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1. Introduction 

Groundwater is a vital resource in semi-arid and arid regions, 

supporting human consumption, agriculture, and industry. 

However, it is increasingly degraded by natural geochemical 

processes and anthropogenic activities, but it remains 

significant. Natural factors such as aquifer mineralogy, 

weathering mechanisms, and ion exchange reactions 

considerably influence groundwater composition [1]-[2]. These 

processes are further aggravated by anthropogenic activities 

such as bad agricultural practices, improper municipal waste 

disposal, and wastewater effluents from zones located near 

wadi banks that carry pollutants such as nitrates, pesticides, and 

heavy metals into the aquifer [1]. In the southern Chott Hodna 

of Algeria, these combined actions lead to salinization and 

contamination of groundwater, endangering both public health 

and agricultural productivity. The complexity of groundwater 

quality assessment requires robust methodologies that account 

for both data variability and uncertainty. Traditional water 

quality indices (WQIs) are widely used because they simplify 

the aggregation of physicochemical parameters into a single 

score, facilitating water quality monitoring and management 

[3]-[5]. However, these indices often oversimplify complex 

datasets [1]-[6]. Recent advances, such as the entropy-weighted 

water quality index (EWQI) and fuzzy logic-based water 

quality index (FWQI), provide increased accuracy. The EWQI 

incorporates extended parameter sets and refined weighting 

factors [7]-[8], while the FWQI uses fuzzy logic systems to 

handle data uncertainties via probabilistic membership 

functions [9]-[10]. Together, these indices provide a balanced 

approach and enhance the water quality assessments for 

drinking and agricultural purposes. 

Geospatial analysis increases groundwater quality assessment 

by visualizing contamination patterns and identifying areas of 

poor quality. Geographic information system (GIS) tools 

combined with interpolation methods such as inverse distance 

weighting (IDW) and ordinary Kriging (OK) allow detailed 
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spatial analysis of groundwater quality [11]-[13]. These 

methods incorporate spatial variability and data correlations, 

enabling reliable predictions and adequate delineation of areas 

with diverse water quality [13]-[14]. This research provides a 

comprehensive understanding of groundwater quality by 

examining the interplay between natural processes and 

anthropogenic influences.  

 

2. Materials and Methods 

A four-phase approach was used to develop the research 

methodology: laboratory analysis, replication and validation of 

results, calculation of water quality indices, and finally, 

generation of spatial distribution maps using ordinary Kriging 

or IDW (Inverse Distance Weighting). The schematic 

representation of the study's approach is illustrated in Fig. 1, 

offering a visual depiction of the sequential flow of activities. 

 

Figure 1. Flowchart of the methodology adopted in this study 
 

2.1. Study Area 

The study area, south of the Chott Hodna (Algeria), is in a semi-

arid zone, a largely dried-up enclosed lake located in the Hodna 

basin. The region is blessed with a combination of shallow and 

deep aquifers that are vital for agricultural and domestic needs. 

At the same time, the increasing effects of climate change are 

leading to overexploitation of the aquifers [15]. The South 

Chott Hodna aquifer serves as the leading water resource 

essential for domestic use (e.g., drinking) and irrigation needs 

via pumping from wells. The region faces problems of 

inadequate availability of groundwater suitable for domestic 

and agricultural needs, similar to those observed in many 

countries [16]. 

The study area encompasses the southern expanse of Chott 

Hodna within the Hodna basin, situated southeast of the capital, 

Algiers. Geographically, it spans the coordinates of 4°6' to 4°48' 

east longitude and 35°7' to 35°28' north longitude, with an 

average elevation of 450 m above sea level Fig. 2. The terrain 

is characterized by dunes, recent alluvial deposits, and isolated 

rocky slopes, fostering wind erosion due to the sandy texture 

and a lack of natural vegetation cover. 

Encompassing approximately 112730 hectares, the study area 

is demarcated by Chott Hodna to the north, Mount Meharga to 

the south, Summit Kerdada and Mount Aouidja to the 

southwest, Mount Baieun and Arar to the west, and M'cif Wadi 

to the east. The region experiences an arid to semi-arid climate 

marked by mild, humid winters and hot, dry summers. Low 

levels characterize rainfall. Hydrographically, the study area 

includes four main wadis: Bousaada, Roumana, Maîter, and 

M’cif. 

 

Figure 2. Geographic location, elevation, and well positions 

in the study area 

The first two wadis flow into low-lying areas, while the last two 

feed the Chott Hodna during floods (Fig. 2). These wadis play 

a crucial role in replenishing the water table. The region's soils, 

composed of brown and reddish-brown sandy clays, are suitable 

for cultivation.  

The results of the geological studies shown in Fig. 3 reveal the 

presence of Triassic formations south of the Hodna Basin 

Mountains, Cretaceous limestones to the south and west, and 

Miocene sandstones overlain by Cretaceous formations. The 

complex Mio-Plio-Quaternary aquifer, with a thickness of 

almost 250 m in the central part of the plain, plays a key role in 

the hydrogeology of the region [17]-[18]. This aquifer is 

characterized by its heterogeneity and anisotropy due to its 

composition of clays, sandy clays, sandstones, and occasionally 

sands and clayey conglomerates. The primary aquifers consist 

of conglomerates and sandy formations from the continental 
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Mio-Pliocene period, which are connected to Cretaceous 

formations. Recharge occurs mainly by water infiltration from 

seasonal wadis. 

Furthermore, the interface between phreatic and deep aquifers 

is imperfect and fractured, allowing significant cross-

communication that influences water quality and storage 

dynamics [19]. Over the last five decades, anthropogenic 

activities, such as increased groundwater extraction for 

irrigation, have contributed to a significant decline in 

groundwater levels, with some areas experiencing a drop 

exceeding 15 meters since the 1970s [20]. Furthermore, shallow 

aquifers are vulnerable to contamination due to poor 

agricultural practices, inadequate well construction, and 

insufficient aquifer protection measures. Farmers' wells, 

ranging in depth from 90 to 220 m, often lack adequate isolation 

between aquifers (based on salinity), further increasing the risk 

of deep aquifer contamination [19]. 

 

Figure 3. Geological map of the southern Hodna Chott with 

well locations 

2.2. Sampling and Collection 

Water samples were collected from farmers’ wells in the study 

area to analyze major anions and cations. The sampling process 

followed the standardized methodology described in [21], with 

the campaign conducted from 10 to 25 September 2019. A total 

of 45 groundwater samples were systematically obtained using 

clean polyethylene bottles, ensuring consistent collection 

intervals of 10 to 15 minutes after the start of pumping. To 

ensure accuracy and reliability, all parametric analyses were 

performed in duplicate. On the site, the temperature, electrical 

conductivity (EC), and pH (potential of hydrogen) were quickly 

measured using the WTW Cond 3110 device. After collection, 

the samples were quickly transported to the analysis laboratory 

of the Algerian Company Water Utilities for a more in-depth 

analysis of the primary ions. Concentrations of calcium (Ca2+), 

magnesium (Mg2+), bicarbonate (HCO3
-), and chloride (Cl-) 

were determined by volumetric titration. Specifically, Ca2+ and 

Mg2+ levels were determined by titration with 0.01 N EDTA 

solution, while HCO3
- and Cl- amounts were measured by 

methods using HCl and AgNO3, respectively. Sodium (Na+) 

and potassium (K+) amounts were determined using a 

JENWAY 6850 flame photometer. Sulfates (SO4
2-) and nitrates 

(NO3
-) were analyzed by ODYSSEY DR 2500 UV/visible 

spectrophotometry using calorimetric methods. All parametric 

analyses were performed twice. 

Water physicochemical data were thoroughly analyzed to 

determine the determining variables of water quality and to 

generate the corresponding quality indices. Finally, the ordinary 

kriging technique was used to visually represent the spatial 

distribution of key ions and quality indices, thus providing 

meaningful information on groundwater quality throughout the 

study area. 

2.3. Water Drinking Indices 

2.3.1. Water quality index (WQI) 

For the past few decades, the Water Quality Index (WQI) has 

been used as an effective tool for ranking water quality for 

public use. It has been widely used for determining the quality 

of surface and groundwater [12]-[22]. WQI is a rate-converted 

indicator that represents water quality according to specific 

needs. WQI is a composite calculated quantity that reflects the 

effect of various water quality parameters (variables). WQI has 

been described as a rapid and systematic model for assessing 

and ranking water quality parameters [4]. Weights are assigned 

to the variables, and their outputs are combined to calculate the 

WQI. The obtained value will then be used to rank the water 

quality from poor to optimal on a scale ranging from 0 to 100. 

Observation and monitoring of environmental variables can be 

carried out using different methodological approaches. A 

weighted arithmetic water quality index was used in this study. 

It would be expressed as an equation based on eleven 

measurable variables from individual samples collected from 

wells in the field area. The steps to calculate the index are as 

follows: First, each parameter (pH, EC, TDS (Total Dissolved 

Solids), Ca2+, Mg2+, HCO3
−, Cl−, SO4

2-, NO3
-, Na+ and K+) is 

given a weight (Wj) ranging from 1 to 5 depending on its 

importance for the potability assessment; the values for 

drinking water are presented in Table 1. 

Table 1. Weight and relative weight of each parameter used 

for the WQI calculation 

Parameter
*
 

WHO 
(2011) 

  WQI EWQI 

𝑊𝑗 R𝑊𝑗 𝑗 

pH 6.5-8.5 4 0.125 0.006 

EC 1500 3 0.094 0.090 

TDS 1000 4 0.125 0.090 

Ca²⁺ 75 2 0.063 0.070 

Mg²⁺ 100 2 0.063 0.081 

HCO₃⁻ 300 2 0.063 0.137 

Cl⁻ 250 3 0.094 0.095 

SO₄²⁻ 250 3 0.094 0.094 

NO₃⁻ 50 5 0.156 0.093 

Na+ 200 3 0.094 0.136 

K+ 12 1 0.031 0.109 

  ∑Wj→ 32 1.0 1.0 
*All parameters are in mg/l except EC (25°C) in μs/cm, T in °C, and pH without unit. 
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Relative weight (R𝑊𝑗) of the water quality parameter 𝑗 was 

computed using equation (1) [23], where n is the number of 

parameters. 

𝑅𝑊𝑗 =
𝑊𝑗

∑ 𝑊𝑗
𝑛
𝑖=1

     (1) 

The quality rating scale for each parameter was calculated by 

dividing its concentration in each water sample by its respective 

standards according to WHO (2011) and multiplying the results 

by 100 [22]-[23]. 

𝑞𝑗 =
𝐶𝑗

𝑆𝑗
× 100     (2) 

𝑞𝑗 is the quality rating scale, 𝑎𝑛𝑑 𝐶𝑗 is the concentration of each 

chemical parameter 𝑗 in each sample, measured in mg/l. 𝑆𝑗 is 

the World Health Organization standard for each chemical 

parameter in mg/l according to the guidelines of the WHO [24]. 

Then, for deriving the WQI value, the water quality sub-index 

(𝑆𝐼𝑗) for each parameter [22]-[23] is calculated using equation 

(3).  

𝑆𝐼𝑗 = 𝑅𝑊𝑗 × 𝑞𝑗     (3) 

Finally, the water quality index (WQI) is calculated by using 

the water quality sub-index (𝑆𝐼𝑗)  

𝑊𝑄𝐼 = ∑ 𝑆𝐼𝑗
𝑛
𝑗=1      (4) 

WQI results are evaluated into five types of water: excellent 

Water (WQI < 50), good Water (WQI = 50–100), poor water 

(WQI = 100–200), very poor water (WQI = 200–300), and 

water unsuitable for drinking (WQI > 300). 

The weighting factors for the quality indices are adjusted to 

reflect the environmental constraints characteristic of semi-arid 

regions, ensuring that the index accurately represents water 

quality concerns [23]-[26]. 

2.3.2. Entropy-weighted water quality index (EWQI) 

The calculation of the EWQI took into account the guidelines 

provided by the WHO [24]. The EWQI is determined by using 

an entropy-weighted value. The weight of each parameter is 

defined by information entropy, which helps reduce the 

inaccuracy caused by neglecting the weight [27]. In 1948, 

Shannon proposed the concept of information entropy [9]. 

Entropy quantifies the level of unpredictability associated with 

forecasting the result of a probabilistic event. The notion of 

entropy has been utilized in the domain of water quality [28]. 

The EWQI calculation involved the implementation of the 

following procedures [28]: Before any analysis, it is necessary 

to establish the entropy weight for each quality metric. Pre-

processing for data normalization should be employed to 

mitigate the influence of disparate units. 

𝑋 = [

𝑥11 𝑥12  … 𝑥1𝑛
𝑥21 𝑥22  … 𝑥2𝑛
⋮       ⋮      ⋱       ⋮
𝑥𝑚1 𝑥𝑚2  … 𝑥𝑚𝑛

]                                                  (5) 

For the efficiency type, the normalization construction function 

is 

𝑦𝑖𝑗 =
𝑥𝑖𝑗−(𝑥𝑖𝑗)𝑚𝑖𝑛

(𝑥𝑖𝑗)𝑚𝑎𝑥
−(𝑥𝑖𝑗)𝑚𝑖𝑛

    (6) 

𝑥𝑖𝑗: measured value of parameter 𝑗 for sample 𝑖. (𝑥𝑖𝑗)𝑚𝑎𝑥: 

Maximum value of parameter 𝑗. (𝑥𝑖𝑗)𝑚𝑖𝑛: Minimum value of 

parameter 𝑗. 𝑦𝑖𝑗: Normalized value of parameter 𝑗 for sample 𝑖. 

After transformation, we can obtain a new matrix of standard 

quality [𝑌].  

𝑌 = [

𝑦11 𝑦12  … 𝑦1𝑛
𝑦21 𝑦22  … 𝑦2𝑛
⋮       ⋮      ⋱       ⋮
𝑦𝑚1 𝑦𝑚2  … 𝑦𝑚𝑛

]     (7) 

Then the ratio of the index value of parameter 𝑗 and 𝑖 the sample 

is 

𝑃𝑖𝑗 = 𝑦𝑖𝑗/∑ 𝑦𝑖𝑗
𝑚
𝑖=1     (8) 

𝑃𝑖𝑗: Probability of parameter 𝑗 for sample 𝑖. The entropy of 

parameter (𝑒𝑗) is expressed by the following formula below: 

 𝑒𝑗 =
1

𝑙𝑛(𝑚) 
∑ 𝑃𝑖𝑗  𝑙𝑛𝑃𝑖𝑗
𝑚
𝑖=1                      (9) 

𝑚: Number of samples. 𝑃𝑖𝑗  𝑙𝑛𝑃𝑖𝑗: Contribution of parameter 𝑗 

for sample 𝑖. The smaller the value of 𝑒𝑗, the greater the effect 

of the parameter j. Then the normalized entropy weight (𝑗) of 

parameter 𝑗 can be calculated with the following formula [27]- 

[28]: 

𝑗 =
1−𝑒𝑗

∑ (1−𝑒𝑗)
𝑛
𝑗=1

     (10) 

The next step is to calculate the EWQI, which consists of 

assigning a quality assessment scale (𝑞𝑗) to each parameter 𝑗. 

The 𝑞𝑗 is obtained by the formula [27]-[28]: 

𝑞𝑗 =
𝐶𝑗

𝑆𝑗
× 100      (11) 

Where 𝐶𝑗 is the value in mg/l of each quality parameter for each 

water sample, 𝑆𝑗 is the WHO-recommended standard limit for 

each parameter in mg/l for drinking water. When the parameter 

𝑗 is exactly equal to its permitted value, the 𝑞𝑗 is just above 100, 

and when it is completely absent from the water, the 𝑞𝑗 is 0. The 

EWQI can be calculated in the last step by the following 

formula: 

𝐸𝑊𝑄𝐼 =  ∑ 𝑗
𝑛
𝑗=1 𝑞𝑗     (12) 

According to the EWQI, water samples are classified into five 

categories, ranging from "excellent water" to "extremely poor 

water" [28]. The classification of water categories is listed in 

Table 2.  

Table 2. Categories of WQI, EWQI, and FWQI 

WQI 

value 
Category 

EWQI 

Value 
Category 

FWQI 

Value 

Category 

(SSL)* 

<50 Excellent <50 Excellent > 80 Excellent 

50-100 Good 50 - 100 Good 60 - 80 Good 

100-200 Poor 100 - 150 Medium 40 - 60 Moderate 

200-300 Very Poor 150 - 200 Poor 20 - 40 Poor 

> 300 Unsuitable  > 200 Very poor ≤ 20 Very Poor 

* SSL: Standardized Set of Linguistic Labels for FWQI 
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In both WQI and EWQI, the same weighting factors are 

employed to represent the relative importance of each water 

quality parameter (Table 1). These weights ensure that critical 

parameters are given more weight in the final index score and 

increase their relevance by considering their expected impact 

on water quality and human health. 

2.3.3. Fuzzy water quality index (FWQI) 

The Fuzzy Water Quality Index (FWQI) is a state-of-the-art 

tool used to assess groundwater quality by integrating multiple 

parameters into a fuzzy logic framework. FWQI adopts a rather 

vulgarized fuzzy logic to address the uncertainty and 

imprecision of water quality data that judiciously represents the 

degree of membership at each assessment level compared to 

traditional WQIs [9]. 

Fuzzy Water Quality Index (FWQI) involves the following 

steps: Fuzzification, where accurate values of water quality 

parameters are converted into fuzzy sets using membership 

functions. Rule-based inference: Defines a set of fuzzy rules to 

quantify the relative impact of multiple water quality 

parameters grouped into one. Aggregation: Combines the 

outputs of all fuzzy rules to generate a fuzzy output. 

Defuzzification: Converts the fuzzy output into an accurate 

value, resulting in the final FWQI score [29]-[30]. 

The FWQI is calculated using fuzzy membership functions for 

each water quality parameter, which are mapped to a range 

between 0 and 1. Each parameter is classified into different 

quality classes based on its concentration levels, represented by 

the triangular membership function (𝜇𝑗), defined as [29]: 

𝜇𝑗(𝑥; 𝑎, 𝑏, 𝑐) =

{
 
 

 
 

0                         𝑖𝑓 𝑥 ≤ 𝑎 
𝑥−𝑎

𝑏−𝑎
                𝑖𝑓 𝑎 < 𝑥 ≤ 𝑏

𝑐−𝑥

𝑐−𝑏
                    𝑖𝑓 𝑏 < 𝑥 < 𝑐 

0                         𝑖𝑓 𝑥 ≥ 𝑐 

        (13) 

Where a, b, and c are the parameters defining the triangular 

shape of the membership function based on WHO limits (2011), 

representing the minimum acceptable, ideal, and maximum 

permissible levels for each parameter. 𝑥  is the value of the 

parameter. The overall FWQI is derived by aggregating the 

fuzzy membership values of all parameters using a weighted 

sum or an average approach, as shown in: 

𝐹𝑊𝑄𝐼 =
∑ 𝜔𝑗.𝜇𝑗
𝑛
𝑗=1

∑ 𝜔𝑗
𝑛
𝑗=1

× 100    (14) 

Where j is the weight of the 𝑗 parameter, and 
𝑗
 is its 

membership value [31]. Recent studies have demonstrated the 

efficacy of FWQI in managing water quality assessments in 

various geographic regions, highlighting its adaptability and 

precision [32]-[33]. 

2.4. Water irrigation indices 

Irrigation suitability was evaluated by various ionic parameters 

(mEq/l) and indices, including TH (Total Hardness), %Na 

(Percent Na), SAR (Sodium Adsorption Ratio) [34]-[35].  

𝑇𝐻 =  2.5 × 𝐶𝑎2+  +  4.1 ×  𝑀𝑔2+     (15) 

%𝑁𝑎 = 100 ×
𝑁𝑎++𝐾+

𝑁𝑎++𝐾++𝑀𝑔2++𝐶𝑎2+
   (16) 

𝑆𝐴𝑅 =
𝑁𝑎+

√𝑀𝑔
2++𝐶𝑎2+

2

     (17) 

2.5. Spatial Interpolation in GIS: Ordinary Kriging or 

IDW Methods 

The section discusses two prominent spatial interpolation 

techniques used in Geographic Information Systems (GIS): 

Ordinary Kriging (OK) and Inverse Distance Weighted (IDW) 

methods. Kriging is based on the principle of spatial 

autocorrelation between observed data points, where statistical 

methods are employed to infer what values would be measured 

at unobserved locations. It uses a semivariogram, which helps 

to estimate the partial spatial correlation gradient as a function 

of the geographical distance between sampling points [36]-[37]. 

Ordinary Kriging offers the Best Linear Unbiased Estimate 

(BLUE) through the use of spatially dependent variance from 

the semivariogram, which guarantees a better prediction quality 

compared to IDW or others [16]. This method uses the 

variogram to estimate spatial dependence, which improves 

prediction reliability [28]-[38]. 

Conversely, the IDW method is a deterministic interpolation 

approach that calculates unknown values as a linear 

combination of known values, with their influence decreasing 

as distance increases [38]. It has a typical distance-weighted 

power function to weight the contribution of closer points based 

on their proximity [12]-[13]. IDW is beneficial when data 

points are uniformly distributed, or in cases where the statistical 

assumptions required for Kriging and similar, more advanced 

methods do not hold. 

We implemented both methods using ArcGIS software to 

illustrate how they could be performed on a spatial analysis. 

The main difference between ordinary Kriging and inverse 

distance weighting (IDW) approaches is the assumptions about 

the relationship between points and interpolation. Ordinary 

Kriging is a geostatistical approach that builds upon spatial 

autocorrelation theory by modeling spatial dependencies using 

a semivariogram, which incorporates distance and spatial 

variance. On the contrary, IWD is a deterministic method that 

assumes values near unknown points have more influence 

regardless of spatial correlation, employing a straightforward 

distance-based weighting function. Although Kriging can be 

more accurate when spatial variance is modeled, it relies more 

on statistical assumptions and calculations. In contrast, IDW is 

a much simpler and more efficient approach for data with a 

uniform distribution, but it will provide less accuracy if the 

underlying spatial structure is complex [39]. 

 

3. Results and Discussion 

3.5. Statistical Description of Groundwater Samples 

The accuracy of analytical ion measurement was assessed using 

absolute ion balance (IB) calculations, which revealed a charge 

balance inaccuracy of less than 6% for each sample. The 

majority of sample analyses demonstrated commendable 

accuracy. 
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3.5.1. pH and electrical conductivity 

In Table 3, the groundwater pH values ranged from 6.60 to 8.15, 

with an average of 7.43, aligning with WHO standards for 

drinking water. In contrast, Electrical Conductivity (EC) values 

spanned from 1033.00 µS/cm to 5980.00 µS/cm, averaging 

1937.90 µS/cm. Over 70% of the samples exceeded the 

recommended threshold of 1500 µS/cm, particularly in wells 

05, 06, 12, 13, 14, 16, 17, 34, 36, 41, and 45. These elevated 

values suggest significant mineral content, indicative of high 

salinity, potentially linked to both natural geochemical 

processes and anthropogenic activities. 

3.5.2. Cation and anion concentrations 

Groundwater analyses revealed elevated concentrations of key 

cations (Ca²⁺, Mg²⁺, Na⁺, K⁺) and anions (SO₄²⁻, Cl⁻, HCO₃⁻, 

NO₃⁻) compared to WHO guidelines, as shown in Table 3. 

Calcium and magnesium, derived from water-rock interactions, 

significantly exceeded permissible levels, contributing to the 

extreme hardness observed in 93.33% of samples. Sulfate 

emerged as the dominant anion due to the dissolution of gypsum 

or anhydrite. At the same time, elevated levels of chloride, 

bicarbonate, and nitrate highlighted the combined effects of 

natural processes and anthropogenic pollution, particularly 

from agriculture and wastewater. The ion concentration trends 

were ranked as Ca²⁺ > Na⁺ > Mg²⁺ > K⁺ for cations and SO₄²⁻ > 

Cl⁻ > HCO₃⁻ > NO₃⁻ for anions. 
 

Table 3. Statistical description of the physicochemical results of the samples analyzed 

Parameter* 
Algerian 

standard (2011) 

WHO standard 

(2011) 
Min Max Mean CV (%) 

Sample exceeding 

WHO standard (%) 
T  25 - 12.50 30.50 20.80 24.51 0.00 

pH 6.5 - 9.0 6.5 - 8.5 6.60 8.15 7.43 3.94 0.00 

EC 2800 1500 1033.00 5980.00 1937.90 42.67 73.33 

TDS 1500 1000 668.15 3389.00 1165.55 38.58 64.44 

Ca²⁺ 200 75 88.00 544.00 258.43 45.45 100.00 

Mg²⁺ 150 100 34.00 214.00 99.30 36.93 46.66 

HCO₃⁻ - 300 102.00 488.00 284.92 34.31 53.33 

Cl⁻ 500 250 67.00 902.00 242.08 68.49 35.55 

SO₄2- 400 250 200.00 850.00 577.66 28.80 95.55 

TH 200 500 460.00 12200.00 1389.53 145.67 93.33 

NO₃⁻ 50 50 2.00 262.00 73.85 78.10 57.77 

Na+ 200 200 27.00 290.00 82.77 56.90 2.22 

K+ 12 12 1.90 14.80 5.85 44.33 2.22 
*All parameters are in mg/l except EC (25°C) in μs/cm, T in °C, and pH without unit. 

3.5.3. Statistical analysis and implications 

Statistical evaluation underscores significant groundwater 

quality concerns in the region. High EC and TDS levels in over 

70% of samples reflect salinity issues stemming from dissolved 

salts and anthropogenic contributions. Excessive Ca²⁺ and SO₄²⁻ 

concentrations correlated with extreme hardness levels 

unsuitable for domestic use. Nitrate contamination exceeded 

limits in 57.77% of samples, predominantly due to fertilizer use 

and waste near wadis. These findings emphasize the interplay 

between natural geochemical processes and human activities, 

underscoring the urgent need for sustainable groundwater 

management strategies. 

3.6. Geochemical Processes in Aquifer 

The hydrochemical facies concept identifies distinct 

groundwater families within an aquifer, each exhibiting unique 

chemical composition, typically involving ions like Ca²⁺, Mg²⁺, 

Cl⁻, SO₄²⁻, Na⁺, K⁺, HCO₃⁻, and NO₃⁻ [40]. The Piper diagram 

(Fig. 4) is employed to classify water samples and reveal trends, 

showing that all wells have low carbonate concentrations 

(CO₃²⁻ + HCO₃⁻ ≈ 10%) and varying chloride/nitrate levels (10-

50%, exceeding 60% in wells 19, 23, and 37). Sulfate ratios 

average between 30% and 70%. Cation analysis reveals high 

Ca²⁺ and low Mg²⁺ concentrations across all samples.  

The Chadha diagram Fig. 4 complements the Piper diagram by 

identifying groundwater samples mainly as Ca-Mg-Cl-type, 

except for well 44, which is Na-Cl-type, indicating reverse ion 

exchange processes involving Ca²⁺, Mg²⁺, and Cl⁻ [35]. Both 

diagrams consistently categorize the groundwater as SO₄²⁻-Cl⁻-

Ca²⁺-Mg²⁺ type, suggesting salinization due to high 

concentrations of SO₄²⁻, Cl⁻, NO₃⁻, Ca²⁺, Na⁺, and Mg²⁺. 

3.7. Identification of Water-Rock Interaction 

The Gibbs diagram categorizes groundwater hydrochemistry 

into three processes: precipitation dominance, rock dominance, 

and evaporation dominance [41]. Fig. 5 reveals that evaporation 

is the primary natural process affecting the water chemistry of 

the studied wells, particularly those near the Chott Hodna, due 

to significant rock weathering. Na+/ (Na+ + Ca2
+) ratios (ranging 

from 0.1 to 0.61, with an average of 0.35) confirm considerable 

cation exchange processes within the aquifer [42]. 

Fig. 6a shows that most samples are close to the bisector line in 

the Ca2
+ and SO4

2- relationship, indicating a predominance of 

sulfate (SO4
2-) except for wells 7, 8, 10, 14, 23, and 38, where 

carbonate precipitates form above the bisector line, suggesting 

evaporation's role in regulating groundwater composition. 

Fig.6b highlights that 70% of samples lie above the bisecting 

line in the Ca2
+ and Na+ relationship, implying halite 

dissolution's impact on well salinity, as further supported by 

Fig. 6c. Finally, Fig. 6d, which depicts the carbonate and 

silicate-weathering index, shows all samples above the bisector 

line, indicating a significant influence of carbonate rock on 

groundwater mineralization. 
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Figure 4. Piper and Chadha diagrams of the groundwater samples 

 

Figure 5. Geochemical controlling mechanism according to Gibbs diagram: (a) TDS vs.  Na+/ (Na+ + Ca2+), and (b) TDS vs. Cl−/(Cl−+ HCO3
-) 

 

Figure 6.  a) Plot of SO4
2− against Ca2+     b) Plot of Na+ against Cl−    c) Plot of Na+ against (Ca2+ + Mg2+)      d) Plot of 

(HCO3
-+SO4

2−) against (Ca2+ + Mg2+) 
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3.8. Assessment of Groundwater for Irrigation and 

Drinking Using Water Quality Indices 

3.8.1. Irrigation purposes 

The groundwater samples underwent evaluation for their 

suitability for irrigation purposes using various indices, and the 

results are summarized in Table 4. Considering the total 

hardness (TH) values, 76% of the samples demonstrate soft 

water quality (TH < 75), with the remaining 24% falling into 

the moderately hard category. Assessing the Percent Sodium 

(%Na), 72.72% of the total samples are classified as excellent 

for irrigation, while 24.24% fall into the good category. 

Notably, based on the SAR values, it can be concluded that all 

aquifer samples contain water of exceptional quality, as 

evidenced by SAR values consistently below 10. 

Table 4. Irrigation quality indices of the study area 

 Range Category 
Nbr of 

samples 

% of 

samples 

T
o

ta
l 

H
ar

d
n

es
s 

(T
H

) 

<75 Soft 34 75.56% 

75-150 Moderately hard 11 24.44% 

150-300 Hard - - 

>300 Very hard - - 

P
er

ce
n

t 

so
d

iu
m

 

(%
N

a)
 

<20 Excellent 31 68.89 % 

20-40 Good 13 28.89 % 

40-60 Permissible 1 2.22 % 

60-80 Doubtful - - 

>80 Unsafe - - 

S
o

d
iu

m
 

A
b

so
rp

ti
o

n
 

R
at

io
 (

S
A

R
) <10 Excellent 

All 

samples 
100% 

10-18 Good - - 

18-26 Doubtful - - 

>26 Unsuitable - - 

 

3.8.2. Drinking water quality indices 

The assessment of groundwater suitability for drinking in the 

Chott Hodna South region used water quality indices, and the 

results shown in Fig.7 reveal WQI values ranging from 59.51 

to 233.68 across 45 wells. The majority (64.44%) fell into the 

poor water quality category, with 30.11% classified as good 

water quality. Notably, wells 10, 26, 27, 28, and 29 had very 

poor water quality, with a percentage of 4.44% of the total; it 

was attributed to high levels of sulfate, chloride, calcium, and 

nitrate. The EWQI results were very consistent with the 

arithmetic of the WQI: 28.89% in the good water quality 

category, 22.22% in the poor category, and 2.20% in the 

extremely poor category, respectively. 

Fig.7 illustrates the WQI and EWQI values, which reveal 

similar results, particularly visible in wells 28 and 29. The 

FWQI results showed that 60.00% of the wells were classified 

as having poor water quality, while 15.56% were classified as 

having average quality and 20.00% fell into the very poor 

category. This distribution reflects a predominance of poor 

water quality, consistent with the WQI and EWQI results. It 

highlights the widespread influence of contaminants such as 

sulfate, chloride, calcium, and nitrate on groundwater quality in 

the region. 

The correlation matrix in Table 5 highlights the relationship 

between water quality indices and physicochemical parameters. 

The arithmetic water quality index (WQI) shows a significant 

association with key parameters, including EC, TH, Cl-, SO₄2-, 

Na+, Ca²⁺, Mg²⁺, and NO₃⁻. This relationship implies that as the 

concentrations of important parameters increase, the WQI 

values also increase, indicating poor water quality. Thus, total 

hardness (TH) is well correlated with the EWQI, and a 

moderate correlation is observed between SO₄²⁻, Ca²⁺ , Mg²⁺ , 

and NO₃⁻ with the EWQI. They also have a direct influence on 

water quality classifications, as they are among the most 

important parameters in the calculation of the EWQI. However, 

each is weighted differently according to its relative 

importance. These physicochemical parameters are assigned a 

certain weighting coefficient to reflect their impact on the water 

quality index and allow a better differentiation of risks about 

groundwater consumption. 

The correlation between the fuzzy water quality index (FWQI) 

and various water quality parameters shows that SO₄2-, Ca2+, 

and Mg2+ have strong negative correlations with the FWQI, 

indicating a significant impact on water quality. A negative 

correlation means that as the concentration of these parameters 

increases, the FWQI decreases, suggesting worse water quality. 

This reflects the fact that contaminants such as dissolved salts 

and pollutants tend to lower the FWQI, which is structured to 

represent better water quality with higher values. 

 

Table 5. Correlation of water quality indices with their physicochemical parameters 

Index pH EC Ca²⁺ Mg²⁺ HCO3 Cl⁻ SO₄²- TDS NO₃⁻ Na+ K+ 

WQI -0.14 0.54 0.77 0.71 0.18 0.61 0.74 0.68 0.70 -0.14 0.002 

EWQI -0.08 0.31 0.50 0.46 0.18 0.34 0.45 0.72 0.39 -0.16 -0.006 

FWQI 0.43 -0.27 -0.63 -0.58 -0.41 -0.36 -0.73 -0.32 -0.50 -0.003 0.03 
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Figure 7. Results of WQI, EWQI, and FWQI for 

Groundwater Samples 

3.9. Spatial Interpolation of Water Quality Indices and 

Principal Parameters 

In Fig.8, the spatial distribution of the values of the proposed 

quality indices, WQI, EWQI, and Fuzzy FWQI, is presented 

using the ordinary kriging (OK) method.  

To clarify, the prediction of values was performed by applying 

spatial interpolation techniques (ordinary Kriging and inverse 

distance weighting, IDW) to estimate groundwater quality at 

unsampled locations. A subset of the dataset (15% of the total 

samples) was retained as validation points to assess the 

accuracy of these methods. Each technique was used to generate 

predicted values at the validation point locations, which were 

then compared to the measured values at those points. The root 

mean square error (RMSE) was calculated as a measure of the 

difference between the predicted and measured values. By 

minimizing the RMSE, the method that showed the closest 

agreement with actual observations was identified as the most 

reliable for capturing the spatial variability of groundwater 

quality. This rigorous approach ensures that the predictions are 

not only mathematically optimized but also scientifically robust 

to represent spatial patterns [35]-[43]. Ordinary Kriging was 

preferred because the spherical variogram showed a clear 

spatial correlation or trend. It considers both the distance and 

spatial arrangement of data points, providing more accurate 

predictions for spatially structured data. In contrast, inverse 

distance weighting (IDW) was less suitable because the 

variogram showed little spatial correlation, as this method relies 

only on the distance between points without considering the 

overall spatial variability. 

 

Figure 8. Spatial distribution maps of WQI, EWQI, and FWQI for 

groundwater samples (by Ordinary Kriging). 

These results underscore the significance of advanced models, 

particularly the Fuzzy Water Quality Index (FWQI) [44], which 

demonstrates the need for incorporating fuzzy logic into GIS-

based groundwater quality assessments. The FWQI model 

effectively predicts the status of groundwater drinking quality, 

aligning with practical considerations. It accurately classifies 

safe groundwater as "high quality" (suitable for direct 

consumption) and hazardous groundwater as "low quality" 

(unsuitable for direct use or domestic purposes), thereby 

enhancing the reliability of groundwater quality evaluations on 

a broader scale. 

Fig.9 illustrates the spatial interpolation of key groundwater 

quality parameters using the Ordinary Kriging geostatistical 

method. Elevated concentrations that exceed drinking water 

standards are primarily concentrated in the Maadher plain, 

located between the Bousaada and Roumana wadis, and 

gradually decrease towards the east and west of the plain. 

Additionally, high concentrations of chloride (Cl⁻) and 

magnesium (Mg²⁺) are observed in another area to the east of 

the study region, also exceeding the drinking water standards. 

The spatial distribution of electrical conductivity (EC) confirms 

the presence of two distinct zones with elevated values. Nitrate 

(NO₃⁻) concentrations exceed permissible levels in samples 

from the Maadher plain and show elevated levels towards the 

central part of the study area, particularly at the end of wadis. 
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Spatial distributions of groundwater quality parameters are 

largely influenced by groundwater flow direction and 

agricultural activity [45]. The spatial distribution of electrical 

conductivity (EC) shows the presence of two distinct zones with 

high values. Nitrate (NO₃⁻) concentrations exceed the 

permissible standard in the Maadher plain samples and show 

high levels towards the central part of the study area, especially 

where the wadis end. The spatial distributions of groundwater 

quality parameters are largely influenced by the direction of 

groundwater flow and agricultural activity [45]. 

The high NO₃⁻ concentrations at the bottom of Bousaada and 

Roumana wadis highlight the impact of agricultural practices, 

such as the use of animal and chemical fertilizers, and pollution 

from local activities found near the wadis. These places are 

often landfill sites for residents, contributing to groundwater 

contamination. In our study, we applied ordinary Kriging to the 

dataset, employing spherical semivariogram models that best fit 

the data. The kriging approach was chosen to account for spatial 

correlation, aiming to generate smoother surfaces in regions 

characterized by poorer water quality. Understanding the 

variogram curve parameters, such as nugget, threshold, and 

range, is essential to defining the variogram model, as these 

parameters indicate the spatial variability influenced by 

structural and stochastic elements. 

The spatial distribution of the three quality indices (WQI, 

EWQI, and Fuzzy FWQI) yields results that are more similar to 

each other. According to these maps, the information shows 

poor quality in the middle part of the study area, more precisely 

in the agricultural zone of Maadher, at the base of the Bousaada 

and Roumana hills, particularly at wells 10, 26, 27, 28, 29, and 

23. Water quality shows a slight improvement as one moves 

away from the Maadher plain. Conversely, wells located in the 

far east and far west of the study area, particularly wells 14, 18, 

20, 21, 24, and 25, demonstrate moderate to good water quality. 

To enhance precision, a comparative analysis of the WQI, 

EWQI, and FWQI indices was conducted to evaluate their 

relative performance in predicting groundwater quality in the 

study area. The results, as depicted in Fig.8, demonstrate that 

the WQI and EWQI models produce broadly similar outcomes 

when the same number of quality categories is used. 

In contrast, the FWQI values are more distinctly situated 

between the moderate and poor categories. Notably, the FWQI 

shows fewer extreme values compared to the WQI and EWQI. 

The red zone typically indicates groundwater quality 

parameters with concentrations significantly below their 

acceptable limits, as outlined by WHO (2011). 

 

Fig.9. Spatial distribution maps of EC, Ca2+, Mg2+, Cl-, SO₄2- and NO3
- using ordinary Kriging  



Journal of Engineering and Sustainable Development, Vol. 29, No. 06, November 2025                                       ISSN 2520-0917 

 

710 

4. Conclusion   

The research indicates the impact of anthropogenic activities 

and overexploitation on groundwater quality in the southern 

Chott Hodna region, by integrating advanced water quality 

indices (WQI, EWQI, and fuzzy FWQI) with GIS-based spatial 

interpolation techniques such as ordinary Kriging, we 

established a robust framework to assess and monitor 

groundwater quality effectively. Notably, the fuzzy FWQI 

model with a triangular membership function based on WHO 

(2011) demonstrated increased accuracy by reducing extreme 

classifications, making it a valuable tool for addressing data 

uncertainties and variability. Spatial analyses identified the 

Maadher plain as a critical area of groundwater contamination, 

requiring targeted mitigation efforts. The study identified 

significant exceedances of WHO standards for key 

contaminants (SO₄²⁻, Cl⁻, NO₃⁻ , and Ca²⁺), highlighting the 

region's aptness to salinization and pollution. The 

predominance of sulfate-chloride-calcium-magnesium facies, 

caused by evaporation and agricultural malpractices, 

underscores the need for targeted water management strategies 

to attenuate degradation. Despite these challenges, irrigation 

indices suggest that in some parts of the region, groundwater 

remains suitable for agricultural use. 
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