Supplementary Sheet
Standard equations and detailed mathematical descriptions 
All the measurements and analysis procedures were performed as per the WHO international standard and the United Nations International Groundwater Resources Assessment Centre (UN-IGRAC) and Groundwater quality guidelines (WHO, 2024a, 2024b; UN-IGRAC, 2024a, 2024b). The analytical error (less than ± 10 %) of the analysed ion content was verified by the charge balance error (CBE) (Fritz, 1994, Hem, 1991, Katz, 1992).  The equation is furnished below, 
1. Charge Balance Error (CBE) Formula:
The charge balance error is used to assess the accuracy of ion concentration measurements in water quality analysis. It is calculated using the following formula:
CBE % = [(Σ Cations - Σ Anions) / (Σ Cations + Σ Anions)] × 100           (1)
Where:
• Σ Cations = Sum of major cations (e.g., Na+, K+, Ca+2, Mg+2) in milliequivalents per liter (meq/L)
• Σ Anions = Sum of major anions (e.g., Cl-, SO4-2-, HCO3-, NO3-) in milliequivalents per liter (meq/L). 
2. Water quality index (WQI) analysis
Water quality is a key factor that directly affects public health, and is why the WQI (Water Quality Index) is one of the most useful methods available for estimating water quality to determine whether or not it poses a threat to public health (Chatterjee & Raziuddin 2002; Uddin et al., 2021). It is also a valuable tool for lawmakers and others interested in the well-being of the general public (complex coastal regions) as well as for consumers of drinking water. The WQI method consolidates large amounts of data into a single number or rating (typically dimensionless) in a manner that can be easily replicated (Ramakrishnaiah et al. 2009; Hounslow, 1995). The WQI method can be used to evaluate how many different parameters are involved when determining the overall water quality (Chidiac et al. 2023; Mostafa & Majumder, 2017). The weighted arithmetic Water Quality Index method will be used to assess the water quality index values in this study. All steps of the weighted arithmetic Water Quality Index method will be described briefly. In the first step of the WQI method, the quality rating (sub-index, ) of each of the ‘n’ water quality parameters is calculated, where qn is the quality rating of the nth water quality parameter. Typically, the qn value for each of the types of parameters calculated will be tabulated using the following formula:
	
	(2)


where,  is the actual or observed value of the nth parameter of the water sample at a particular location,  is the standard permissible value of the nth parameter and  is the ideal value of nth parameter in pure water. 
In the second step,  value is to be evaluated for each parameter and determine the value of . This value helps to determine the value of the “Proportionality Constant (K)”. The next step is to determine the “Proportionality Constant”, which is determined by the following formula:  
	
	(3)


After getting the Proportionality Constant, the next step is to determine the value of the unit weight (), The calculation of  for the various measures of water quality are inversely related to the suggested levels, and the formula is as follows 
	

	(4)

	
	


where,  is the unit weight or weightage factor for the nth parameter,  standard value of nth parameter, and  the proportionality constant.  to be obtained in the following step. The final step is to determine the WQI by the following formula: 
	
	(5)

	Table 1.  Standards of drinking water and weightage factor (BIS (IS 10500:2012) Permissible Standards).
	Parameter
	BIS Permissible Standard (Sn, mg L-1, except pH)
	Value of K (Proportionality Constant)
	Unit Weight (Wn)

	pH
	8.5
	3.2694
	0.385

	TDS
	500
	
	0.007

	Na
	200
	
	0.016

	K
	10
	
	0.327

	Ca
	75
	
	0.044

	Mg
	30
	
	0.109

	TH
	600
	
	0.005

	SO4
	200
	
	0.016

	HCO3
	600
	
	0.005

	Cl
	250
	
	0.013

	NO3
	45
	
	0.073











As far as the calculation of the Water Quality Index (WQI) goes, it will always be highly sensitive to the standard values (Sn) used, since the unit weight (Wn) associated with the particular parameter will be inversely proportional to its permissible value. In this study, it was deliberately decided to choose the Indian National Standard (BIS IS 10500:2012) instead of the World Health Organization (WHO) guidelines on drinking water since the former were much closer to regional hydro-chemical risks. It would fundamentally alter the sensitivity of the resultant WQI. WHO guidelines usually do not have very stringent limits from health considerations concerning natural alkaline earth metals, considering such parameters as calcium and magnesium as simply aesthetic factors or water hardness, without having any limits for them.
3. Correlation measurement 
The Pearson correlation matrix was created to quantitatively examine the linear relationships among all assessed groundwater quality parameters (Oludare & Adebowale, 2020; Shivanna et al., 2017; Ritika et al., 2024). This statistical method generates a matrix of correlation coefficients (represented as r) for each variable pair, indicating the strength and direction (positive or negative) of the relationship between the measured parameters (National Water Development Agency, 2021; Pearson, 1896). The Pearson correlation coefficient is commonly used due to its easy interpretation and ability to reveal inherent collinearity in comprehensive hydrochemical datasets (Pearson, 1896; Ritika et al., 2024; Oludare and Adebowale, 2020). The Pearson correlation coefficient (r) between two variables x and y is computed as:
r =           (6)
or equivalently,
r =          (7)

	

















	where n is the number of paired observations, xi, yi are individual sample values, and x ̅,y ̅ are their average values ​​(Pearson, 1896; National Water Development Agency, 2021). The value of r varies between -1, which indicates a perfect negative linear relationship, and +1, which represents a perfect positive linear relationship, while 0 indicates the absence of linear correlation. In water quality analyses, such a matrix can help pinpoint important relationships between parameters that reveal processes such as mineral dissolution, human impact or mixing (Shivanna et al., 2017; Rithika et al., 2024), and it provides the basis for more complex multivariate methods such as PCA and HCA.
	


4. Principal Component Analysis (PCA) 
Principal Component Analysis (PCA) is a method of multivariate statistics which was used to reduce the overall complexity of groundwater quality data and identify specific factors affecting hydrochemical changes between different sample sites (Appelo & Postma, 2005; Minderhoud et al., 2017). PCA takes an original set of correlated variables and transforms them into a new uncorrelated set (principal components) and summarizes the greatest amount of variation in the data from the first few principal components (Abdi & Williams, 2010; Jolliffe, 2002). This makes for simpler interpretation and still retains significant amounts of data. Use of this method will assist in identifying hidden trends, clustering similar water quality parameters and identifying major geochemical or anthropogenic influences on groundwater chemistry (Shivanna et al., 2017; Revelle,1941; Vengosh et al., 1999).Top of Form

Bottom of Form
PCA is mathematically defined by calculating the covariance or correlation matrix of standardized variables, and then extracting the eigenvalues and eigenvectors. The principal components (PCs) are formed as linear combinations of the original standardized variables, represented as:
P = a + a + …….+ a      (8)
	
	
	


Where, Pis the jth principal component, a represents the loading coefficient (element of the eigenvector) of variable i on component j, and are the standardised values of the variables (e.g., pH, TDS, EC) (Jolliffe, 2002; Abdi & Williams, 2010). The eigenvalue associated with each component indicates the proportion of variance explained.
5. Hierarchical Cluster Analysis (HCA) Ward’s Method 
The researchers used Ward’s Method HCA to group the groundwater sampling sites based on similar quality characteristics (Ward, 1963; Kaufman & Rousseeuw, 2005; Ritika et al., 2024). Hierarchical Cluster Analysis (HCA) utilizing Ward’s method is a commonly used agglomerative approach for grouping multivariate data, to form clusters that exhibit minimal variance within each group (Ward, 1963; Everitt et al., 2011). During each step of the agglomeration process, Ward’s method combines the two clusters that lead to the least increase in the overall within-cluster sum of squares (variance), thus ensuring that the resulting clusters are as uniform as possible. Initially, each sampling location is treated as an individual cluster. The Euclidean distance is commonly used to measure dissimilarity between multivariate observations (Kaufman & Rousseeuw, 2005; Everitt et al., 2011).
 = (, …..  )                   (9)
represents the multivariate observation vector for the i-th sample (or data point), where:
[bookmark: _Hlk204818000] , is a vector comprising all measured values for sample i. p: is the total number of variables (features, parameters) measured or analysed for each sample. , ….. , are the individual values of each variable for the i-th sample. is the value of the first variable for sample i., until,  which is the value of the p-th variable for sample i. 
d2(i, j) =  -           (10)
Equation (10) is the squared Euclidean distance between two multivariate observations (or data points), i and j, in a dataset with p variables (Ward, 1963; Kaufman & Rousseeuw, 2005).
 = (, …..  ) and  = (, …..  ) are vectors representing the measurements or variable values of observations i and j. The term  -  is the squared difference between the kth variable of observation i and observation j. Summing these squared differences over all variables k=1,2,...,p gives you the total squared distance between observations i and j. At each iterative step, the algorithm merges the two clusters A and B that produce the smallest increase in the total within-cluster variance. The increase in the error sum of squares (ESS), Δ (A, B), resulting from merging clusters A and B, is calculated as: 
Δ(A, B) =  ||  ||²          (11)
where  and  denote the number of observations in clusters A and B, respectively, and ,  are their centroid vectors (Ward, 1963; Everitt et al., 2011) defined by: 
 =        (12)
The term, ||  ||², represents the Euclidean distance between these centroids. After merging clusters, Ward’s method updates the distances between the newly formed cluster, 
 and, existing clusters Ck using the Lance-Williams formula:
D ( = +  -    (13)

where, , are the sizes of clusters,  respectively, and d(), denotes the distance between clusters   and . This recursive updating avoids recalculating distances from raw data at each step, ensuring computational efficiency. The process continues until all observations are clustered as a single entity (dendrogram); the dendrogram can be used to depict the hierarchy and distance between these clusters. Classifications can be made from the dendrogram at an appropriate cut-off level to identify specific groups of groundwater samples that exhibit similar hydrochemical properties (McArthur et al., 2004; Stuyfzand, 1989). Identifying these groups will assist researchers in examining the spatial patterning of groundwater and any potential features that may be affecting groundwater's quality (Mondal et al., 2021). Hierarchical Cluster Analysis (HCA) with Ward's Method is a thoroughly accepted and effective method of doing cluster analysis for all types of environmental studies due to its ability to produce a good representative balance between the clusters' cohesiveness and clarity (Ward, 1963).
6. Linear Regression Analysis 
The use of linear regression for investigating groundwater quality has been well documented (Helsel and Hirsch, 2002; Batabyal and Gupta, 2014). This is one of the most widely used statistical methods for correlating hydrogeochemical properties of groundwater (e.g., electrical conductivity (EC), total dissolved solids (TDS) and major ion concentrations with other water quality indicators) (Bhatnagar and Devi, 2012; Batabyal and Gupta, 2014). It establishes a linear equation to define a mathematical relationship between an independent variable (x) and a dependent variable (y).
y =  a + bx     (14)
As outlined by Helsel and Hirsch (2002) and Davis (2002), y represents the predicted value of the dependent variable; x denotes the independent variable; a constitutes the intercept; and b symbolizes the slope (also referred to as the regression coefficient) in simple regression contexts. In situations whereby more than one independent variable affects the dependent variable, multiple linear regression (MLR) is used to expand the simple linear regression formula into a longer-term forecast model with several predictors (Batabyal and Gupta, 2014; Rahnama and Zamzam, 2013)
.y = a + b1x1+b2x2+…………+ bnxn     (15)
where b1,b2,...,bn are regression coefficients for each independent variable x1,,x2,,,,,,,,,,xn (Rahnama & Zamzam, 2013; Bhatnagar & Devi, 2012). The efficacy of regression models was assessed utilizing the coefficient of determination (R²), which shows how much of the variance in the dependent variable can be attributed to the independent variable or variables (Helsel & Hirsch, 2002; Rahnama & Zamzam, 2013). Stronger predictive power and improved model fit are indicated by higher R 2 values (closer to 1) (Batabyal & Gupta, 2014; Bhatnagar & Devi, 2012). 
7. Irrigation Suitability 
To evaluate the appropriateness of the irrigation water quality in the Sagar block of West Bengal, India, five established indices, namely Sodium Adsorption Ratio (SAR), Magnesium Adsorption Ratio (MAR), Soluble Sodium Percentage (SSP), Permeability Index (PI), Residual Sodium Carbonate (RSC), and Kelly's Index (KI) (Kelly, 1951), are utilized (Kelly, 1951; Doneen, 1964; Raghunath, 1987; Paliwal, 1972). The formulas for the development of all these indices are included in equations 14 to 19. These indices are employed to assess the suitability levels at this specific location.
  (USDA, 1954; Lesch & Suarez, 2009)  (16)
 (Paliwal, 1972; Raghunath, 1987)  (17)
  (Wilcox, 1955; Todd, 1980) (18)
PI  (Doneen, 1964; Raghunath, 1987) (19)
 (Kelly, 1951; Srinivasamoorthy et al., 2014)  (20)

Table 2. Classification Criteria for Irrigation Water Quality Indices
	Irrigation Index
	Range of Values
	Water Quality Class
	Reference

	Sodium Adsorption Ratio (SAR)
	< 10, 10 – 18, 18 – 26, > 26
	Excellent, Good, Doubtful / Permissible, Unsuitable
	Lesch & Suarez (2009) 

	Soluble Sodium Percentage (SSP / %Na)
	< 20%, 20% – 40%, 40% – 60%, 60% – 80%, > 80%
	Excellent, Good, Permissible, Doubtful, Unsuitable
	Wilcox (1955)

	Permeability Index (PI)
	> 75%, 25% – 75%, < 25%
	Class I (Excellent / Safe), Class II (Good / Marginal), Class III (Unsuitable)
	Doneen (1964)

	Magnesium Adsorption Ratio (MAR)
	< 50, > 50
	Safe / Suitable, Unsuitable (Magnesium Hazard)
	Paliwal (1972) 

	Kelly’s Ratio (KR)
	< 1.0, > 1.0
	Safe / Suitable, Unsuitable (Sodium Hazard)
	Kelly (1951)

	Residual Sodium Carbonate (RSC) *
	< 1.25 meq/L, 1.25 – 2.50 meq/L, > 2.50 meq/L
	Safe / Good, Marginal / Doubtful, Unsuitable
	Eaton (1950)




8. Chloro-Alkaline Indices (CAI) and Saturation Indices (SI)
The Chloro-Alkaline Indices are used to understand ion-exchange reactions between groundwater and the aquifer matrix. They are defined as follows (concentrations in meq/L):
	
	(23)

	
	(24)


Interpretation criteria: Positive Values (>0): Indicate Direct Ion Exchange (Base Exchange). Na/K in rock is exchanged for Ca/Mg in water, and Negative Values (<0) indicate reverse ion exchange. Ca/Mg in rock is exchanged for Na/K in water (common in coastal aquifers).
The Saturation Index (SI) determines the thermodynamic tendency of groundwater to dissolve or precipitate specific minerals. Calculations were performed at a standard reference temperature of 25°C using the formula:
	
	(25)


Where IAP is the Ion Activity Product, and Ksp is the solubility product constant. SI > 0 indicates supersaturation (precipitation potential), SI < 0 indicates undersaturation (dissolution potential), and SI ≈ 0 indicates equilibrium.


Table 3. The database or the raw files of the saturation index. The values of ions are in meq/L.
	Id
	PH
	Na
	K
	Ca
	Mg
	HCO3
	Cl
	CO3
	SO4

	L1
	8.51
	9.06
	0.14
	1.67
	0.96
	5.67
	4.25
	0.17
	0.54

	L2
	8.61
	9.59
	0.15
	1.06
	1.04
	5.57
	4.59
	0.21
	0.19

	L3
	8.53
	9.17
	0.14
	1.85
	0.84
	5.57
	4.38
	0.18
	0.67

	L4
	8.57
	9.27
	0.14
	1.28
	1.01
	5.59
	4.37
	0.19
	0.32

	L5
	8.78
	10.53
	0.17
	0.75
	0.91
	5.32
	5.33
	0.3
	0.07

	L6
	8.62
	9.59
	0.15
	2.09
	0.54
	5.25
	4.83
	0.2
	0.94

	L7
	8.62
	9.61
	0.15
	2.1
	0.52
	5.23
	4.85
	0.2
	0.95

	L8
	8.62
	9.53
	0.15
	0.99
	1.05
	5.55
	4.55
	0.22
	0.16

	L9
	8.54
	8.35
	0.13
	0.7
	1.07
	5.33
	3.67
	0.17
	0.08

	L10
	7.95
	7.7
	0.12
	2.84
	1.73
	7.29
	2.71
	0.06
	0.56

	L11
	8.08
	7.25
	0.11
	1.87
	1.6
	6.56
	2.71
	0.07
	0.44

	L12
	8.48
	8.13
	0.12
	1.7
	1.65
	6.97
	3.27
	0.2
	0.07

	L13
	7.67
	5.44
	0.09
	2
	1.73
	6.99
	1.38
	0.03
	0.58

	L14
	8.09
	7.36
	0.11
	2.14
	1.77
	6.76
	2.73
	0.08
	0.46

	L15
	7.72
	6.39
	0.09
	2.79
	2.47
	6.84
	2.03
	0.03
	0.81

	L16
	7.86
	6.7
	0.1
	2.43
	2.1
	6.78
	2.27
	0.05
	0.65

	L17
	8
	7.09
	0.11
	2.19
	1.84
	6.67
	2.58
	0.06
	0.55

	L18
	8.03
	7.19
	0.11
	2.14
	1.79
	6.63
	2.65
	0.07
	0.53

	L19
	8.05
	7.26
	0.11
	2.12
	1.76
	6.61
	2.7
	0.07
	0.53





Table 4. Sample-by-sample calculated saturation indices (si)
Id SI_Calcite SI_Dolomite SI_Gypsum SI_Anhydrite
L1      +0.93       +1.75     -2.47        -2.69
L2      +0.83       +1.79     -3.11        -3.33
L3      +1.00       +1.78     -2.33        -2.55
L4      +0.87       +1.77     -2.80        -3.02
L5      +0.83       +1.88     -3.70        -3.92
L6      +1.09       +1.72     -2.14        -2.36
L7      +1.09       +1.71     -2.13        -2.35
L8      +0.82       +1.80     -3.21        -3.43
L9      +0.58       +1.48     -3.64        -3.86
L10      +0.69       +1.30     -2.24        -2.46
L11      +0.60       +1.27     -2.50        -2.72
L12      +1.01       +2.14     -3.35        -3.57
L13      +0.28       +0.62     -2.34        -2.56
L14      +0.71       +1.47     -2.43        -2.65
L15      +0.39       +0.86     -2.08        -2.30
L16      +0.56       +1.19     -2.23        -2.45
L17      +0.60       +1.25     -2.34        -2.56
L18      +0.65       +1.36     -2.37        -2.59
L19      +0.65       +1.35     -2.37        -2.59
LOCATION-WISE GEOCONTEXT SUMMARY (MEAN ± SD)
================================================================================
Mineral Phase Target      | Southern Zone (L1-L9)     | Northern Zone (L10-L19)
--------------------------------------------------------------------------------
SI_Calcite                | +0.89 ± 0.16              | +0.61 ± 0.19
SI_Dolomite               | +1.74 ± 0.11              | +1.28 ± 0.39
SI_Gypsum                 | -2.84 ± 0.61              | -2.42 ± 0.34
SI_Anhydrite              | -3.06 ± 0.61              | -2.64 ± 0.34
All saturation indices (SI) were calculated based on true thermodynamic ion activities derived via the Davies activity model coefficient loop (A = 0.5092 at 25 °C). Equilibrium solubility products (log KSP) for calcite (-8.48), dolomite (-17.09), gypsum (-4.58), and anhydrite (-4.36) match standard international WATEQ4F / USGS thermodynamic constants


9. meq-based ratio tables with uncertainties
To retain a clear and coherent story in the main text of the paper without losing any details, we have added a statistical precision and uncertainty matrix to the Supplementary Information, where we provide, for each milliequivalent diagnostic ratio in the 19 sampling locations, the Mean, Standard Deviation (SD), Uncertainty in the form of Standard Error of the Mean (SEM), and Relative Standard Error (RSE %).
Table 5. Statistical calculation.
	Ratio Metric
	Total Dataset Mean
	Standard Deviation (SD)
	Uncertainty (SEM)
	Relative Standard Error (RSE %)

	Na/Cl
	2.51
	0.51
	0.12
	4.66

	Mg/Ca
	0.81
	0.30
	0.07
	8.48

	Cl/HCO3
	0.59
	0.25
	0.06
	9.87

	Ca/Na
	0.12
	0.05
	0.01
	10.18

	SO4/Cl
	0.08
	0.06
	0.01
	16.24








To clarify the structural validity and geochemical significance of the calculated RSE boundaries for each ratio, we provide the following detailed explanations: Indeed, the extremely narrow RSE of 4.66% of the Na/Cl ratio easily surpasses the critical 5% level, hence confirming statistically the high-level stability (Mean = 2.51) as a consistent system feature of the deep confined aquifer unaffected by local variability or conservative marine mixing effects. On the other hand, RSE of 8.48% of the Mg/Ca ratio falls safely below the strict academic threshold of 10%, signifying the uniform signature of dolomitization and Mg-silicate weathering across the region.
As for Cl/HCO3 (9.87%) and Ca/Na (10.18%) ratios with their respective larger but entirely acceptable errors, they should be interpreted as practical proofs of ongoing reactive transport and non-conservative zonality, reflecting the geochemical shift from the fresh water of the northern interior to the salty south coast water and the preference of Ca2+ adsorption on clays (Ca2+ → Clay). Lastly, the largest error of 16.24% of the SO4/Cl ratio finds its physical justification as a diagnostic criterion in the dual-endpoint approach—free of geogenic evaporites because of the constant undersaturation with respect to gypsum (SI < −2.1). This variable provides a clear distinction between conservative marine mixing lines (~0.05) and anthropogenic input (> 0.10).

10. Provide confidence intervals or statistical tests when comparing north vs south. 
 In order to conduct a strict comparison of the variability in the hydro-geochemistry in different regions on Sagar Island (Paul & Bandyopadhyay, 1987), a nonparametric Mann-Whitney U Test analysis was carried out to evaluate differences between hydrogeochemical parameters of the southern coastal aquifer zone (n=9) and northern/central recharge zones (n=10).

Table 6. Spatial Mann-Whitney U test results for the Intervals for North vs. South Sagar Island Groundwater

	Parameter
	Southern Zone Mean ± SD (n=9)
	Northern Zone Mean ± SD (n=10)
	Mann-Whitney U Statistic
	p-value
	Statistically significant

	Na+ meq L-1
	216.37±13.31
	162.09±17.05
	0
	<0.001
	yes

	Cl− meq L-1
	160.73±16.41
	88.73±18.04
	0
	<0.001
	yes

	Ca2+ meq L-1
	27.80±11.07
	44.54±7.42
	7
	0.0022
	yes

	HCO3−​ meq L-1
	332.80±10.25
	415.59±13.63
	0
	<0.001
	yes
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