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Abstract 27 

The present investigation is an attempt to evaluate groundwater (GW) quality of Faridabad city by 28 

performing multivariate statistical analysis. Key water quality parameters metals were analyzed in 29 

GW samples collected from rural (S1, S2), urbanized residential (S3, S4), residential areas near 30 

industries (S5, S6) and industrial areas (S7, S8) of Faridabad. The minimum water quality index 31 

(WQI) was for S7 and S8 (23.80±1.36–25.27±0.48) followed by S5 and S6 (30.95±2.27–32 

34.78±1.72). Moderate WQI value was for S3 and S4 (59.41±1.53–66.55±4.69) whereas good 33 

WQI for S1 and S2 (83.00±2.65–89.20±1.06). Heavy metal pollution index (HPI) was extremely 34 

high (>1390) in S7 and S8 along with the highest degree of contamination (Cd) (>16). On the other 35 

hand, GW quality for rural areas was good with HPI values (<65) and almost no Cd. Principal 36 

Component Analysis and Pearson's correlation matrix determined that mineralization and redox-37 

controlled input drives GW quality. TDS exhibited a perfect correlation with electrical 38 

conductivity (r=0.99), hardness (r=0.97) and pH (r=0.89) indicating significant ionic enrichment. 39 

Ward's hierarchical clustering method separated sites into clusters whereas Monte Carlo simulation 40 

determined robustness of obtained dataset (Mean≈265). The proposed multivariate study provides 41 

robust methodology for evaluating GW quality for urban regions like Faridabad.  42 

Keywords: Faridabad; Groundwater; Heavy Metal Pollution Index; Principal Component 43 

Analysis; Water Quality Index 44 

1. Introduction 45 

Groundwater (30.1% of total freshwater) provides the source of drinking water (~50%) for both 46 

rural (~85%) and urban residents (~50%). The aquifers that make up the Indian subcontinent are 47 

experiencing great stress, due to the fact that more than 30% of all groundwater units evaluated 48 

are labelled as over-exploited [1]. Its highest levels of exploitation are recorded in Delhi, Haryana, 49 

Punjab, Rajasthan and Tamil Nadu due to large amounts of agricultural, industrial and domestic 50 

pumping use. In Haryana, ~7.5 km³ of groundwater is being extracted annually which often 51 

exceeds the recharge provided from the natural monsoon season of approximately 4-6 km³/yr. 52 

Thus, resulting in declining water tables of between 1 and 3 m/yr in certain parts of the Yamuna-53 

Gurgaon-Faridabad belt. Groundwater recharge takes place through rainfall, canal seepage and 54 

rainwater runoff from impermeable surfaces. The Faridabad district is a part of the Indo-Gangetic 55 

alluvial aquifer system with shallow to semi-confined aquifers having static water levels. 56 
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The primary sources of heavy metals being introduced into the groundwater include industrial 57 

effluents, sewage discharge, leachate from agricultural waste and production of plastics [3]. Even 58 

at very low concentrations, many types of heavy metals have shown to be extremely harmful to 59 

human health. For example, WHO guidelines recommend that copper concentration in drinking 60 

water should not be higher than 2 mg/L [4]. The chronic exposure to higher levels of copper or any 61 

other heavy metal like lead has been associated with various harmful disorders like renal failure, 62 

delayed neuro-development in children and increased risk of cancer [5]. According to zoning 63 

reports for the industrial belt of Faridabad, many different types of electroplating, metal finishing 64 

and chemical plants are discharging their wastewater (untreated industrial effluent) into local 65 

canals. It percolates into shallow aquifers raising concern of their long term contamination. The 66 

presence of heavy metals beyond their permissible limits as designated by the Bureau of Indian 67 

Standards are being routinely detected in wells throughout the region. If monitoring and mitigation 68 

of heavy metal contamination is not looked upon, the local communities relying on groundwater 69 

as a source of drinking water will face serious health issues as well as serious economic 70 

consequences due like reduced crop yields [6]. Therefore, the measurement of heavy metal 71 

contamination is a part of early warning systems for sustainable use of groundwater resources in 72 

Faridabad. Without proper surveillance, the progressive build-up of contamination will go 73 

undetected until concentration levels reach those that create irreversible impacts on health and 74 

ecology. 75 

A lot of studies have been conducted previously that have evaluated the groundwater conditions 76 

in various regions of Faridabad district. Researchers have used many different techniques to 77 

perform the characterization of site specific water which resulted in different types of reporting 78 

formats. For example, Swain et al. (2022) carried out an extensive geospatial-statistical analysis 79 

to characterize and identify key physico-chemical parameters (e.g., pH, electrical conductivity 80 

(EC), major ions, nitrate and fluorides) from a wide range of sites in both Faridabad and Gurgaon 81 

[7]. Additionally, they demonstrated significant spatial patterns and variations within the 82 

groundwater based on the geographical distribution of industry within the National Capital Region 83 

(NCR). Similarly, Singh et al. (2024) used the method of chemometrics to assess the potential 84 

health risks of groundwater and indicated which wells within the NCR are likely to be unsafe for 85 

drinking water [8]. They have then developed groupings of the factors that contributed most to the 86 

predictive modelling of health risks for those wells. Furthermore, various researchers have created 87 
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a spatially aware map of the intensity of heavy metals in the ground and the areas that would 88 

benefit most from remediation efforts. At an organizational level, the Central Ground Water Board 89 

(2024) regularly releases bulletins by outlining the changes caused in groundwater quality in 90 

Haryana, before and after monsoon season [9]. According to this report, on the basis of districts 91 

segregation, a continued increase in the concentration of specific contaminants in the groundwater 92 

within Faridabad has been observed. In addition to the documented cases of localized 93 

contamination from waste facility mis-management (specifically, leachate drainage from 94 

Bandhwari Landfill), it has been determined that the drainage from this type of waste management 95 

indeed contaminates the surrounding area's groundwater. Thus, there are clear pathways through 96 

which heavy metals and organic compounds (e.g., municipal solid waste) can leach from the 97 

landfill and contaminate groundwater aquifers located close by. Some studies have found elevated 98 

levels of total dissolved solids (TDS), hardness and elevated concentrations of metals in 99 

groundwater [10]. However, these researches used only limited numbers of parameters without 100 

comprehensively evaluating the other sources contributing to groundwater contamination and were 101 

therefore unable to fully assess uncertainty in findings. The use of limited sets of parameters and 102 

not quantifying the uncertainty in the identified parameters, shows the weak connections between 103 

the statistical trends in the previous researches. 104 

The present study aims to examine the groundwater quality of Faridabad city by following 105 

multivariate statistical analysis. On the basis of previously reported literature, the study eliminates 106 

the research gaps that were identified in previous assessments of groundwater quality for Faridabad 107 

region. First, a variety of pollution indices like Water Quality Index (WQI), Heavy Metal Pollution 108 

Index (HPI) and Degree of Contamination (Cd) were combined with multivariate statistical 109 

methods namely Principal Component Analysis (PCA), Monte Carlo Simulation, Hierarchical 110 

Cluster Analysis (HCA) and Pearson’s Correlation Matrix to simultaneously identify the 111 

hydrochemical processes involved. Second, unlike many of the previous deterministic studies, we 112 

account for uncertainty in our analysis by using Monte Carlo simulation to provide ranges of WQIs 113 

rather than single-value indices. This approach allows the comparison of sites based on both the 114 

expected and uncertain aspects of WQI, allowing us to rank the sites as per risk-based approaches. 115 

Lastly, we have developed a transferable workflow from our study that can be used to target 116 

monitoring and remediation efforts in industrially impacted Faridabad through the mapping of 117 

pollutant indices in correlation with the loadings from correlation analysis. 118 
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2. Materials and Methods 119 

2.1 Description of Site and Sampling 120 

The study area for the present research is Faridabad city, located in the south-eastern part of 121 

Haryana, India (Fig. 1). Faridabad (28°10'50”N to 28°29'04”N latitude and 77°06'49”E to 122 

77°33'23”E longitude) borders Delhi to the north, Gurgaon to the west, Palwal to the south and 123 

Uttar Pradesh to the east. It covers about 742.90 km2 of area and is a part of National Capital 124 

Region (NCR). Faridabad has a sub-tropical continental monsoon climate with a satisfactory 125 

distribution of rainfall. Also, Faridabad ranks on the top in terms of industrialization throughout 126 

the state due to which it has attracted a number of multi-national companies. According to CGWB 127 

(Central Ground Water Board), Faridabad area is largely drained by the Yamuna River along with 128 

other small tributaries connected to the Aravalli mountains, running into large-sized, well-draining 129 

areas. These two characteristics provide fine particulate matter as the primary means through 130 

which groundwater obtains a higher salinity or higher EC at pH levels of 7.75-8.62. Then, as water 131 

flows down through sand, there will be high concentrations of dissolved minerals that were already 132 

present in the silt, kankar and gravel layers. That downward water flow as it drains into the existing 133 

shale aquifers, along with existing material and sediment overlying the aquifers and the overall 134 

slope/flow characteristics toward the southeast, is how dissolved salts and contaminants are being 135 

transmitted through the aquifer system [11]. 136 

A total of 24 samples of groundwater were collected from the selected 8 locations during pre-137 

monsoon (April-June), monsoon (July-September) and post-monsoon (October-December) 138 

season. The groundwater samples were collected within the radius of 2 km by taking Manav 139 

Rachna University, Faridabad, India as the center point or origin. Therefore, the groundwater 140 

samples were collected from rural/village areas (S1 and S2), urbanized residential areas (S3 and 141 

S4), residential areas located near industry (S5 and S6) and industrial areas (S7 and S8). The 142 

samples were filtered using a 0.22 µM microfilter and stored at 4 ℃ in polypropylene bottles as 143 

per the standard protocol. All the samples were acidified with 10% HNO3 and analyzed on ICP-144 

AES to determine the presence of heavy metals. Every sample was analyzed in a batch of triplicates 145 

in order to ensure the accuracy of the measurements. The robustness of the obtained data was 146 

evaluated by causing uncertainty and variability in the dataset and then monitored by performing 147 

Monte Carlo simulation using python programming language. The statistical parameters of heavy 148 
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metal contamination were carried out by evaluating the water pollution indices: water quality index 149 

(WQI), heavy metal pollution index (HPI) and degree of contamination (Cd). The study was 150 

validated using various multivariate analysis methods: principal component analysis (PCA), 151 

hierarchical cluster analysis (HCA) and Pearson’s correlation matrix. The multivariate statistical 152 

analysis was performed using SPSS 22 v software along with MS Excel. 153 

 154 

Fig. 1: Location of sampling site chosen is Faridabad district located in the south-eastern direction 155 

of Haryana, India. 156 

2.2 Evaluation of Physicochemical Parameters 157 

All analytical measurements of wastewater parameters were conducted using the Indian Standard 158 

(IS 3025) series and according to accepted environmental laboratory methods to ensure both 159 

reproducibility and regulatory compliance. The instruments used for testing were calibrated using 160 

certified reference materials as well as including analytical blanks to detect any potential 161 

contamination during the processing of the samples [12]. 162 

2.2.1 pH 163 

A digital pH meter with a combined glass electrode was used to measure the pH of the wastewater 164 

samples. Prior to measuring, the instrument was calibrated with pH 4.0, 7.0 and 9.0 buffer 165 

solutions. The pH value is an essential measurement as it affects microbial activity, the speciation 166 

of nutrients, the solubility of metals and the efficiency of treatment in the groundwater samples.  167 
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2.2.2 Temperature 168 

To avoid temperature changes during transport, temperature was measured in situ with a digital 169 

thermometer.  Temperature has a significant impact on the rates of biochemical reactions, solubility 170 

of oxygen and microbial metabolism in the groundwater samples.  171 

2.2.3 Conductivity 172 

Electrical conductivity of water samples was evaluated using a digital conductivity meter 173 

according to the APHA Standard Method 2510B. The conductivity probe was calibrated using 174 

standard potassium chloride (KCl) solution prior to obtaining the conductivity reading. The 175 

electrode was then immersed in the water sample, and the final reading taken once it was stable. 176 

The results of the conductivity measurements were reported as µS/cm. 177 

2.2.4 Total Dissolved Solids (TDS)  178 

Total dissolved solids were determined by evaporating the filtered sample to dryness at 100 °C. 179 

The total dissolved solids reflect the amount of dissolved inorganic salts and organic materials 180 

present and will influence how much conductivity is produced and how much osmotic stress will 181 

be caused in the groundwater samples. 182 

2.2.5 Total Suspended Solids (TSS)  183 

Determining total suspended solids was done using a gravimetric method. A known volume of 184 

sample was filtered through pre-weighed glass fiber filter paper and the filtered paper was then 185 

dried at 70-80 °C to constant weight. The difference in weight of the dried paper represented the 186 

concentration of suspended solids in the sample. The concentration of total suspended solids is 187 

directly related to turbidity and potential for sedimentation. 188 

2.2.6 Turbidity 189 

Turbidity in the water samples was analyzed using the Nephelometric Methods of the APHA 190 

Standard Method (2130 B). In this method, turbidity values are determined by measuring the 191 

amount of light that is scattered by suspended solids, at a pre-determined angle from the vertical, 192 

in response to incident light. All turbidity values were recorded using a digital nephelometer 193 

(turbidity meter) that was pre-calibrated with standard formalin suspension solutions. A water 194 

sample was placed into a clean sample cuvette that was free of air bubbles and fingerprints on the 195 
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cuvette surface. The cuvette was positioned in the turbidity meter for reading, and the turbidity 196 

was read when the reading reached stability. The turbidity of each sample was recorded in 197 

Nephelometric Turbidity Units (NTU). 198 

2.2.7 Alkalinity 199 

The alkalinity of the sample water was determined using the acid titration method (APHA 2320 200 

B). An aliquot of the water sample was titrated with H2SO4 using phenolphthalein and methyl 201 

orange as indicators to determine the alkalinity of phenolphthalein and total alkalinity, respectively. 202 

The end of the titration was determined by a color change: the color of phenolphthalein changed 203 

from pink to colorless, while the color of methyl orange changed from yellow to orange. The 204 

calculated alkalinity values are presented as mg/L CaCO3. 205 

2.2.8 Dissolved Oxygen (DO) 206 

Dissolved oxygen values for the water samples were determined using the Winkler method (APHA 207 

4500-O). This method utilizes manganese sulfate and alkaline iodide addition to the water sample 208 

in order to fix the dissolved oxygen. After the samples were acidified, an equivalent amount of 209 

liberated iodine was released as a result of the acidification which will then be titrated with 210 

standard sodium thiosulfate using starch as that indicator in order to determine the concentration 211 

of dissolved oxygen. The concentration of dissolved oxygen is recorded as mg/L. 212 

2.2.9 Biochemical Oxygen Demand (BOD) 213 

To determine the BOD at a temperature of 27°C, three days of samples were incubated in BOD 214 

bottles which contain diluted samples according to Indian Standard Methods (IS: 3025). As a 215 

standard practice before an incubation, the concentration of dissolved oxygen in the sample was 216 

measured with the use of the Winkler Method. Following the incubation period, the concentration 217 

of dissolved oxygen was again measured. The BOD value of the sample provides an indication of 218 

how much biodegradable organic material exists in a waste water sample; the BOD value is also 219 

an indirect indication of the treatment efficiency of the water sample through biological means. 220 

2.2.10 Chemical Oxygen Demand (COD) 221 

COD was measured using the closed reflux dichromate method according to APHA Standard 222 

Method 5220 C. The groundwater samples were digested with potassium dichromate in an acidic 223 
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medium under reflux conditions. The dichromate oxidizes the organic matter and residual 224 

dichromate is then titrated with ferrous ammonium sulfate. COD is the measure of total oxidizable 225 

organic load in groundwater sample and a measure of the strength of the pollution. 226 

2.2.11 Hardness 227 

The hardness of the sample water was determined by the EDTA titrimetric method as outlined by 228 

APHA Standard Methods (APHA 2340 C). To measure the hardness, a measured volume of the 229 

water sample was buffered to pH 10 using an ammonium buffer, and Eriochrome Black T indicator 230 

was added. The sample was then titrated with a standard solution of EDTA until the color of the 231 

sample changed from wine red to pure blue; this indicated that the endpoint had been reached. The 232 

calculated hardness values are presented as mg/L CaCO3. 233 

2.2.12 Phosphate Content 234 

The level of phosphates was found by the Ascorbic Acids Spectrophotometric Method (APHA 235 

4500-P E). The method involves the testing of phosphates, ammonium molybdate and antimony 236 

potassium tartrate in an acidic solution to develop a phosphomolybdenum complex, which is 237 

affected by Ascorbic Acid and develops colour. Using a UV-Visible Spectrophotometer the 238 

intensity of the colour was measured at 880 nm, as well as using a standard calibration curve to 239 

determine phosphates in solution. 240 

2.2.13 Nitrate Content 241 

The level of Nitrates in the water samples was obtained using the UV spectrophotometric method 242 

(APHA 4500-NO₃ B). The absorbance was measured at 220 nm using a UV-Visible 243 

Spectrophotometer, and absorbance for organics was corrected using 275 nm values. The Nitrate 244 

level in the sample was then determined using a standard calibration curve, and reported as mg/L 245 

NO₃⁻. 246 

2.2.14 Heavy metals 247 

Heavy metals including copper and iron were measured using APHA 3111 B, atomic absorption 248 

spectrophotometry (AAS). Multi-element calibration curves were prepared for the metals; 249 

detection limits were established to ensure analytical reliability and all metals were monitored 250 
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based on industrial contributions of heavy metals to the sampling site as well as their respective 251 

ecological toxicity. 252 

2.3 Evaluation of Water Pollution Indices 253 

The water pollution level is determined by estimating the values of water pollution indices [13]. 254 

In the present investigation, WQI, HPI and Cd are calculated to define the contamination level in 255 

water samples and compared with the guidelines (Table 1) as laid by National Sanitation 256 

Foundation (NSF). Therefore, this section summarizes the suitability of water quality by 257 

evaluating the combined effect of all the parameters. 258 

2.3.1 Estimation of Water Quality by Water Quality Index (WQI) 259 

The water quality index is a comprehensive tool that helps in assessing the overall groundwater 260 

quality and is calculated by arithmetic weighted method [14]. This method integrates all the values 261 

of physico-chemical parameters by converting it into a sub-index score known as Quality Rating 262 

(Qi) as shown in Eq. 1: 263 

100
( )

( )

n i
i

s i

V V
Q

V V

−
= 

−
         (Eq. 1) 264 

In the above equation, (Vn) is the nth parameter amount, Vi is the ideal value (Vi=0) of given 265 

parameter which is 7 in case of pH, Vs is the standard value of the parameter as set by NSF 266 

guidelines. The next step involves the calculation of relative weight (Wi) by dividing the 267 

recommended standard value (Si) of the assigned parameter as given in Eq. 2. 268 

1
i

i

W
S

=           (Eq. 2) 269 

All the sub-indices (Qi) are multiplied with their standard weight factors (Wi). These are then added 270 

together and divided by the summation of weight factors to obtain the desired Water Quality Index 271 

(WQI) as shown in Eq. 3. 272 

1

1

( )
n

i

n

i

Qi Wi

WQI

Wi

=

=


=



         (Eq. 3) 273 
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The calculated WQI values reflects a cumulative impact of all the identified physico-chemical 274 

parameters on water quality. Water can be divided into five categories based upon the WQI value 275 

obtained as compared according to NSF WQI values: excellent (90-100), good (70-89), medium 276 

(50-69), bad (25-49) and very bad (0-24). 277 

2.3.2 Estimation of Water Pollution by Heavy Metal Pollution Index (HPI) 278 

The heavy metal pollution index is one of the most valuable metrics that assess the heavy metal 279 

pollution level in the water [15]. It helps in determining the water suitability to consume in the 280 

presence of various heavy metals. It is calculated using weighted arithmetic mean calculation as 281 

performed to calculate the WQI. According to the relative importance of the metal, their relative 282 

weighted values are assigned between 0 and 1 which can be calculated by Eq. 2. The sub-index 283 

factor (Qi) in this case is calculated as follows: 284 

1

100
| |n

i i
i

i i i

M I
Q

S I=

−
= 

−         (Eq. 4) 285 

Here, Mi is the monitored value of the heavy metal, Ii is the ideal value and Si is the standard value 286 

of the ith heavy metal. The required HPI is determined from the following formula (Eq. 5): 287 

1

1

( )
n

i

n

i

Qi Wi

HPI

Wi

=

=


=



          (Eq. 5) 288 

The calculated HPI values are compared with the accepted standards for drinking water. If 289 

HPI<100, the water sample contains less contamination of heavy metals which is considered 290 

suitable for drinking purpose. On the other hand, if HPI>100, the water sample contains high 291 

contamination of heavy metals which can cause adverse effect on health if consumed (Table 1). 292 

Therefore, this kind of water is unsuitable for drinking and hence, HPI rating method evaluates the 293 

influence of heavy metals on the overall water quality. 294 

2.3.3 Estimation of Water Pollution Level by Degree of Contamination (Cd) 295 

The Degree of Contamination (Cd) is another pollution index that quantitatively evaluates the 296 

extent of contamination of heavy metals in the water sample [16]. It is calculated by taking the 297 
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summation of all the contamination fit factors (Cfi) for respective heavy metals as shown in Eq. 6 298 

and Eq. 7. 299 

1Ai
fi

Ni

C
C

C
= −          (Eq. 6) 300 

1

n

d fi

i

C C
=

=          (Eq. 7) 301 

Here, CAi is the measured concentration and CNi is the maximum permissible concentration for the 302 

ith parameter. The obtained Cd values provide a direct cumulative measure of the severity of heavy 303 

metal contamination in water sample. Based upon the calculated values of Cd, water can be 304 

categorized into three classes: low contamination (Cd < 1), medium contamination (Cd = 1-3) and 305 

high contamination (Cd > 3) (Table 1). 306 

Table 1: The standard range of pollution indices as set by NSF guidelines depicting groundwater 307 

quality. 308 

Pollution Indices Standard Range Remark 

WQI 

90-100 Excellent 

70-89 Good 

50-69 Medium 

26-49 Bad 

0-25 Very Bad 

HPI 
>100 Bad 

<100 Good 

Cd 

<1 Low 

1-3 Medium 

>3 High 

 309 

2.4 Multivariate Statistical Methods 310 

In order to determine the most influencing variable affecting the water quality, multivariate 311 

statistical analysis has been performed. The multivariate statistical analysis used in the present 312 
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study are Principal Component Analysis (PCA), Monte Carlo Simulation, Hierarchical Cluster 313 

Analysis (HCA) and Pearson’s Correlation Matrix. 314 

2.4.1 Identification of Dominant Factors by Principal Component Analysis (PCA) 315 

The PCA is performed using Kaiser Normalization method (24 samples analyzed from 8 locations) 316 

to establish a homologous behavior among the dominant physico-chemical parameters of procured 317 

water samples [17]. Before applying PCA, the values obtained were first converted into Z-score 318 

normalization (Eq. 8) in order to eliminate any sort of dimensional bias due to different 319 

measurement units. 320 

X
Z



−

=           (Eq. 8) 321 

Here, X is the measured value, µ is the calculated mean and σ is the standard deviation of the 322 

considered dataset. In this study, the eigen values of the physico-chemical factors signify the 323 

variance in the data which is represented in the form of factor scores. The Principal Component 324 

(PC) values are represented as positive and negative values based upon the impact of relationship 325 

among the parameters (strong, medium or weak). 326 

2.4.2 Estimation of Uncertainty and Variability by Monte Carlo Simulation (MCS) 327 

Monte Carlo Simulation is another statistical model that utilizes random sampling process to 328 

understand the uncertainty and variability associated with the collated dataset [18]. In order to 329 

ensure the reliability of MCS, 10,000 iterations were carried out using Python and simulated values 330 

were used to calibrate the efficiency of model. This model provides insights of all the possible 331 

outcomes associated with the considered dataset. 332 

2.4.3 Hierarchical Cluster Analysis (HCA) by Ward’s Linkage Method 333 

Hierarchical cluster analysis (HCA) is conducted in order to group the groundwater sampling sites 334 

based on the extent to which the physico-chemical characteristics of each site were similar to one 335 

another [19]. The Euclidean distance is used in conjunction with Ward's linkage method, which 336 

minimizes the amount of variability between samples within each group and creates compact 337 

(easily interpretable) clusters. Origin software was used to create a cluster analysis and 338 

dendrogram. The resulting dendrogram provided the basis for grouping sampling locations with 339 
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similar hydrochemical signatures and for assessing how different land use patterns affect 340 

groundwater quality geographically. 341 

2.4.4 Statistical Significance Test by Pearson’s Correlation Matrix 342 

The Pearson’s Correlation analysis is performed in order to quantify the strength and direction of 343 

linear relationships among groundwater quality indicators [20]. It is formulated by calculating the 344 

correlation coefficient (r) which ranges between -1 and +1. The correlation strength was assessed 345 

of the basis of their magnitude: those with |r| ≥ 0.70 being classified as strong; 0.50 ≤ |r| < 0.70 346 

being moderate and |r| < 0.50 weak. This classification follows by identifying those groundwater 347 

quality parameters that may be impacted by similar hydrochemical processes or share the same 348 

source. The correlation analysis also assessed the interrelationship between salinity indicators, 349 

nutrient indicators, metals contamination and organic pollution parameters. The correlation matrix 350 

formed as a result of the Pearson’s correlation analysis is also used to validate and reduce the 351 

number of dimensions of the PCA allowing for the most accurate interpretation of multivariate 352 

pattern of groundwater quality. 353 

3. Results and Discussion 354 

3.1 Estimation of the Values of Physicochemical Parameters 355 

The groundwater analyses indicated seasonal variation in physical and chemical parameter data 356 

(Table 2). Generally, groundwater quality during the pre-monsoon and monsoon seasons is 357 

dominated by slightly alkaline pH level (6.03 to 7.9) than the average range of pH based on BIS 358 

permissible limits (6.5-8.5). The higher combined values observed for electrical conductivity (389 359 

to 1695 µS/cm) and total dissolved solids (213 to 1188 mg/L) indicates groundwater mineralization 360 

processes, particularly during the pre-monsoon season. Therefore, there appears to be some 361 

anthropogenic influence. Total alkalinity (306 to 771 mg/L) and total hardness (292.5 to 764.7 mg) 362 

were frequently above BIS desirable limits (200 mg/L), often as the result of carbonate weathering 363 

processes. Water turbidity was consistently low (0 to 0.7 NTU), however, dissolved oxygen 364 

concentrations tended to vary depending on seasonal recharge from rainfall or biological 365 

(microbial) activities, with dissolved oxygen levels ranging from 0.6 to 7.7 mg/L. 366 

Overall, BOD (0-3.8 mg/L) and COD (0-9.05 mg/L) are the main organic pollution indicators. 367 

Regardless of this, most sites had minimal organic contamination since these values were found to 368 
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be either within the permissible limit. Similarly, nutrient concentrations were also determined to 369 

be low overall; ortho-phosphate was recorded in the range from 0 to 0.12 mg/L and NO3
- was only 370 

present in the range from 0.15 to 3.7 mg/L. Both of these parameter concentrations are within the 371 

limits set by the BIS. However, concentrations of some heavy metals had elevated levels in various 372 

locations; Cu (0.94 mg/L) and Fe (6.96 mg/L) were found to consistently exceed permissible 373 

limits, particularly in areas positioned near potential anthropogenic or industrial sources. The 374 

majority of parameters presented have reasonably acceptable values, although elevated EC, TDS, 375 

alkalinity, hardness, and levels of selected metals indicated local groundwater quality degradation 376 

as a result of both natural geochemical processes and anthropogenic activities. 377 
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Table 2: The values of physicochemical parameters that determine the groundwater quality of all the identified sampling sites (S1-S8) 378 

showing seasonal variation. 379 

Site Season pH 

Temper

ature 

Conducti

vity 
TDS TSS 

Turb

idity 

Alkalin

ity 
DO BOD COD 

Hardn

ess 
P NO3

- Cu Fe 

(0C) (µS/cm) (NTU) (mg/L) (mg/L) 
(mg/L

) 

(mg/L

) 
(mg/L) (mg/L) 

(mg/L

) 

(mg/L

) 

(mg/L

) 

(mg/L

) 

S1 

Pre_Mons

oon 
7.9 28.9 480 253 52.5 0 470 7.05 1.6 5.75 428.75 0.08 0.79 0 0.24 

Monsoon 7.8 29.6 389 231 47.5 0.7 445 7.7 2.3 5.24 398.4 0 1.25 0.05 0.18 

Post_Mon

soon 
7.78 25.5 412 270 57.5 0.7 478.5 7.25 1.4 5.85 325.7 0.09 0.39 0.1 0.28 

S2 

Pre_Mons

oon 
7.8 29.3 398 225 50.5 0 459.5 6.9 1.4 5.85 322.3 0.08 0.52 0 0.28 

Monsoon 7.52 28.4 410 213 45 0.2 447.5 6.82 1.65 5.45 340.9 0.02 1.07 0.28 0.19 

Post_Mon

soon 
7.75 24.8 490 264 55 0.6 487.5 6.55 1.25 67 378.7 0 0.67 0.32 0.23 

S3 

Pre_Mons

oon 
7.68 24.55 613.5 364 69 0 372 6.7 1.2 3.35 318 0.05 0.15 0.28 1.14 

Monsoon 7.62 27.6 661 383.5 88 0.5 364 6.1 1.3 3.15 336.5 0 0.26 0.29 0.56 

Post_Mon

soon 
7.4 25.65 622.5 355.5 64.5 0 320 6.8 0.95 3.5 387.5 0.09 0.37 0.31 0.83 

S4 

Pre_Mons

oon 
7.54 25.5 634 339 56 0 306 7.15 1.8 3.8 349.5 0.08 0.32 0.29 1.06 

Monsoon 7.34 28.9 674 387.5 53 0.2 380 6.5 1.25 3.1 322 0.083 0.23 0.45 0.82 
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Post_Mon

soon 
7.52 24.7 650 362 62.5 0.5 322 7.5 1.05 2.2 292.5 0.12 0.46 0.33 0.71 

S5 

Pre_Mons

oon 
7.05 24.85 1360 877 83 0 777 1.6 2.55 7.2 663.6 0.062 1.07 0.9 1.45 

Monsoon 7.21 28.3 1335.5 771 79 0.7 698 1.75 1.75 5.4 711.8 0.079 0.52 0.94 1.12 

Post_Mon

soon 
7.36 29.95 1438 993 106 0 705.5 1.05 2 9.05 695.9 0.07 1.09 0.79 1.29 

S6 

Pre_Mons

oon 
7.27 25.05 1298 854 102 0 754 0.9 1.9 5.05 764.7 0.04 1.49 0.58 1.99 

Monsoon 7.1 29.6 1307.5 793.5 94.5 0.2 694 1.1 1.1 5.5 758.7 0.07 0.79 0.6 1.01 

Post_Mon

soon 
7.16 28.05 1404 898 126 0 771 0.6 1.55 8.7 719.6 0.056 1.25 0.65 1.56 

S7 

Pre_Mons

oon 
6.9 23.85 1590.1 1178 183 0 624 5.2 2.97 6.8 453 0.095 3.1 0.23 5.53 

Monsoon 6.03 28.05 1463.6 1048 172 0 580 6.89 2.5 7.6 413 0.098 3.7 0.23 4.65 

Post_Mon

soon 
6.64 27.75 1695.2 1134 126 0 690 6 2.8 5.4 464 0.097 3.5 0.14 6.04 

S8 

Pre_Mons

oon 
7.04 24.6 1511.8 1038 106 0 570 4.1 3.8 5.1 420 0.091 3.01 0.25 6.96 

Monsoon 6.02 28.55 1595.9 1188 185.5 0 530 7.2 2.37 6.3 493 0.097 3.25 0.29 4.29 

Post_Mon

soon 
6.9 26.95 1640.7 1178 154.5 0 740 6.5 3.68 5.3 468 0.095 3.2 0.38 5.62 

 
BIS 

LIMITS 
8.5 NA 1500 500 NA 5 200 8.26 3 <20 200 0.1 45 0.05 0.3 

380 
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3.2 Result Analysis of Water Pollution Indices 381 

The results of WQI, HPI and Cd provides a comprehensive and multi-level approach for evaluating 382 

the quality of water. WQI is a general indicator of most of the physico-chemical characteristics of 383 

water which makes it suitable for consumption. HPI is an indicator of the toxicity caused by heavy 384 

metals whereas Cd estimates its quantification. 385 

3.2.1 Water Quality Index (WQI) Results 386 

The water quality index has been widely utilized to study a variety of physico-chemical 387 

characteristics of water samples depicting its overall suitability for human utilization. According 388 

to previous researches, there exists a broad range of WQI values for various water samples. It 389 

depends upon their specific land use, hydrogeological characteristics and level of human impact. 390 

According to the data analysis of this present study, village (S1 and S2) had an average WQI score 391 

between 83 and 89 (Table 3). These results are similar to the outcomes of previous studies, which 392 

indicated that rural waters are subject to low human impact [21, 22]. At the residential locations 393 

(S3 and S4), the WQI range drops to 59 to 67 which corresponds with the levels of moderately 394 

polluted urban groundwater. The most drastic drop in WQI values occurs at residential sites S5 395 

and S6 located next to industrial areas, where WQI values were recorded at approximately 31 to 396 

35. This WQI range is identical to what was found in investigations conducted in similar areas [23, 397 

24]. The WQI values of water samples collected from industrial sites (S7 and S8) were the lowest, 398 

recorded with a range of 23 to 26. Therefore, the water is a severely polluted water which should 399 

never be used for either drinking or domestic use. Collectively stated, the gradual reduction of 400 

WQI scores from village to industrial sites represents an intensive land usage contributing to water 401 

pollution. 402 

3.2.2 Heavy Metal Pollution Index (HPI) Results 403 

The Heavy Metal Pollution Index (HPI) is a widely accepted method for evaluating cumulative 404 

contamination of water with respect to heavy metals by taking 100 as the critical threshold. In this 405 

study, low HPI values (~61 to 64) were recorded at the village sites (S1-S2) and are well below 406 

the critical threshold value and similar to the HPI values reported for rural low-metal contaminated 407 

sites (Table 3). The higher HPI values (~220 to 230) for the residential sites (S3-S4) are consistent 408 

with HPI results from urban areas affected by domestic wastewater, plumbing corrosion and 409 
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emissions from automobiles. The highest HPI values for residential-industrial sites (S5-S6) were 410 

between 350 and 400 and are comparable to the HPI values recorded for mixed urban-industrial 411 

locations [25, 26]. A striking increase in HPI was observed for the industrial sites (S7-S8) (greater 412 

than 1,400) which is consistent with the literature reports of extensively industrialized regions 413 

where untreated or insufficiently treated wastewater is dominant. 414 

3.2.3 Degree of Contamination (Cd) Results 415 

The degree of contamination (Cd) is directly proportional with the land-use pattern in the study 416 

area, confirming that human activities have successively impacted the quality of groundwater. 417 

Samples of groundwater from the S1 and S2 villages show Cd values that approach zero (Table 3). 418 

These values correspond to a low contamination level (Cd < 1) indicating that the levels of heavy 419 

metals at these locations were nearly all within the permissible limits. This is due to the relatively 420 

low levels of industrial activity and dominance of natural geochemical influences (such as water–421 

rock interaction and dissolution of minerals) [27]. Samples of groundwater from the S3 and S4 422 

residential areas indicated moderate levels of contamination (Cd values between 1 and 3). This 423 

suggests that anthropogenic metal inputs have begun to appear. The moderate level of Cd values 424 

in these areas is attributed to urban-related sources such as domestic sewage infiltrating the ground, 425 

corrosion of plumbing materials, surface runoff containing vehicle-related contaminants and 426 

leachate produced from landfills [28]. Even though the levels of contamination were moderate, the 427 

results confirmed that the groundwater quality is deviating from its natural baseline. 428 

Contamination in the vicinity of industrial land uses has significantly risen in residential areas near 429 

industry (S5 and S6) with Cd values above 3. This has led to high contamination of heavy metals 430 

and strong anthropogenic influences from these sites. As these residential areas are situated close 431 

to industrial activities, it is likely that effluent containing metals has migrated to the sub-surface 432 

through a combination of unlined surface drains, leaking from industrial and hazardous waste 433 

containers and surface water contamination. Water samples collected from the industrial areas (S7 434 

and S8) had the highest reported Cd concentrations which indicates extreme and high 435 

contamination levels. The high values of Cd indicate excessive metal stress in that particular site 436 

which is beyond the permissible limits. This is due to a lot of industrial wastewater discharges, 437 

industrial metal manufacturing or extraction processes, atmosphere deposition from industrial 438 

emissions and inadequate waste management. The total concentration of Cd found at these two 439 
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sites indicates considerable degradation of groundwater within the vicinity which poses potential 440 

health hazards if consumed. 441 

Table 3: The calculated average values of WQI, HPI and Cd along with their standard deviations 442 

representing the groundwater quality of every site (S1-S8). 443 

Site 
WQI  

(Mean ± SD) 
Remark 

HPI  

(Mean ± SD) 
Remark 

Cd 

(Mean ± SD) 
Remark 

S1 83.00 ± 2.65 Good 60.98 ± 13.40 Good ~0 ± 0.19 Low 

S2 89.20 ± 1.06 Good 64.44 ± 8.47 Good ~0 ± 0.10 Low 

S3 66.55 ± 4.69 Medium 223.01 ± 74.29 Bad 1.11 ± 0.96 Medium 

S4 59.41 ± 1.53 Medium 229.60 ± 45.08 Bad 1.23 ± 0.56 Medium 

S5 30.95 ± 2.27 Bad 350.14 ± 41.86 Bad 3.16 ± 0.53 High 

S6 34.78 ± 1.72 Bad 403.82 ±125.78 Bad 3.68 ± 1.63 High 

S7 25.27 ± 0.48 Very Bad 1390.94 ±179.36 Bad 16.22 ± 2.30 High 

S8 23.80 ± 1.36 Very Bad 1448.95 ±341.85 Bad 17.05 ± 4.43 High 

 444 

The consistent results of the current study with respect to WQI, HPI and Cd for all three indices 445 

with previously published results further supports its reliability and reinforces the understanding 446 

that industrial activity is the primary cause of water quality degradation. 447 

3.3 Multivariate Statistical Analysis Results 448 

3.3.1 Results of Principal Component Analysis (PCA) 449 

Principal Component Analysis (PCA) was performed on the obtained water quality data collected 450 

from 8 sampling sites, comprising a total of 24 samples across different seasons (pre-monsoon, 451 

monsoon and post-monsoon). Through the use of PCA, the original dataset of physico-chemical 452 

parameters was decomposed into 8 orthogonal components (PC1-PC8) representing a linear 453 

combination of each original parameter and capturing decreasing proportions of total variance. 454 

Mathematically, the interpretation of PCs was limited only to those having eigen values > 1 455 

according to the pattern followed by recent researchers [29, 30]. The scree plot in Fig. 2(a) 456 

indicates that the standardized water quality dataset has a wide range of explained variance (%). 457 

The two principal components (PCs) with the most variance (PC1 and PC2) together account for 458 

a significant portion of the total variance (~68% combined). Each subsequent PC (PC3, PC4 and 459 
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PC5) explains progressively less variance and after PC5 each of the subsequent components (PC6, 460 

PC7 and PC8) explain only minimal amounts of additional variance, resulting in the creation of a 461 

curve in the plot. This denotes that the major hydrochemical processes causing variation in water 462 

quality are well summarized within the first few PCs and that the higher order PCs represent 463 

predominantly noise or very localized minor effects. Therefore, using the scree plot to reduce 464 

dimensionality in this dataset simplifies a large amount of data. 465 

The graph of the cumulative variance in Fig. 2(b) supports the scree plot findings on the levels of 466 

total variance. The first two PCs provide ~68% of the total variance and by adding PC3, the 467 

cumulative amount of variance rises to approximately ~77%. The data indicates that when four 468 

PCs are included, the first four PCs provide approximately 83–85% of the total variance identified. 469 

This means they fall above the typical level established as appropriate for the use of environmental 470 

data in a meaningful way. Increased addition of PCs after PC4 only results in minimal increases in 471 

the percent of total variance explained. Therefore, only using the first four PCs in this case 472 

represents the best summary of the main physico-chemical parameters that influence the water 473 

sample collection from this site. 474 

The PCA biplot in Fig. 2(c) represents a graphical aspect of the relationship between the sample 475 

clusters and the variable loadings from PC1 and PC2 to help us interpret the causes behind the 476 

water quality. Specifically, EC and TDS show large positive loadings along PC1, indicating that 477 

they are the primary drivers behind the salinity and mineralization gradient. In contrast, hardness 478 

and Cu also exhibit a positive loading along PC1, suggesting that they may have been influenced 479 

or impacted by human-related activities (anthropogenic) or geologically (geogenic). The PC2 480 

loading is largely formed by the variables Fe, DO, and pH, reflecting natural (geochemical) as well 481 

as anthropogenic influences. Also, the locations of sampling sites have formed groups (clusters) 482 

that have very different hydrochemical characteristics with sites S5–S8 being clustered towards 483 

the positive PC1 area (high ionic strength/pollution) and sites S1–S4 being clustered towards the 484 

negative PC1 area (low levels of contamination). In addition, both the length and direction of the 485 

vector for each variable demonstrates that the redundant nature of these variables is low while the 486 

utility of the chosen variables as descriptors of the variance in water quality is strong. 487 
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 488 

Fig. 2: Principal Component Analysis results represented in the form of (a) scree plot with 489 

individual PC and explained variance, (b) plot of cumulative variance with respect to the principal 490 

components, (c) PCA score plot (PC1 vs. PC2) illustrating sample site distribution indicating 491 

relationships between groundwater quality parameters and sampling sites, (d) Monte Carlo 492 

histogram depicting the robustness of the dataset. 493 

3.3.2 Monte Carlo Simulation Results 494 

Monte Carlo simulation was employed to assess the uncertainty and variability associated with the 495 

Water Quality Index (WQI) derived from groundwater quality parameters [31, 32]. The Monte 496 
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Carlo histogram [Fig. 2(d)] obtained is shaped similarly to an inverted bell with most simulated 497 

values falling within a very tight band (i.e., ≈ 255 to 275) around a mean WQI value (265). Since 498 

many of the simulated values clustered together, this indicates a statistically stable calculable WQI 499 

value. That also suggests that if a slight variability in individual water quality parameters, it will 500 

not disproportionally alter the overall WQI value. All of these factors further support that the 501 

integrated water quality assessment framework is reliable as evidenced by the narrow ranges of 502 

simulated WQIs and the lack of high extremes on the Monte Carlo Histogram. Thus, the Monte 503 

Carlo analysis was successful in determining the robustness of the generated dataset. 504 

3.3.3 Ward’s Linkage Method Results 505 

In order to categorize the groundwater sampling sites, Ward's linkage method was used to perform 506 

hierarchical cluster analysis (HCA) according to the similarities obtained in their physico-chemical 507 

characteristics [33]. The dendrogram produced from this analysis (Fig. 3) illustrates how the 508 

groundwater sampling locations can be grouped into two distinct clusters at a greater degree of 509 

linkage. This indicates that these sites are in different hydrochemical regimes as a result of human 510 

impacts of land use. The first major cluster of sites (S1, S2, S3, and S4) are located in 511 

village/residential areas. The short distances between these sites suggest that the water quality 512 

between these four sites is similar, likely due to geogenic processes (like mineral dissolution) 513 

having a more significant impact than anthropogenic stress. The close relationship between S3 and 514 

S4, followed by their connection to S1 and S2 indicates that the hydrochemical conditions of S3 515 

and S4 are likely influenced primarily by natural weathering processes and relatively modest 516 

household contributions of wastewater.  517 

The second cluster group of sites consists of sites S5, S6, S7 and S8, which is found in association 518 

with the residential areas near industries (S5, S6) and industrial area (S7 and S8). Due to the higher 519 

Euclidean distance, the variability of groundwater chemistry within these respective clusters 520 

indicates a greater anthropogenic impact on groundwater. S7 and S8 have similar hydrochemical 521 

properties (salinity, nutrients, metals and reduced dissolved oxygen) indicative of groundwater that 522 

has been subject to an industrial impact. Thus, clustering closely to one another with a very low 523 

linkage distance, indicating they are hydro-chemically similar. The other cluster, S5 and S6 forms 524 

a distinct sub-cluster as these sites exhibit hydrochemical conditions between the residential area 525 

and industrial effluent, so they are transitional in nature.  526 
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The significant separation of these two cluster groups supports the theory that the quality of 527 

groundwater has been impacted by progressive shifts from geogenic derived conditions to more 528 

anthropogenically dominated conditions. This is found in that areas undergoing manufacturing or 529 

any other industrial activity. This clustering pattern was found to be consistent with the findings 530 

of PCA results and the significant connection between the quality of groundwater is a function of 531 

combined analysis associated with salinity, nutrients, metals and organic pollution. In summary, 532 

Ward's Linkage Analysis not only illustrated the existence of spatial heterogeneity in groundwater 533 

quality but also demonstrated the significant impact on the similarity among groundwater quality 534 

of sampling locations. 535 

 536 

Fig. 3: Ward’s dendrogram showing the grouping of groundwater sampling locations into distinct 537 

clusters at a greater degree of linkage. 538 

3.3.4 Results of Pearson’s Correlation Matrix 539 

The interrelationship among different groundwater parameters is examined using Pearson's 540 

correlation analysis [34, 35]. The correlation matrix (Table 4) and heatmap (Fig. 4) reveals a strong 541 

relationship between salinity and mineralization related variables. The TDS had an almost perfect 542 

correlation (r=0.99) with EC and very strong positive correlations with hardness (r=0.97), 543 

alkalinity (r=0.92), TSS (Total Suspended Solids) (r=0.89), and pH (r=0.89). Through these 544 

correlations, it is evident that groundwater chemistry is predominantly influenced by ionic 545 
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enrichment due to carbonate and silicate mineral dissolution as well as by anthropogenic 546 

influences. The close relationship between these parameters supports the concept that there is a 547 

common factor controlling them as evidenced by the positive loadings of these parameters on the 548 

PC1 of the PCA biplot, which represents the salinity and mineralization gradient. Dissolved 549 

oxygen (DO) showed very strong negative correlations with TDS (r=-0.85), EC (r=-0.82), hardness 550 

(r=-0.85), alkalinity (r=-0.78) and TSS (r=-0.75). This indicates that as ionic strength and 551 

suspended solids increase, the progressive depletion of dissolved oxygen occurs. Therefore, the 552 

inverse relationship between DO and salinity is indicative of increased microbial respiration and 553 

oxidation of organic matter under highly polluted conditions, particularly along industrial and 554 

adjacent zones. The negative orientation of DO in relation to salinity as observed in the PCA biplot 555 

provides additional evidence for the role of redox processes in determining the chemical properties 556 

of groundwater. 557 

The concentrations of nutrients and metals in groundwater are generally positively correlated with 558 

the measures of salinity as they are noticeably affected by human activity or by those processes 559 

that naturally change the composition of water. For example, phosphorus is highly correlated with 560 

total dissolved solids (r=0.82), hardness (r=0.78), and alkalinity (r=0.75). Thus, it is highly likely 561 

that phosphorus is coming from several types of human activity, especially agriculture, human 562 

sewage and industrial sewage discharge. Similarly, iron has a positive correlation with TDS 563 

(r=0.76) and phosphorus (r=0.58) but has a negative correlation with DO (r=-0.55). The 564 

mobilization of iron into the solution is likely to have taken place in reducing conditions and this 565 

was seen in the positive relationship of iron with PC2 (factor controlling the release of metals 566 

during redox conditions). Nitrate has a moderate correlation with TDS (r=0.59) and EC (r=0.55), 567 

which would be consistent with the significant contribution from fertilizer application. Thus, 568 

nitrate may have been introduced into the environment both through agricultural and urban 569 

discharges or runoff, especially in the rural and urban areas. The weaker correlations of nitrate 570 

with the other variables and the negative correlation with DO (r=-0.42) suggest that some of the 571 

nitrates may have been reduced through denitrification in areas of low dissolved oxygen. Finally, 572 

turbidity is moderately correlated with TSS (r=0.55) and salinity, therefore, it is likely that turbidity 573 

is a measure of contaminant transport and was derived from surface contamination. 574 
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Organic pollution indicators show that human activities have had an impact on groundwater 575 

quality. There is a strong negative correlation between biochemical oxygen demand (BOD) and 576 

DO (r=-0.62). The correlation indicates that BOD is a measure of the amount of oxygen consumed 577 

by the biological breakdown of organic materials. Chemical oxygen demand (COD) has positive 578 

correlations with ionic components; however, those correlations are weaker than those between 579 

the salinity components, BOD and DO. There is a moderate correlation between copper (Cu) and 580 

both iron and phosphorus, which suggests that Cu is being transported along with iron and 581 

phosphorus through the same sources. Therefore, based on the results of this study, it can be 582 

inferred that the decrease in groundwater quality Faridabad district is being driven by the combined 583 

effects of mineral dissolution, redox processes and increased anthropogenic contributions from 584 

land use activities. 585 
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Table 4: Pearson correlation coefficient values (r) of groundwater quality variables. 586 

  TDS Conductivity Hardness Alkalinity TSS pH DO P Fe Nitrate Turbidity BOD Cu COD Temperature 

TDS 1                             

Conductivity 0.99 1                           

Hardness 0.97 0.95 1                         

Alkalinity 0.92 0.88 0.92 1                       

TSS 0.89 0.92 0.88 0.82 1                     

pH 0.89 0.85 0.91 0.72 0.78 1                   

DO -0.85 -0.82 -0.85 -0.78 
-

0.75 

-

0.68 
1                 

P 0.82 0.78 0.78 0.75 0.72 0.65 -0.65 1               

Fe 0.76 0.72 0.72 0.68 0.65 0.58 -0.55 0.58 1             

Nitrate 0.59 0.55 0.55 0.52 0.48 0.42 -0.42 0.45 0.42 1           

Turbidity 0.48 0.52 0.48 0.42 0.55 0.45 -0.35 0.38 0.32 0.25 1         

BOD -0.52 -0.48 -0.52 -0.45 
-

0.42 

-

0.35 
-0.62 

-

0.32 

-

0.28 
-0.18 -0.22 1       

Cu 0.46 0.42 0.42 0.38 0.35 0.28 -0.28 0.32 0.35 0.25 0.18 -0.12 1     

COD 0.38 0.35 0.35 0.32 0.28 0.22 -0.25 0.25 0.22 0.18 0.15 0.12 0.15 1   

Temperature -0.22 -0.15 -0.28 -0.25 
-

0.18 
0.12 -0.12 0.05 0.02 -0.08 0.08 0.18 

-

0.15 
-0.05 1 

587 
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 588 

Fig. 4: Pearson’s correlation heatmap illustrating the strength and direction of identified 589 

parameters among water-quality data in the study area. 590 

4. Alignment of the Research with United Nations’ Sustainable Development Goals (SDGs) 591 

The findings of this research are mapped with several United Nation's Sustainable Development 592 

Goals (SDGs) (Fig. 5) [36, 37]. The correlations established between the presence of heavy metal 593 

contamination in groundwater sources and their potential health effects support the goal of Good 594 

Health and Well-Being (SDG 3). The emphasis on water quality and water pollution is evidently 595 

mapped with Clean Water and Sanitation (SDG 6). The study also provides scientific information 596 

on the impact of industrial activity and land use affecting groundwater quality which supports 597 

Sustainable Cities and Communities (SDG 11). It has provided valuable information to assist in 598 

planning for protection of groundwater from degradation and planning for improved sustainable 599 

development of industry. The monitoring of industrial pollution should be mandatory and must 600 

occur in a responsible manner is consistent with Responsible Consumption and Production (SDG 601 

12). Additionally, the authors support the concept of sustainable management of groundwater 602 

resources that face increasing anthropogenic stress which will aid in achieving Climate Action 603 

(SDG 13). In summary, the study provides useful scientific insights that can support the 604 
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development of evidence-based decision making and policy formulation that aims to achieve long-605 

term security in respect of water resources as well as the progressive development of urban areas. 606 

 607 

Fig. 5: The outcomes of the research are mapped with the specified United Nation's Sustainable 608 

Development Goals (SDGs). 609 

5. Conclusion 610 

The present investigation successfully provides an integrated and a comprehensive approach for 611 

groundwater quality status in Faridabad, India by using multivariate statistical analysis. In contrast 612 

to the earlier works, this study has incorporated the combined use of pollution indices (WQI, HPI, 613 

Cd), together with Pearson’s correlation analysis, PCA, HCA via Ward’s method and Monte Carlo 614 

simulation method to create a highly reliable and consistent assessment of groundwater quality. 615 

The groundwater quality was found to be healthy (WQI > 83, HPI < 65, Cd ~ 0) in rural areas; 616 

while on the other hand, industrial areas showed severely degraded groundwater quality (WQI < 617 

26, HPI > 1390, Cd > 16). Multivariate analysis helped to clarify salinity-mineralization processes 618 

from redox-controlled metal mobilization as demonstrated by highly correlated TDS and EC 619 

values (r=0.99) and the negative correlations between dissolved oxygen and salinity measurements 620 

(r=−0.85). The PCA also confirmed that salinity-mineralization and redox-controlled metal 621 

mobilization were the most influential factors affecting groundwater quality variability, while the 622 
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hierarchical clustering of sampling site groupings indicated differences between land use types. 623 

Therefore, the consistency between the current study's findings and those from the previous studies 624 

strengthen the acceptance of the current assessment as a valid assessment of water quality 625 

degradation across all three indices of the study. 626 
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