500 149.45 244.00 178.84 + 27.64 +0.3 0.0%
Cl™ 250 88.75 923.00 425.89 + 220.68 +0.9 66.7%
S0% 250 250.00 1300.00 666.15 & 232.38 +1.3 100%
NO3 50 12.00 407.00 173.47 £ 104.41 +1.0 90.9%
Na™ 200 42.78 379.07 127.52 £ 75.73 +1.5 30.3%
Kt 12 5.10 16.00 7.35+19 >+3.0 6.1%

All parameter units are in mg/l, EC (uS/cm) and pH without unit. SD is the Standard Deviation. WHO: World Health Organization.
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much it can affect human health and groundwater use. Parameters such
as SO%_, HCOs3, TDS, and Cl~ were given higher relative weighting due
to their importance for salinity and mineralization. In contrast, Kt and
Na' were given lower weighting because they are less toxic and have
less effect at normal levels.

WQI=0.04 x Py + 0.11 x Pg¢ + 0.13 X Prpg + 0.06 X Pgee+ +0.06
X Pyg2+ +0.15 X Pco; +0.13 X Pg- 4 0.15 X Pz~ + 0.11 X Pyos-
+0.04 x Pyg+ +0.02 x Py
(8

The weighted-aggregation method developed in this study gives a
more accurate and understandable assessment of groundwater quality
especially in semi-arid regions where salinity and hardness problems are
widespread. To support efficient resource management, the resulting
WQI is used to classify water quality into categories such as excellent,
good, poor, or unfit for consumption.

3.2.2. PCA-based weight

Principal Component Analysis (PCA) was applied to the standardized
dataset (11 parameters) to derive objective, data-driven weights. The
correlation matrix revealed strong multicollinearity among EC, TDS,
Ca?*, and Cl, confirming their shared hydrogeochemical origin related
to mineral dissolution.

Three principal components with eigenvalues greater than 1
explained 80.13% of the total variance (PC1 = 55.27%, PC2 = 14.15%,
PC3 = 10.71%) (Table 3). PC1 was primarily associated with EC, TDS,
Ca?*, S03", Cl, and Na*, representing salinity-driven processes. PC2
and PC3 were linked with nutrient inputs and buffering processes,
especially NO3, HCO3, K" and pH. According to variance-scaled abso-
lute loadings, the biggest weights were attributed to C1~, EC, TDS, SO3 ™~
and Ca®" which validated that groundwater variability is predominantly
dominated by salinity processes. NO3 and HCOj3 contributed less to the
total statistical variance yet nitrate still remains relevant from an envi-
ronmental perspective due to health consequences and is of importance
from a public health perspective. These results are consistent with pre-
vious research in semi-arid regions. Hamma et al. (2024) shown that the
integration of PCA and classification approaches may effectively identify
hydrogeochemical parameters and their related environmental hazards.
In the same way, a study carried out in the Fkirina plain (Algeria)
(Salima and Belgacem, 2017) proved that the PCA makes it possible to
separate natural geochemical fingerprints from anthropogenic pollution
sources in the modeling of the WQIL

Column Wi (PCA) shows the extent to which each parameter con-
tributes to explaining overall changes in groundwater quality. The
highest weights are associated with EC (0.106), TDS (0.106), Cl~
(0.107), and SO?( (0.106). These indicate that these parameters are the
main drivers of variability within the dataset. In contrast, NO3 (0.062)
and HCO3 (0.067) have the lowest weights, suggesting a relatively
minor influence. This ranking can be applied to sensitivity analysis to

Table 3
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identify the most influential indicators, to prioritize monitoring strate-
gies, or to refine the model.

The values of PC1 and PC2 shown in Fig. 5 are variable loadings,
which indicate each variable's contribution to the dimensions. Wi shows
how much each of them contributes to the PCA space. Variables far from
the origin along an axis strongly influence that principal component;
those near each other are positively correlated, those opposites are
negatively correlated, and those near the origin have little influence on
PC; and PCj, with their variation explained more by other components
like PC3. The analysis provides a clear hydrogeochemical evaluation of
the primary parameters that control variability in groundwater quality
in the semi-arid aquifer system. (Singhal et al., 2020; Maliki et al.,
2024). In the standardized formulation (Eq. (9)), the final WQI score
is based on its weightings.

WQI=0.092 x P,y + 0.106 x Pgc + 0.106 x Prpg + 0.104 X Pgga-
+0.074 X Pygz+ + 0.067 X Pyco, + 0.107 x Pg- + 0.106 x Psogf
+0.062 x Pygs- + 0.089 x Pyg+ + 0.086 x Py 9

Exploratory Varimax rotation produced a similar factor structure and
comparable variable rankings. The Water Quality Index (WQI) classifi-
cation patterns also remained consistent, with no major differences
between the rotation methods (Acal et al., 2020). This shows that the
interpretation of the results and the final groundwater quality catego-
rization were stable regardless of the chosen rotation strategy.

3.2.3. ANN-based weight (optimization)

Deriving weights for the WQI using ANN is a sophisticated optimi-
zation method that aims to determine the relative contribution (W;) of
each groundwater quality parameter to the overall index (Olden and
Jackson, 2002; Kulisz et al., 2021. It uses two distinct benchmarks: the
expert-assigned WQI (WQI_expert) and the PCA-derived WQI
(WQI_PCA). A multilayer perceptron neural network (ANN) was used in
this study to optimize these weights. The main objective was to reduce
the discrepancy between the WQI values predicted by ANN and the
chosen target index, thereby improving the accuracy of groundwater
quality assessment and its implications for environmental health risk
assessment.

As shown in Table 4, the optimal weights of Expert ANN and
PCA_ANN models are similar, although with some subtle differences.
This is because the importance of each parameter varies depending on
the target definition. In the Expert ANN configuration, nitrate (NO3) has
the highest weight (0.18), showing that the effect is most significant on
water quality in the semi-arid study area. This disparity can be explained
by agricultural runoff and wastewater infiltration, which are some of the
primary factors of anthropogenic pollution. Subsequently, the moderate
weights are magnesium Mg2+ (0.12), TDS (0.10), electrical conductivity
EC (0.09), SO5~ (0.09), and pH (0.09). In the PCA_ANN setting, the
importance of nitrate is slightly reduced (0.15), while electrical con-
ductivity (0.11), Ca?t (0.10) and SO%’ (0.10) become more important.

Principal component analysis results of groundwater physicochemical variables, including eigenvalues, explained and cumulative variance percentages, factor
loadings (PC1, PC3, PCA) derived parameter weights (Wi_pCA) for hydrogeochemical interpretation and water quality assessment.

N° Principal component Explained variance (%) Cumulative variance (%) Parameter PC1 PC2 PC3 Wi_pca
1 PC1 55.27 55.27 pH —0.168 0.279 —0.695 0.092
2 PC2 14.15 69.42 EC 0.396 0.045 -0.131 0.106
3 PC3 10.71 80.13 TDS 0.396 0.045 -0.131 0.106
4 PC4 6.87 87.01 Ca%t 0.384 0.113 —0.059 0.104
5 PC5 6.14 93.14 Mg2+ 0.298 —0.051 0.001 0.076
6 PC6 3.47 96.61 HCO3 -0.11 —-0.613 —0.025 0.067
7 PC7 2.06 98.68 Cl™ 0.371 0.109 —0.206 0.107
8 PC8 1.08 99.76 SOF 0.363 —0.249 —0.029 0.106
9 PC9 0.14 99.9 NO3 0.029 0.647 0.295 0.062
10 PC10 0.1 100 Na* 0.286 -0.179 —-0.169 0.089
11 PC11 0 100 K* 0.237 —0.015 0.5637 0.086

Wi: was estimated from the three principal components (3 PCs). Wi_PCA is weight of the i-th parameter derived from Principal Component Analysis
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Fig. 5. Projection of hydrogeochemical variables on the PC;/PC, factorial plane, illustrating parameter correlations and relative contributions, accompanied by a
scree plot showing the variance explained by principal components Analysis (PCA) for groundwater quality assessment.

Table 4

Relative weights assigned to physicochemical parameters for Water Quality Index (WQI) calculation using the Expert-ANN and PCA-ANN models.
Parameter pH CE TDS Ca%* Mgt HCO3 cl- S07 NO3 Na* K* > w
Wi_Expert _ANN 0.09 0.09 0.1 0.07 0.12 0.06 0.08 0.09 0.18 0.06 0.06 1.00
Wi_pca_ann 0.09 0.11 0.09 0.1 0.12 0.05 0.09 0.1 0.15 0.04 0.07 1.00

Wi_Expert ANN is weight of parameter i derived from expert knowledge combined with Artificial Neural Network (ANN), Wi_PCA_ANN is weight of parameter i
derived from Principal Component Analysis (PCA) combined with Artificial Neural Network (ANN).

The result indicates that the objective set by PCA focuses on parameters
that affect the overall variance of hydrogeochemical processes, rather
than solely on the observed pattern of water quality degradation iden-
tified by experts. The weightings of Na+, K+ and HCO3 are very low in
both models, suggesting that these parameters contribute limitedly to
the worsening of water quality in this dataset.

Table 5 provides the performance indicators of the model. Both ANN
configurations achieved high accuracy with R? values greater than 0.987
during training. The Expert ANN model converged after 66 epochs with
a mean absolute error (MAE) of 0.0354 and a mean squared error
(RMSE) of 0.0396. In contrast, the WQI_PCA_ANN converged in only 20
epochs, but its error rate was slightly higher (RMSE 0.0454;
MAE = 0.04035). This suggests that the PCA based objective leads to
faster network learning at the cost of accuracy.

In Fig. 6, the scatter plots clearly demonstrate that the ANN-
enhanced models closely reproduce the observed WQI values, confirm-
ing the strong effectiveness of ANN optimization in improving the
weighting strategies. In the first graph (WQI_Expert vs. WQI Exper-
t_ANN), the data points cluster closely around the 1:1 line, indicating
that the ANN successfully captures complex multivariate relationships
that the model based solely on expertise does not account for. The sec-
ond graph (WQI_PCA vs. WQI_PCA_ANN) shows an even more compact
distribution with minimal deviation from the regression line; it

Table 5

Performance evaluation of ANN-based Water Quality Index (WQI) prediction
models optimized using different algorithms during the training phase based on
RMSE, MAE, and R.2.

WQI Phase epoch  RMSE MAE R?
WQILExpert ANN  Training 66 0.039587  0.035354  0.98929
WQIPCA_ANN Training 20 0.045428  0.04035 0.987729

WQI_Expert ANN: Water Quality Index model based on Expert weighting com-
bined with an Artificial Neural Network (ANN). WQI_PCA_ANN: Water Quality
Index model using PCA-based weighting combined with an Artificial Neural
Network (ANN). RMSE: Root Mean Square Error. MAE: Mean Absolute Error. R%
the coefficient of determination.

demonstrates that the PCA-derived weighting scheme benefits more
from ANN refinement. Overall, these visual results confirm that the ANN
significantly improves the predictive accuracy of both expertise-based
and PCA-based WQI formulations, and also that the PCA-ANN model
proves to be the most stable and reliable for representing real-world
groundwater quality conditions. The training loss fluctuated slightly
during the optimization of the different parameters, the validation loss
remained low and stable throughout the training. The model's validation
means squared error (MSE) remained stable between approximately
0.05 and 0.18, and its coefficient of determination (Rz) on the test set
remained consistently high (0.92-0.98). These indicators show that the
artificial neural network (ANN) has demonstrated good predictive
agreement despite slight fluctuations during training.

In terms of variability, the PCA_ANN model exhibits the largest
interquartile range, indicating the greatest dispersion among the four
approaches. The Expert ANN model also shows noticeable variability,
although it remains more stable than PCA_ANN. The classical Expert
method presents a moderate spread, whereas the PCA approach dem-
onstrates slightly lower variability compared to its ANN-enhanced
counterpart.

With respect to extreme values, all methods consistently identify
high outliers associated with heavily polluted samples. However, the
ANN-based models tend to amplify higher WQI values, resulting in
greater dispersion at the upper end of the distribution. In contrast, low
WQI values are classified consistently across all approaches, suggesting
a stable and reliable identification of good-quality groundwater.

Although the ANN models showed good predictive performance, the
relatively small sample size may reduce the reliability of the connection-
weight estimates and increase the risk of overfitting (D'souza et al.,
2020). As a result, ANN-derived parameter weights should be inter-
preted as relative indicators of hydrochemical influence rather than
precise measures of sensitivity. Several studies suggest that small data-
sets can increase uncertainty in model-based importance rankings,
which highlights the need for caution when interpreting results. To
improve robustness, future research could use bootstrap resampling or
Monte Carlo cross-validation or rely on larger regional datasets. These
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Fig. 6. Comparison of observed and ANN-Predicted WQI Values under Expert-based and PCA-based weighting strategies for model performance evaluation. R? is the

coefficient of determination.

approaches would help reduce uncertainty and provide more reliable
estimates of variable importance in groundwater quality modelling.

3.3. WQI estimation by different approaches

Fig. 7 shows how four different methods measure WQI values in 33
groundwater samples. The majority of the samples fall within the me-
dium to poor quality range, but a minority is classified as very poor.
ANN-optimized methods tend to produce slightly higher WQI values,
while PCA-based WQI generally produce lower estimates. This study
shows that both the quality of the data and the method used can affect
the results.

The mean WQI values indicate overall poor groundwater quality in
the study area. WQI_PCA (161.79) and WQI_Expert (157.71) fall within
the “poor” category, while the ANN-based models produced slightly
higher averages (178.87 and 175.03), suggesting greater sensitivity to
degradation. Overall, all four approaches show consistent trends, with
ANN models slightly amplifying WQI values compared to conventional
methods.

Table 6 shows that the majority of samples were classified as “me-
dium” quality in the PCA and expert-weighted models (48.5% and
51.5%, respectively), while the ANN-enhanced models shifted toward
“poor” and “very poor” classifications, reflecting their sensitivity to
complex, nonlinear parameter interactions. The percentage of wells
rated as “very poor” increased from 15.2% (WQIL_Expert) and 18.2%
(WQILPCA) to 27.3% (WQI_PCA_ANN) and 21.2% (WQI_Expert ANN).
Across all methods, several wells—F5, F19, F22, F30, and F31—were
repeatedly marked as “very poor,” highlighting risks of groundwater
contamination and potential environmental health issues. This index
highlights areas of concern and potential sources of anthropogenic
pollution. The difference between artificial neural network models im-
proves diagnostics by capturing hydrogeochemical processes that linear
water quality assessment frameworks may miss. Overall, these results
underscore the importance of combining data-driven (PCA) and intel-
ligent (ANN) methods in hydrogeochemical assessment and ground-
water quality evaluation for semi-arid aquifers.

3.4. GIS-based spatial mapping of WQI

The Ordinary Kriging (OK) method was used to model the spatial
distribution of the WQI in the Maadher plain (Fig. 8). The OK method
was selected because it provides unbiased spatial estimates and allows
evaluation of prediction uncertainty, which is important for studying
vulnerable aquifers in arid and semi-arid regions. Although the sampling
density was moderate, strong spatial autocorrelation and relatively

consistent hydrochemical gradients supported the use of this method.
Similar approaches have been reported in previous groundwater studies
under comparable hydrogeological conditions. Increasing the number of
sampling points in future work may further improve interpolation reli-
ability and reduce spatial uncertainty. A total of 33 groundwater sam-
ples were analyzed in the study, with WQI values ranging from 52.67 to
303.44. The observed readings exhibit moderate to high variability
(standard deviation: 42.8-50.3), indicating distinct differences in the
hydrochemistry of this groundwater system. The Pearson correlation
coefficients for the four WQI formulations (PCA, PCA_ANN, Expert, and
Expert ANN) were all above 0.97. The observed consistency suggests
that the major hydrochemical gradients are preserved across weighting
formulations, despite differences in parameter prioritization and
nonlinear optimization. The significant autocorrelation and robust
sample density indicated that kriging was an effective method (Ahmad
Saleh et al., 2021; Redjem et al., 2021; Kumar et al., 2022). Kriging
uses variogram modeling to account for the spatial structure inherent in
hydrochemical information. This sets it apart from deterministic
methods like inverse distance weighting (IDW). An experimental var-
iogram was generated from all pairwise sample comparisons (two-point
statistics) to quantify how WQI values change with distance. The data
were fitted to a spherical model, a standard approach in groundwater
geostatistical analysis.

Spatially, across all four models, very poor water quality (WQI
>200) is consistently observed in the north and northeast, especially
near Chott Hodna's recharge fringes, where salinity and nitrate
contamination are likely to increase due to evaporative concentration
and anthropogenic sources such as return flows from agriculture
(Dougha & Hasbaia, 2019; Selmane et al., 2023). The central basin is
dominated by medium to poor water (WQI: 100-200), while good
quality water (WQI: 50-100) is restricted to small areas in the south-
west, where seepage zones and upstream wadi segments intersect.

ANN optimization in both PCA-based and expert-based formulations
resulted in sharper class boundaries and a slightly expanded “good
water” zone in the southwest. This demonstrates that ANN can detect
subtle complex hydrogeochemical relationships in the dataset (Nishat
et al.,, 2025). However, the persistence of the northern “very poor
water” belt indicates a high environmental health risk, regardless of the
weighting method. This geostatistical mapping method, which uses a
spherical variogram and an ordinary kriging framework, generates a
spatial model that is both quantitative and sensitive to errors. Such a
degree of precision is essential for effective risk-based groundwater
management. This is particularly applicable in the Maadher Plain,
where overexploitation, salinization, and health risks from nitrates
necessitate targeted mitigation strategies in the most vulnerable areas.
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weighting combined with an ANN.

Although ordinary kriging provides unbiased spatial estimation and
accounts for spatial autocorrelation, this study does not explicitly
quantify prediction uncertainty using kriging variance maps (Redjem
et al., 2021). Also, incorporating uncertainty layers would strengthen
the spatial analysis. Evaluating sensitivity to variogram model selection
could further improve the reliability of the results. These steps are
important for improving spatial decision support for groundwater
management, especially in arid and semi-arid regions where sampling
density is limited.

10

4. Discussion
4.1. Residual analysis of WQI methods

Fig. 9a illustrates the disparities among the three models in com-
parison to the WQI_PCA reference. The WQI_Expert model (blue) has
residuals predominantly near zero, with fluctuations ranging from
approximately —5 to +22. This pattern indicates that the prediction
errors are somewhat balanced and that the WQI_PCA baseline is nearer



M. Dougha et al.

Table 6
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Groundwater quality classification and drinking suitability assessment using the conventional and ANN-based WQI models in the Maadher region.

WQI Range Water Quality WQI_Expert (Nbr WQI_Expert WQI_Expert ANN (Nbr WQI_Expert ANN Difference Reclassified Wells (Expert —

(n=33) Class of wells) (%) of wells) (%) (%) ANN)

<50 Excellent water 0 0.00 0 0.00 0.00 -

50-100 Good water 1 3.03 1 3.03 0.00 -

100-150 Moderately 17 51.52 7 21.21 —-30.31 F1, F2, F3, F4, F6, F9, F14,
polluted water F32, F33 — Poor

150-200 Poor water 10 30.30 18 54.55 +24.25 F1, F2, F3, F4, F6, F9, F14,

F32, F33 « Medium

>200 Highly polluted 5 15.15 7 21.21 +6.06 F26, F29: Poor — Very Poor
water

WQI Range Water Quality Class WQI_PCA (Nbr of WQI_PCA WQI_PCA_ANN (Nbr of ~ WQI_PCA_ANN Difference Reclassified Wells (PCA —

(n=33) wells) (%) wells) (%) (%) PCA_ANN)

<50 Excellent water 0 0.00 0 0.00 0.00 -

50-100 Good water 1 3.03 1 3.03 0.00 -

100-150 Moderately 16 48.48 7 21.21 —27.27 F1, F6, F8, F9, F11, F14, F28,
polluted water F32, F33 — Poor

150-200 Poor water 10 30.30 16 48.48 +18.18 F1, F6, F8, F9, F11, F14, F28,

F32, F33 « Medium

>200 Highly polluted 6 18.18 9 27.27 +9.09 F15, F18, F29: Poor — Very Poor
water

Total — 33 100 33 100 - -

WQI_Expert: Water Quality Index model using Expert-based weighting, WQI_Expert ANN: Water Quality Index model based on Expert weighting combined with an
Artificial Neural Network (ANN), WQI_PCA: Water Quality Index model using PCA-based weighting, WQI_PCA_ANN: Water Quality Index model using PCA-based

weighting combined with an ANN.

to the actual values. The WQI_Expert ANN (orange) and WQI_PCA_ANN
(green) models predominantly exhibit negative residuals, ranging from
—38 to +18 and —35 to +8, respectively. This persistent negative bias
indicates that individuals tend to overrate WQI relative to WQI_PCA,
leading to lower residual values. The ANN-based models have larger
residuals, with WQI_Expert ANN displaying significant outliers, partic-
ularly for sample 5. This may reflect local overfitting or model sensi-
tivity to extreme hydrochemical conditions in some samples. The results
demonstrate that the ANN models exhibit consistent patterns, whereas
the classic WQI_Expert produces predictions that are more closely
aligned with the PCA-derived reference. Furthermore, the ANN meth-
odologies may require recalibration or improved feature selection to
mitigate systematic bias.

4.2. Sensitivity analysis of weighting factors

Fig. 9b illustrates variations in parameter weights (Wi) across the
four weighting strategies. In the Expert model, the largest weight was
given to NO3 (0.18), followed by Mg?* (0.12) and TDS (0.10), sug-
gesting the joint influence of agricultural contamination and salinity.
The relatively high weights assigned to HCO3 and SO3~ reflect expert
recognition of buffering processes and evaporite dissolution.

The Expert ANN configuration maintains nitrate as the dominant
parameter but increases the relative importance of Ca?" and SO~ while
reducing the weight of HCO3. This redistribution highlights the capacity
of machine-learning models to refine parameter influence by detecting
complex dependencies within the dataset.

PCA-based approaches, in contrast, distribute weights more evenly,
particularly among EC, TDS, and Cl°, consistent with their strong
contribution to total variance. Adjustments introduced by the PCA_ANN
model remain moderate compared with the expert-based ANN
refinement.

Three main observations emerge: (i) All approaches consistently
identify EC, TDS, and NOj3 as key indicators of groundwater degrada-
tion. (ii) Expert-based weighting emphasizes parameters with recog-
nized geochemical and anthropogenic significance. (iii) ANN
optimization shifts emphasis toward variables with stronger predictive
power under complex conditions.

Methodological divergence is more strongly emphasized by
Spearman correlation analysis (Fig. 10). Expert weights are weakly

11

correlated to the other strategies (~0.23-0.26), indicating a different
priority structure. In contrast, the weights of Expert ANN and PCA_ANN
are strongly correlated (0.84), indicating internal consistency among
ANN-derived solutions. PCA-only weights correlate weakly with ANN-
based techniques, demonstrating that variance-based statistical
weighting is conceptually quite different.

Together, these findings support the value of combining comple-
mentary methodologies to balance interpretability with predictive
strength.

4.3. Optimization results and model performance evaluation

Table 7 shows the performance indicators where we find significant
differences between weighting schemes. The Wi Expert model
(R2? = 0.78) offers strong interpretability but limited predictive perfor-
mance. Incorporating ANN optimization (Wi_Expert_ ANN) substantially
improves explanatory power (R?> = 0.92), confirming the benefit of
modeling complex multivariate relationships. Similarly, the Wi PCA
model (R> = 0.80) provides an objective and statistically based
approach, but is less flexible to accommodate site-specific hydro-
chemical complexity. The hybrid Wi PCA_ANN model showed the best
agreement with the reference WQI formulations, with R? = 0.94,
RMSE = 1.92, and MAE = 1.48. This suggests that combining PCA-based
statistical structure with ANN learning improves the nonlinear repre-
sentation of WQI behavior in the available dataset. However, these re-
sults mainly reflect internal model optimization rather than confirming
the absolute accuracy of groundwater quality assessment.

Table 8 shows a consistent hydrogeochemical signal across the four
weighting strategies (PCA, PCA-ANN, Expert, and Expert-ANN). In all
cases, nitrate (NO3; Average weight = 0.124), sulfate (SO?{; 0.111),
total dissolved solids (TDS; 0.108), electrical conductivity (EC; 0.102),
and chloride (C17; 0.101) appear as the principal factors controlling
groundwater quality in the semi-arid South Chott Hodna aquifer. The
ANN-optimized models further accentuate the role of NO3 (reaching
0.178) and Mg2+ (0.118), underscoring the combined effects of fertilizer
leaching, agricultural return flows, and ongoing mineral dissolution.

Salinity and nitrate contamination are the main causes of ground-
water deterioration in semi-arid aquifers. These are also common chal-
lenges that lead to declines in water quality in regions with limited water
supply (Egbueri and Agbasi, 2022; Auwal et al., 2026). In the South
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Fig. 8. Spatial distribution maps of the Water Quality Index (WQI) derived from Principal Component Analysis (PCA), Expert, and ANN-based weighting approaches
in the Maadher zone, illustrating hydrogeochemical variability and identifying potential groundwater contamination zones. WQI_Expert: Water Quality Index model
using Expert-based weighting, WQI_Expert ANN: Water Quality Index model based on Expert weighting combined with an Artificial Neural Network (ANN),
WQI_PCA: Water Quality Index model using PCA-based weighting, WQI_PCA_ANN: Water Quality Index model using PCA-based weighting combined with an ANN.

Chott Hodna aquifer, NO3 (0.124), SO7~ (0.111), TDS (0.108), EC
(0.102), and C1™ (0.101) were the main variables affecting groundwater
quality. This pattern indicates a synergistic effect of anthropogenic ac-
tivities and natural mineral-dissolving processes. Similar hydrochemical
conditions have been documented throughout North Africa, particularly
in Algeria, Morocco, and Tunisia, where EC, TDS, Cl~, and SO3~ are
extensively employed to detect evaporite dissolution, carbonate
weathering, evaporation, and irrigation return flow in semi-arid aquifers
(Bouderbala et al., 2016; Bradai et al., 2022; Guenouche et al., 2024;
Maliki et al., 2024).

Similar circumstances have been noted in India and Bangladesh. In
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these agricultural regions, EC, TDS, NO3, and Mg2+ are strongly linked
to fertilizer leaching, groundwater overuse, and progressive salt accu-
mulation (Shaibur et al., 2019a; Chakraborty et al., 2023; Sen et al.,
2024). Long-term agricultural expansion in China has similarly
elevated nitrate enrichment and salinity-related variables in intensively
irrigated aquifers subjected to environmental stress and increasing
population demand. Similar trends were reported in Middle Eastern
countries such as Iran, Iraq, Saudi Arabia, and Egypt, where S07 -, Cl-,
EC, and NO3 are associated with evaporite weathering, fast urban
growth, and irrigation return flows (Bahrami et al., 2022; Fatah et al.,
2020; Alrowais et al.,, 2023; Asmoay et al., 2025). Similar
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Fig. 9. a) Residual comparison of Water Quality Index (WQI) models against the PCA-derived reference. b) Comparison of the relative weights assigned to each
hydrogeochemical parameter to the four WQI weighting approaches (bar charts). WQI_Expert: Water Quality Index model using Expert-based weighting, WQI_Ex-
pert ANN: Water Quality Index model based on Expert weighting combined with an Artificial Neural Network (ANN), WQI_PCA_ANN: Water Quality Index model

using PCA-based weighting combined with an ANN.

groundwater quality patterns were seen in arid agricultural basins of the
southwestern United States, where elevated TDS and nitrate concen-
trations are associated with extensive irrigation and restricted natural
recharge.

In contrast, pH, Na®, and K" showed relatively low weights in the
present study. This behavior is typical of carbonate-buffered aquifers,
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where these variables usually stay the same unless salinity or sodifica-
tion gets worse. (Appelo and Postma, 2005). The ANN-based models also
increased the relative importance of NO3 and Mg?", indicating that
agricultural runoff, wastewater infiltration, and mineral dissolution
strongly affect groundwater chemistry. Overall, the results agree with
previous international studies and show that groundwater degradation
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illustrating the consistency of weighting strategies in the assessment of groundwater quality. W;_Ex is the weight of parameter i derived from expert knowledge,
W;_Ex_ANN is the weight of parameter i derived from expert knowledge combined with Artificial Neural Network (ANN), W; PCA is weight of parameter i derived
from Principal Component Analysis (PCA), W;_PCA_ANN is weight of parameter i derived from (PCA) combined with Artificial Neural Network (ANN).

Table 7

Performance comparison of WQI models (W;_gxpert, Wi_gxpert_ann, Wi_pca, and
Wi_pca_ann) using statistical indicators (R?, RMSE, MAE) for hydrogeochemical
assessment of groundwater quality in the Maadher Plain.

Model R? RMSE MAE
Wi_Expert 0.78 4.21 3.15
Wi_Expert_ANN 0.92 2.15 1.63
Wi_pca 0.80 3.98 2.94
Wi_pca_ann 0.94 1.92 1.48

Wi_Expert is weight of parameter i derived from expert knowledge, Wi_Exper-
t_ANN is weight of parameter i derived from expert knowledge combined with
Artificial Neural Network (ANN), Wi_PCA is weight of parameter i derived from
Principal Component Analysis (PCA), Wi_PCA_ANN is weight of parameter i
derived from (PCA) combined with Artificial Neural Network (ANN).

in semi-arid regions is controlled by the interaction between
climate-related salinity and human-induced nutrient enrichment. The

Table 8

ANN framework also improved the prediction of WQI values and helped
represent the combined hydrogeochemical processes affecting ground-
water quality.

5. Methodological and management implications

The close agreement between the hybrid PCA-ANN results and
findings reported in regional and international studies indicates that
groundwater degradation in semi-arid aquifers is mainly associated with
two interacting processes: nitrate enrichment linked to human activities
and climate-related salinity increase. This suggests that agricultural
pressure and hydroclimatic conditions together strongly influence
groundwater chemistry. In this study, the ANN-enhanced framework
improves conventional WQI methods while remaining consistent with
established hydrogeochemical interpretations of groundwater evolu-
tion. The model combines PCA and ANN to use both statistical analysis
and nonlinear prediction. This makes it easier to interpret and more

Comparative analysis of the relative weights (Wi) assigned to groundwater quality parameters using PCA-, Expert-, and ANN-based weighting approaches, including
statistical indicators for evaluating parameter importance and dominance in groundwater quality assessment.

Parameter Wipca Wipca aANN Wi Expert Wi_Expert ANN Mean + SD CV (%) Range Rank Category

pH 0.092 0.089 0.040 0.086 0.077 + 0.022 28.6 0.052 8 Minor

EC 0.106 0.106 0.110 0.086 0.102 + 0.010 9.8 0.024 4 Moderate
TDS 0.106 0.092 0.130 0.105 0.108 + 0.014 13.0 0.038 3 Moderate
Ca* 0.104 0.095 0.060 0.075 0.084 + 0.018 21.4 0.044 6 Moderate
Mg 0.076 0.117 0.060 0.118 0.093 + 0.026 28.0 0.058 5 Moderate
HCO3 0.067 0.054 0.150 0.064 0.084 + 0.040 47.6 0.096 7 Moderate
Cl™ 0.107 0.090 0.130 0.077 0.101 + 0.020 19.8 0.053 5 Moderate
S0 0.106 0.100 0.150 0.088 0.111 + 0.024 21.6 0.062 2 Dominant
NO3 0.062 0.147 0.110 0.178 0.124 + 0.044 35.5 0.116 1 Dominant
Na® 0.089 0.043 0.040 0.060 0.058 + 0.023 39.7 0.049 11 Minor

K* 0.086 0.067 0.020 0.065 0.060 + 0.025 41.7 0.066 10 Minor

Category criteria: Dominant (Mean weight >0.11); Moderate (Mean weight between 0.08 and 0.11); Minor (Mean weight <0.08). Wi_Expert is weight of parameter i
derived from expert knowledge, Wi_Expert_ANN is weight of parameter i derived from expert knowledge combined with Artificial Neural Network (ANN), Wi_PCA is
weight of parameter i derived from Principal Component Analysis (PCA), Wi_PCA_ANN is weight of parameter i derived from (PCA) combined with Artificial Neural

Network (ANN).
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reliable for assessing the quality of groundwater.

The proposed PCA-ANN framework is less reliant on expert judg-
ment and established weighting schemes than conventional multi-
criteria decision-making methods such as the Analytic Hierarchy Pro-
cess (AHP), TOPSIS, and fuzzy inference systems. Instead, it learns from
the structure of the hydrochemical dataset itself, which reduces meth-
odological subjectivity. The PCA component identifies the fundamental
hydrogeochemical processes that affect how groundwater changes,
while the ANN component finds nonlinear correlations between physi-
cochemical variables that linear statistical methods could miss. As a
result, the model becomes more sensitive to contamination indicators,
particularly nitrate pollution and salinity-related variables such as EC,
TDS, SO3~, and Cl.

From a management point of view, the hybrid WQI framework could
help with groundwater monitoring and figuring out environmental risks
in semi-arid regions where hydrochemical data and monitoring facilities
are generally limited. The results indicate that nitrate contamination
and salinity are the main factors affecting groundwater quality in the
Maadher aquifer. This indicates that practical control measures need to
be implemented, such as improved fertilizer use, stricter rules for agri-
cultural return flows, reduced wastewater infiltration, and protection of
key pumping zones. GIS-based spatial maps also help identify areas with
higher contamination risk, which can support monitoring priorities and
remediation planning.

Overall, the proposed framework provides a flexible decision-
support tool for groundwater quality assessment under data-scarce
conditions. Although this study focuses on a specific aquifer system,
the methodological approach may also be applied to other semi-arid
aquifers and combined with multi-temporal monitoring data in future
studies. Some limitations should nevertheless be considered, especially
the relatively small sample size and the lack of independent external
validation datasets. Future work should include larger spatial and
temporal datasets, seasonal monitoring programs, and cross-aquifer
validation to further examine the robustness and long-term applica-
bility of the hybrid PCA-ANN framework.

6. Conclusions

Groundwater quality deterioration is becoming a serious issue in arid
and semi-arid regions. This study developed a hybrid framework that
combines expert knowledge, principal component analysis (PCA), and
artificial neural networks (ANN) to improve Water Quality Index (WQI)
assessment in the semi-arid aquifer of the South Chott Hodna Basin. The
approach combined hydrogeochemical interpretation with statistical
and machine-learning methods, which reduced subjectivity in ground-
water quality evaluation.

The four tested models (WQI_Expert, WQI_Expert ANN, WQI_PCA,
and WQI_PCA_ANN) showed clear differences in performance. PCA
improved the statistical consistency of parameter weighting, whereas
ANN better represented nonlinear relationships between hydrochemical
variables. Among the tested approaches, WQI_PCA_ANN produced the
best results (R® = 0.94, RMSE = 1.92, and MAE = 1.48). This indicates
that combining PCA and ANN improves the reliability of WQI
prediction.

Hydrogeochemical analysis showed that groundwater degradation is
mainly related to salinity and nitrate contamination linked to human
activities. Higher weights assigned to EC, TDS, Cl~, SO7~, and NO3
suggest strong effects from evaporite dissolution, irrigation return flow,
agricultural activities, and wastewater infiltration. Spatial analysis also
showed that poor to very poor groundwater quality is mainly concen-
trated in the northern and northeastern parts of the basin. This suggests
that both natural conditions and land-use practices affect groundwater
chemistry.

Overall, the proposed framework provides a useful tool for ground-
water quality assessment in semi-arid aquifers. However, future studies
should include larger datasets, external validation, and uncertainty
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analysis to improve the robustness and wider application of the
approach.
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