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Abstract 
Assessing the quality of groundwater in a given aquifer can be an expensive and 

time-consuming process. An effort is made in this thesis to predict several water quality 

parameters, namely Fe, Cl, SO4, and total hardness (as CaCO3), from the easily measured 

properties total dissolved solids (TDS) and electrical conductivity (EC). This is achieved 

by establishing functional relationships between the four quality parameters, TDS, and 

EC using multiple linear regression (MLR) and artificial neural network (ANN) models. 

Data for these variables were gathered from five unrelated groundwater quality studies. 

Results indicate that the ANN models produced more accurate functions than MLR, 

showcasing the strength of ANN’s in predictive applications. Analysis of the relative 

importance of each parameter illustrates that total hardness (CaCO3) is most influential 

in determining TDS, while sulphate is most influential on EC. These results could have a 

significant impact on the future of groundwater quality assessments.  
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1. Introduction  
Assessing groundwater quality can be an involved process.  Depending on the 

size of a particular source and the location of wells, many samples may be needed to 

establish a representative quality assessment. Even once sampling is complete there is 

often a need for off-site laboratory analysis to determine the concentrations of various 

ions. On the other hand, measures of water quality such as pH, total dissolved solids 

(TDS), and electrical conductivity (EC) can be easily measured on-site with digital 

meters.  It is thus proposed that much of the time and effort required for off-site analysis 

could be eliminated if a functional relationship was established between these easily 

measured parameters and concentrations of ions in groundwater. This thesis seeks to 

establish such relationships using artificial neural networks (ANN’s) and multiple linear 

regression (MLR) models. The ultimate goal is to predict the concentrations of iron, 

chloride, sulphate, and total hardness from TDS and EC measurements.  

Previous studies have used similar methods to predict different groundwater 

quality parameters. Maier and Dandy (1996) used ANN to forecast salinity levels in the 

River Murray in South Australia. Researchers were able to effectively model salinity as a 

function of transport and groundwater accessions. Yesilnacar et al. (2008) sought out to 

predict concentrations of nitrate from temperature, EC, pH, and groundwater level 

measurements using ANN. They concluded that their model could easily be used to 

monitor groundwater quality in a more efficient way. More recently, Heidarzadeh (2017) 
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used ANN to predict concentrations of sodium from inputs of pH, EC, and total 

hardness. The results indicated that their models could reasonably predict Na, and their 

best model had an R2 value of 0.98 for validation. Each of these studies showcase the 

potential that ANN’s have for making predictions of groundwater quality 

measurements. The following sections of this introduction will provide the necessary 

background to understand why predicting the selected ions (Fe, Cl, SO4) and total 

hardness would be an important feat. 

1.1 Groundwater Quality 

Groundwater is an essential resource for communities around the world and 

may be used both domestically and agriculturally. In regions where precipitation 

exhibits high variability and surface water is scarce, belowground aquifers may be the 

only viable source for drinking and irrigation. Thus, an understanding of the factors that 

affect groundwater quality is essential to evaluating the potability of water in a 

particular region. Regardless of context, the quality of a particular source of 

groundwater is related to its physical constituents, i.e. the various microorganisms, 

sediments, and chemical compounds that reside within it. 

1.2 Groundwater Chemistry 

Chemicals in groundwater can originate from several sources including 

precipitation, runoff, and the material of the surrounding rock. The importance that 

water-rock interactions play in the chemical composition of groundwater are discussed 
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in detail by Lloyd and Heathcote (1985). The tendency of rock components to constitute 

the groundwater of an aquifer is dependent on the solubility of the surrounding 

lithology. Rocks composed of carbonates and evaporates will likely have a higher impact 

on the chemical evolution of a groundwater than those made-up of silicate materials. For 

example, an aquifer within a high carbonate and evaporite lithology is likely to have 

groundwater that is dominated by calcium, magnesium, and sulphate, while an aquifer 

in a low carbonate zone would have higher concentrations of silicate cations and anions. 

1.3 Public Health Effects  

 Groundwater quality has different established standards depending on 

its intended use. Detriments to human health most often arise from pathogens and 

chemicals in the water supply (Schmoll et al.,2006), though this study is primarily 

concerned with chemical components. The World Health Organization has published 

and continues to update guidelines and standards for each chemical or metal that may 

be of concern for groundwater quality assessments (WHO,2008). Some substances are 

benign and don’t tend to cause health problems, even in excess, while others can be 

harmful in small concentrations. Chloride, for instance, may lead to changes in taste but 

isn’t toxic to humans. It may also, on the other hand, lead to corrosion of the metals in 

wells and pipes if it occurs in concentrations higher than two-hundred fifty milligrams 

per liter. Iron has a similar effect in that its effects on groundwater quality are mainly 

aesthetic, changing its taste and appearance. In many instances the presence of iron is 
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more of a benefit than a problem, since it is an essential element in human nutrition. 

Among the studied ions, sulphate poses perhaps the most significant threat to human 

health. From concentrations of a thousand to twelve-hundred milligrams per liter it has 

been shown to exhibit a laxative effect when consumed. For this reason, the WHO 

recommends that health authorities be notified at concentrations higher than five-

hundred milligrams per liter. Total hardness of groundwater can be corrosive at 

concentrations below a hundred milligrams per liter of CaCO3 and can lead to scale 

deposition at concentrations above two hundred, depending on pH. While some studies 

have shown a possible inverse relationship between hardness and cardiovascular 

disease, ample research to support this trend is lacking. 

1.4 Agricultural Effects 

Problems posed by water quality related to irrigation and crop production have 

been studied and reported extensively (Ayers and Westcot, 1985). Similar to domestic 

water supplies, chemicals in agricultural systems can bring about benign, aesthetic 

effects or more toxic, destructive effects. 

Concentrations of chloride have the potential to be more harmful to the roots and 

leaves of plants than to human health. Chloride is not adsorbed by soil particles and 

flows freely in water taken up by plants (Ayers and Westcot, 1985). This can lead to 

problems if concentrations occur above the tolerance of the crop of a particular region. 

Most often this surplus leads to leaf burn and necrosis, both of which significantly 
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reduce viability. Iron generally tends to be less problematic, more often leading to 

aesthetically undesirable qualities than toxic conditions. Higher concentrations, 

however, have been found to lead to acidification and loss of essential nutrients like 

phosphorous and molybdenum. Sulphate most often causes problems when it 

precipitates as gypsum (CaSO4) and leaves white scales on the exterior of plants. These 

scales, while nontoxic, can decrease the crops’ marketability and perceived quality. Total 

hardness of water is only a problem for soils insomuch as it can indicate high levels of 

magnesium or calcium. Some research suggests that certain amounts of magnesium can 

inhibit soil infiltration (Paliwal and Gandhi, 1976), but further investigation is needed 

before drawing conclusions from a high reading. 

1.5 Measurement Techniques 

Techniques for evaluating groundwater quality vary depending on the quantity 

of interest. Chemical and physical characteristics such as electrical conductivity (EC), 

pH, and total dissolved solids (TDS) can often be measured on-site with digital meters 

(as in Ghosh and Kanchan, 2014). Concentrations of most dissolved anions and cations 

need to be analyzed offsite in a laboratory setting using flame atomic absorption 

spectrophotometric methods. Concentrations of relevant anions such as fluoride, 

chloride, nitrate, nitrite, and sulphate can be measured similarly with ion 

chromatographs. These instruments can be costly and time intensive, suggesting the 

need for an alternative method for quick, on-site analysis.  
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In the present work, models are developed to predict concentrations of Fe, Cl, 

SO4, and CaCO3 from measurements of TDS and EC. First, the author will present an 

outline of MLR and ANN models and their applicability to this problem. Then, the data 

set and its characteristics are presented. Following this, the structures of the models are 

illustrated. Finally, the author presents the results of each model, compares their 

effectiveness, and discusses their significance.  
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 2. Multiple Linear Regression  
Linear regression is a class of statistical models in which an output variable 𝑌 is 

modeled as a linear response of an input variable 𝑥, or mathematically, 

𝒀 = 𝜷𝒙      ( 1) 

where 𝛽 is a constant coefficient. This general form can be extended to approximate 

functions that may depend on a set of multiple inputs [𝑥!, 𝑥", … 𝑥#], 

𝒀 ≅ 𝝓(𝒙𝟏, 𝒙𝟐, … 𝒙𝒏) = 𝜷𝟎 + 𝜷𝟏𝒙𝟏 + 𝜷𝟏𝒙𝟐 +⋯+ 𝜷𝒏𝒙𝒏  ( 2) 

The coefficients 𝛽# are estimated using the least squares method, outlined by Seber and 

Lee (1977). In practice, this method seeks to minimize 

∑ 𝜺𝒊𝟐𝒊       ( 3) 

where 𝜀 is the error between 𝑌 and 𝜙 in equation 2. First, using matrix representation, 

we let 𝜽 = 𝑿𝜷, and re-express equation 3 as  

𝜺)𝜺 = ‖𝒀 − 𝜽‖𝟐     ( 4) 

Letting 𝜽 vary in the column space of X, (Ω), equation 4 is minimized at 𝜽 = 𝜽@ where  

(𝒀 − 𝜽@) ⊥ Ω.	It follows from this assumption that, 

𝑿′(𝒀 − 𝜽@) = 𝟎, 𝒐𝒓	𝑿)𝒀 = 𝑿′𝜽@    ( 5) 

Assuming that the columns of X are linearly independent allows for the existence of an 

estimated coefficient matrix 𝜷@ where 𝜽@ = 𝑿𝜷@. Substituting this equality into equation 5 

and solving for 𝜷@ gives 

𝜷@ = (𝑿′𝑿)*!𝑿′𝒀 

These are the coefficients for the least-squares method of a multiple linear regression.  
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 The coefficient of determination, R2, is often used to quantity the performance of 

linear regression models. This coefficient represents the percentage of the variability in 

the estimated output variable that can be attributed to the input variables. Thus, it can 

be a useful parameter in determining how accurate a regression model is (Boadu (2020), 

developed by Draper and Smith, 1981). 

 Multiple linear regression makes several assumptions that can be limiting. It 

assumes that variables are linearly independent rather than correlated. It also assumes 

that each variable has a normal distribution, and that interactions between independent 

and dependent variables are linear. Thus, data that are highly nonlinear, have large 

variances, or require smoothing methods may need to be approached with other 

techniques. Zuur et al. (2009) showed that this was the case for roughly 35 data sets of 

ecological data. Assumptions had to be violated for linear regression to be considered, 

meaning that a nontrivial linear regression model did not exist for this data. The 

following section presents ANN as an alternative modelling method that is equipped to 

deal with more complex data.  
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3. Artificial Neural Networks 
Artificial Neural Networks (ANN’s) are a form of machine learning inspired by 

biological neural networks. They have been used in the past for a variety of applications 

including handwriting recognition, speech production, speech recognition, and 

evaluation of mortgage applications (Fausett, 1994). The medical field has also found 

uses for ANN’s, a particularly noteworthy case being the “Instant Physician,” developed 

by Anderson et al. in 1986. These researchers successfully developed a network that 

could output a diagnosis and recommended treatment when given a patient’s 

symptoms. In general applications, one of the primary strengths of ANN’s is their ability 

to recognize and model patterns.  

3.1 Structure and Training 

The structure of ANN’s varies but can be generalized as having three main 

layers; an input layer, a hidden layer, and an output layer. Within the hidden layer there 

are a number of nodes or “neurons” through which the input data is passed. Each input 

variable is connected to the neurons and multiplied by a weight. Figure 1 shows a 

simplified schematic of an ANN with one hidden layer and three neurons.  
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Figure 1: A diagram of a forward modelled ANN with three layers. Circles 
represent the input variables, neurons, and output variable. Networks in this thesis 

were designed based on the availability of data in the combined data set. 

 At the juncture of the input variables and each neuron, an activation 

function (often sigmoidal) is applied to the sum of the weighted inputs in order to map 

the inputs to their corresponding output. This can be represented mathematically by: 

𝐎𝐣 = 𝐟(𝚺𝐖𝐢𝐣𝐱𝐢)     ( 6) 

where f is the activation function, Wij are the weights associated with neurons i and j, 

and xi are the set of input variables (sampled measurements of Fe, Cl, SO4, and CaCO3, 

for example). The weights are initially randomized and are adjusted from iteration to 

iteration in order to best fit the output of a network with the expected values. The 

weight adjustment is described by 

∆𝐖𝐢𝐣 = 𝛈𝛅𝐣𝐨𝐢      ( 7) 

where 𝜂 is a positive constant referred to as the “learning rate,” 𝛿+ is the error term of 

node j, and 𝑜, is the output of node i. The mean squared error is thus given as 

Input Layer

Hidden Layer

Output Layer

Fe

Cl

SO4

CaCO3

TDS
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𝐌𝐒𝐄 = 𝟏
𝟐
∑(𝐲𝐣−𝐨𝐣)𝟐     ( 8) 

where yj is the target output value, oj is the current output at node j, and 𝛿+ is calculated 

according to 

𝛅𝐣 = (𝐲𝐣−𝐨𝐣)𝐨𝐣(𝟏 − 𝐨𝐣)    ( 9) 

Finally, an additional term 𝛽 is added to the weight correction term between iterations 

in order to account for oscillations (Hassoun, 1995): 

∆𝐖𝐢𝐣(𝐧 + 𝟏) = 𝛈𝛅𝐣𝐨𝐢 + 𝛃∆𝐖𝐢𝐣(𝐧)    ( 10) 

The process described by equations 6-10 is known as ANN training, and has 

been similarly described by Boadu (1997). In a modelling scenario, training is repeated 

until the MSE given in equation 8 is minimized below an established or desired 

threshold value. 

3.1.1 The Levenberg-Marquardt Method 

There are several algorithms to choose from when training an ANN. One of the 

fastest and simplest options to utilize is the Levenberg-Marquardt optimization method, 

implemented by Boadu (1997) and Boadu et al. (2013) in a similar fashion to the 

following summary. LM optimization seeks to minimize the MSE (equation 8) between 

the predicted and measured values of each output in a way that can be applied 

iteratively while ensuring that the step size remains small. First, the MSE is expressed as 

𝑬 = 𝟏
𝟐
∑ (𝝐𝒎)𝟐 = 𝟏

𝟐𝒎 ‖𝝐‖    ( 11) 
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where 𝜖 is a vector with entries corresponding to the error associated from each set of 

inputs m, 𝜖.. For small perturbations of 𝑊, a Taylor series expansion can be used to 

obtain 

𝝐(𝑾𝒏𝒆𝒘) = 𝝐(𝑾𝒐𝒍𝒅) + 𝑨(𝑾𝒏𝒆𝒘 −𝑾𝒐𝒍𝒅)   ( 12) 

where Wnew and Wold refer to the new and old weights at a given point in training and 

the entries of matrix 𝐴 are defined according to 

𝑨𝒎𝒊 =
𝜹𝝐𝒎

𝜹𝑾𝒊
     ( 13) 

Inserting the Taylor expansion given by equation 12 into equation 11 gives a new form 

for the error function, 

𝑬 = 𝟏
𝟐
‖𝝐(𝑾𝒐𝒍𝒅) + 𝑨(𝑾𝒏𝒆𝒘 −𝑾𝒐𝒍𝒅)‖𝟐    ( 14) 

which can be minimized with respect to 𝑊#78 to obtain an iterative formula relating the 

new weights to the old weights, 

𝑾𝒏𝒆𝒘 = 𝑾𝒐𝒍𝒅 − Q𝑨𝑻𝑨R
*𝟏𝑨𝑻𝝐(𝑾𝒐𝒍𝒅)   ( 15) 

Implementation of equation 15 can cause problems when the step size (difference 

between successive weights) is large, since this violates the assumption made in 

equation 7. The Levenberg-Marquardt method solves this issue by modifying the MSE 

and introducing a new parameter 𝜆 that controls the step size as 

𝑬 = 𝟏
𝟐
‖𝝐(𝑾𝒐𝒍𝒅) + 𝑨(𝑾𝒏𝒆𝒘 −𝑾𝒐𝒍𝒅)‖𝟐 + 𝝀‖𝑾𝒏𝒆𝒘 −𝑾𝒐𝒍𝒅‖𝟐  ( 16)  

Similar to obtaining equation 15 from equation 14, this modified error is minimized, 

giving 



 

 13 

𝑾𝒏𝒆𝒘 = 𝑾𝒐𝒍𝒅 − Q𝑨𝑻𝑨 + 𝝀𝑰R
*𝟏𝑨𝑻𝝐(𝑾𝒐𝒍𝒅)   ( 17) 

From this expression, the new weight correction term for the LM method can be 

expressed as 

𝚫𝑾𝒊𝒋 = Q𝑨𝑻𝑨 + 𝜷𝑰R*𝟏𝑨𝑻𝒆    ( 18) 

where 𝜆	has been replaced by the damping factor 𝛽 and 𝑒 is the error vector between the 

output and target values. Training an ANN with the LM method involves increasing 𝛽 if 

𝑒 decreases and decreasing 𝛽 if 𝑒 increases. This process is repeated until either the MSE 

given by equation 14 reaches a threshold value or a certain number of iterations take 

place.  

3.2 Usefulness of ANN’s 

For systems in which nonlinear relationships are thought to exist, ANN’s may be 

a preferred modelling regimen to multiple regression or similar methods. Preliminary 

visualization of the data used in this study suggests the appearance of several nonlinear 

relationships between either TDS or EC and concentrations of iron, chloride, sulphate, 

and total hardness (see figures 3-6 in section 4.2). The lack of research on these specific 

functional relationships in a groundwater setting is thus the primary motivation and 

justification for the use of ANN’s in this study. Each of the developed networks seek to 

approximate a nonlinear function between the particular inputs and output (e.g., Fe, Cl, 

SO4, and CaCO3 vs. EC). Further sections will describe in greater detail the networks 

used. 
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4. Data 
4.1 Data Sources 

This study was conducted using pre-existing groundwater quality data from five 

separate, unrelated studies. Data were collected from unique locations in an effort to 

construct a more generalized model. 

Data set I was collected by Sing et al. (2013), who evaluated the groundwater 

quality of samples collected in the Jhansi district of Bundelkhand, India, an area marked 

by low levels of availability and potability of water. The researchers collected a total of 

sixty-nine groundwater samples from dug wells and hand pumps. From these samples 

they measured pH, electrical conductivity, TDS, turbidity, total hardness, and 

concentrations of fluoride, chloride, bicarbonate, sulphate, nitrate, silica, calcium, 

magnesium, sodium, and potassium. A statistical analysis of these results showed a 

coupling between total cations and total anions. 

Data set II came from Ghosh and Kanchan (2014), who analyzed water collected 

from the Bengal alluvial tract in West Bengal, India. They collected 78 groundwater 

samples from hand pumps at different sites within the study area. They measured and 

evaluated nine groundwater quality parameters, namely arsenic, pH, total dissolved 

solids, electrical conductivity, iron, chloride, sulphate, total hardness, and nitrite. Factor 

analysis of their data showed a positive relationship between groupings of TDS and EC 
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vs. iron and arsenic, and an inverse relationship between groupings of arsenic and iron 

vs. sulphate, total hardness, and pH. 

Data set III is from Sako et al. (2016), who collected and measured the 

geochemical properties of groundwater samples in the Bomboré gold mineralized zone 

of Central Burkina Faso. They collected a total of thirty groundwater samples from dug 

wells and borewells. For each sample they measured pH, EC, chemical oxygen 

demands, TDS, total coliforms, and concentrations of bicarbonate, calcium, magnesium, 

sodium, potassium, fluoride, chloride, sulphate, nitrate, nitrite, ammonium, phosphate, 

aluminum, and trace metals. A multivariate analysis on these samples showed that 

groundwater chemistry was controlled by Fe-oxyhydroxide precipitation and chemical 

weathering. 

Data set IV was produced by Esteller et al. (2017), who studied the groundwater 

of a volcanic-sedimentary aquifer near Toluca, Mexico. They sampled water from nine 

wells and seven springs, of which they measured pH, redox potential, EC, TDS, calcium, 

potassium, magnesium, sodium, bicarbonate, sulphate, chloride, iron, manganese, 

nitrate, nitrite, ammonium, silicon, and aluminum. Analysis of the data suggested a 

potential risk to public health and the environment due to rising concentrations of Fe, 

Mn, and NO3-. 

Finally, data set V was collected by Ebong et al. (2017). These researchers 

assessed the quality of groundwater in the Abi area of southwest Nigeria. For each of 
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the groundwater samples collected from ten boreholes they measured total hardness, 

salinity, electrical conductivity, pH, TDS, and concentrations of sodium, potassium, 

calcium, magnesium, ammonium, bicarbonate, chloride, sulphate, nitrate, phosphate, 

iron, magnesium, and zinc. They concluded that the groundwater was safe for both 

irrigation and domestic uses. 

4.2 Characteristics of the Data Set 

A combined set of two-hundred six samples of groundwater quality data was 

compiled (data sets I-V). Several samples were omitted from the analysis due to the 

presence of a statistical outlier in one or multiple parameters. The iron data set, most 

notably, contained a total of thirty-nine samples that were below the detection limit and 

were recorded as zeros. These samples were neglected in cases where iron was used for 

analysis, bringing the size of the implemented data set in those cases to one hundred 

fifty-eight samples. For data sets that did not measure total hardness (III and IV), it was 

calculated from calcium and magnesium concentrations using the following equation 

from Crittenden et al. (2012).  

𝑯𝒂𝒓𝒅𝒏𝒆𝒔𝒔, 𝒆𝒒
𝒍
= 𝟐^𝑪𝒂𝟐<` + 𝟐^𝑴𝒈𝟐<`    ( 19) 

For the complete, unabridged data set, see appendix A. Table 1 provides the 

mean, min, max, and standard deviation of each parameter. 
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Table 1: Summary Statistics of Data Set. 

Parameter Mean Min Max Std. Dev. 
TDS (mg/l) 463.9 28.5 1068 219.6 
EC (𝜇S/cm) 636.5 40 1410 313.7 
Fe (mg/l) 3.29 0.01 30.2 5.19 
Cl (mg/l) 34.99 0.20 179.9 34.45 

SO4 (mg/l)   138.7 0.60 1100 254.1 
CaCO3 (mg/l) 242.5 25.256 850 189.6 

 

Figure 2 gives the distributions of each variable within the data set (excluding 

Fe=0 values). Note that the distributions of Fe, Cl, SO4, and CaCO3 concentrations are 

skewed toward lower values. Since these distributions are nonuniform, demonstrating 

the contributions of each ion to EC or TDS would be noteworthy (Boadu (1997) presents 

a similar argument when relating grain size to seismic attenuation). 
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Figure 2: Frequency distributions of groundwater quality parameters in the 
combined data set. 

 

Figures 3-6 below show each ion plotted against TDS and EC. The plots in figures 

3 and 4 are plotted linearly and demonstrate the highly nonlinear correlations between 

each predictor and output variable. Chloride and total hardness exhibit some linearity, 

while iron and sulphate don’t in relation to either TDS or EC. 
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Figure 3: Fe, Cl, SO4, and CaCO3 plotted linearly vs. TDS. 

 

 

 

Figure 4: Fe, Cl, SO4, and CaCO3 plotted linearly vs. EC. 
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Figure 5: Fe, Cl, SO4, and CaCO3 plotted logarithmically vs. TDS. 

 

 

 

Figure 6: Fe, Cl, SO4, and CaCO3 plotted logarithmically vs. EC. 
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Figures 5 and 6 show the same data scaled logarithmically along the x axis. This 

representation shows some slightly stronger correlations, though the data are highly 

variable. The use of ANN’s with this data set will allow for a more complete 

development of the functional correlation between each parameter. 
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5 Materials and Methods 
Data analysis was performed using MatLab R2019a and consisted of six separate 

ANN’s. Two ANN’s were forward models and the other four were inverse models. In 

the forward models (figure 7), the inputs were each of the four groundwater quality 

parameters (Fe, Cl, SO4, and CaCO3) and the output was either TDS or EC. The inverse 

models (figure 8) had inputs TDS and EC, and output one of the four quality 

parameters. Table 2 lists the inputs and outputs of each model. 

 

Figure 7:ANN Structure for predicting TDS or EC using ion concentrations as 
input (forward model). 
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Figure 8: ANN structure for predicting ion concentrations using TDS and EC as inputs 
(inverse model) 

 

In each case, around 10-15% of the data was randomly chosen and removed from 

the full set and reserved for testing or validation. These same entries were used in the 

multiple regression models. The remaining data was used to train the networks using 

the Levenberg-Marquardt optimization scheme. The number of neurons was initialized 

at 2n, where n is the total number of input and output variables (n=five for the forward 

models, n=3 for the inverse models). This value was also altered manually during 

training in an effort to optimize each network. 

Table 2: Inputs and Outputs of Each Modeling Case. Note that these were 
identical for the ANN and MLR models. 

Model Inputs Estimated Output 
1 Fe, Cl, SO4, CaCO3 TDS 
2 Fe, Cl, SO4, CaCO3 EC 
3 TDS, EC Fe 
4 TDS, EC Cl 
5 TDS, EC SO4 
6 TDS, EC CaCO3 
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6 Results and Discussion 
Figure 9 shows the results from the forward ANN and MLR models estimating 

TDS. The outputs of each model are plotted against the measured inputs from the 

testing data set. The ANN outputs have an R2 value of 0.77, suggesting a significant 

correlation to the measured data. The MLR performance was much lower, with an R2 

value of 0.22 and RMSE of 151.6 (almost twice the error of the ANN). Comparison of the 

two R2 values shows that the ANN model produces more accurate predictions of TDS 

from Fe, Cl, SO4, and CaCO3 (see section 2). 

 

Figure 9: Results of modelling TDS. ANN Stats: R=0.88205, R2=0.77801, 

rmse=81.9826. MLR Stats: R=0.47023, R2=0.22112, rmse=151.6029. 

Figure 10 gives the results of the forward ANN and MLR estimations for EC. The 

MLR model has an -R2 value of 0.51 between the model outputs and the testing data. The 

ANN for this case has an R2 value of 0.67. As was the case for TDS, the ANN used to 



 

 25 

predict EC outperformed MLR, suggesting that it can more accurately model the 

functional relationship between the selected inputs (Fe, Cl, SO4, and CaCO3) and EC. 

 

Figure 10: Results of modelling EC. ANN Stats: R=0.82038, R2=0.67303, 
rmse=199.1861. MLR Stats: R=0.71514, R2=0.51142, rmse=239.9469. 

Figure 11 plots the predicted concentrations of Fe from the inverse ANN and 

MLR models. The regression analysis yielded a weak correlation (R2=0.19) between the 

estimated and measured values. The ANN used in this case, on the other hand, yielded 

values that had a correlation more than three times greater (R2=0.69). The significance of 

this result is twofold; first, the ANN has once again outperformed the MLR and 

produced a more accurate predictive model, and secondly, an accurate estimation of the 

functional relationship between EC, TDS, and Fe has been established. 
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Figure 11: Results of modelling Fe. ANN Stats: R=0.8299, R2=0.68873 
rmse=2.2126. MLR Stats: R=0.43501, R2=0.18924, rmse=3.1775. 

Figure 12 presents plots of the estimated Cl concentrations from the inverse 

ANN and MLR models. The outputs from the MLR analysis have an R2 of 0.59 and an 

RMSE of 36.1, while those from the ANN have an R2 of 0.62 and an RMSE of 33.9. While 

results from both methods exhibit similar correlations to the measured values, the ANN 

model is more accurate due to its higher R2 and lower error. This network has 

represented the functional dependence between EC, TDS and Cl, suggesting that 

concentrations of Cl could be estimated from EC and TDS. 
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Figure 12: Results of modelling Cl. ANN Stats: R=0.78495, R2=0.61614, 
rmse=33.8589. MLR Stats: R=0.76944, R2=0.59204, rmse=36.0917. 

The plots in figure 13 show the SO4 concentrations estimated by the inverse ANN 

and MLR models. Results of the ANN and MLR had similar correlations, with R2=0.52 

and R2=0.45 respectively. These lower values are likely a result of the high nonlinearity 

of the sulphate data and non-normal distribution (see figures 2-6). These results suggest 

that either model could reasonably predict sulphate concentrations from TDS and EC, 

though the ANN would likely be more accurate.  
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Figure 13: Results of Modelling SO4. ANN Stats: R=0.71961, R2=0.51783, 
rmse=159.6081. MLR Stats: R=0.67013, R2=0.44908, rmse=178.0074. 

Figure 14 shows plots of the inverse ANN and MLR modelled concentrations of 

CaCO3 (total hardness). In this case the models produced very similar results, with 

R2=0.686 for the ANN and R2=0.682 for MLR. For some values, the outputs of the two 

models overlap. Even though there is only a slight difference between the R2 values in 

this particular case, these results still indicate that the ANN can more accurately model 

the functional relationship between total hardness, EC, and TDS. 
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Figure 14: Results of modelling total hardness. ANN Stats: R=0.82813, 
R2=0.6858, rmse=85.476. MLR Stats: R=0.82603, R2=0.68233, rmse=86.6078. 

Table 3 presents the adjusted R2 values for each model. This value, developed by 

Theil (1961), accounts for the number of samples in the data set and penalizes for the 

number of predictor variables in a model. 

Table 3: Adjusted R2 values of the testing/validation set for each model. 

Model Output MLR ANN 
EC 0.3338 0.5541 

TDS -0.0621 0.6973 
Fe 0.0734 0.6443 
Cl 0.5293 0.5571 

SO4 0.3704 0.4489 
CaCO3 0.6335 0.6375 

 

For further analysis of these results, it is useful to obtain some measure of the 

relative importance of each predictor variable in each model. For the MLR models, we 

can determine how much of the variance in the estimated outputs EC and TDS is due to 
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each input by performing an analysis of variance (ANOVA) (Fisher, 1925). Table 4 

presents the results of this analysis. 

Table 4: Sum of Squares error explained by each input variable in the EC and 
TDS MLR models. 

Input Variable % of Explained SSE (EC model) % of Explained SSE (TDS model) 
Fe 0.85% 1.9% 
Cl 59.5% 80% 

SO4 14.5% 3% 
CaCO3 25.2% 15.1% 
 

Similarly, the relative importance of each input parameter in the forward 

modelled ANN’s can be calculated using a method introduced by Garson (1991) and 

used by Boadu (1997, 2013). This is accomplished by associating the weights of the 

output to those of each input node. The path from an input node, through the hidden 

layer, and to the output node can indicate the relative predictive importance of each 

input. This method isn’t exact, but it can shed light on the extent to which the outputs of 

a network are determined by the inputs. The steps to quantifying this importance are as 

follows. 

First, the connection weights of the input and output layers are obtained and 

multiplied together. The absolute values of these products, 𝑃,+, are shown in table 2 for 

the forward ANN used to predict EC.  
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Table 5: Absolute value of the products of each input connection weight and 
the output connection weights for the network predicting EC. 

Hidden 
Neuron 

P(Fe) P(Cl) P(SO4) P(CaCO3) 

1 1.0509 2.9599 3.7608 3.4934 
2 0.6352 2.8574 18.0088 11.7382 
3 0.3884 2.9461 3.2327 2.8650 
4 3.1347 0.9884 6.2256 1.6595 
5 0.6032 0.1521 1.5665 0.4779 
6 6.4954 0.7197 8.1837 0.6614 
7 3.2997 4.0548 10.4240 12.9091 

Each 𝑃,+ is divided by the sum of the 𝑃+′𝑠 for each input variable, such as, 

𝝓𝟏𝟏 = 𝑷𝟏𝟏/(𝑷𝟏𝟏 + 𝑷𝟏𝟐 + 𝑷𝟏𝟑 +⋯+𝑷𝟏𝟕)   ( 20) 

The 𝜙,+′𝑠 are then summed for each input variable, 

𝝈𝒊 = ∑ 𝝓𝒊𝒋𝒋      ( 21) 

Finally, the relative importance for each input variable 𝑖 is found by dividing each 𝜎, by 

the sum of all 𝜎,’s, 

𝑹𝑰𝒊 = 𝝈𝒊/(𝝈𝟏 + 𝝈𝟐 + 𝝈𝟑 + 𝝈𝟒)    ( 22) 

Table 6: 𝝓𝒊𝒋′𝒔 for each input parameter in the network predicting EC. Sums 𝝈𝒊 
are given in the last row. 

Hidden 
Neuron 

𝜙(Fe) 𝜙(Cl) 𝜙(SO4) 𝜙(CaCO3) 

1 0.0933 0.2628 0.3338 0.3101 
2 0.0191 0.0860 0.5418 0.3531 
3 0.0412 0.3123 0.3427 0.3037 
4 0.2610 0.0823 0.5184 0.1382 
5 0.2154 0.0543 0.5595 0.1707 
6 0.4044 0.0448 0.5096 0.0412 
7 0.1075 0.1321 0.3397 0.4207 
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𝜎,(sum) 1.1420 0.9747 3.1456 1.7377 

 

Summing the above 𝜎,’s and dividing each by the sum, we obtain the relative 

importance of each input in the network. 

Table 7: Relative predictive importance of each parameter in the forward network 
predicting EC. 

 Fe Cl SO4 CaCO3 

Relative 
Importance 

 
16.31% 

 
13.92% 

 
44.94% 

 
24.82% 

 

 

Figure 15: Bar chart of influence of each parameter on EC. 

 The relative importance analysis for this case shows that sulphate is most 

influential (44.9%) on EC. It is interesting to note that sulphate has more influence in 

determining EC than Cl for this data. Typically, Cl is expected to have a more significant 
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correlation to EC in a groundwater system (Lloyd and Heathcote, 1985). This 

discrepancy could possibly be due to differences in lithology. 

 Repeating the same process for the network used to predict TDS shows that 

CaCO3 is somewhat more influential in determining TDS than Fe, Cl, and SO4. This can 

possibly be explained by the nature of TDS, since it is by definition the sum of dissolved 

substances and CaCO3 accounts for both Ca and Mg concentrations. 

Table 8: Relative predictive importance of each parameter in the network predicting 
TDS. 

 Fe Cl SO4 CaCO3 
Relative 
Importance 

 
22.30% 

 
24.58% 

 
23.47% 

 
29.66% 

 

 

Figure 16: Bar chart of influence of each parameter on TDS. 
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7. Conclusions 
The use of artificial networks to predict concentrations of groundwater 

parameters shows promise. MLR and ANN models for prediction have been tested and 

compared, and ANN has been shown to perform better in most cases. While these 

models aren’t replacements for direct measurement, they are suggested as alternatives to 

the expensive and time-consuming laboratory methods often required to measure Fe, Cl, 

SO4, and CaCO3. They can provide first-hand information that would allow researchers 

and field technicians to efficiently determine the quality of an aquifer.   

Though the utilized data sets were comprehensive enough to achieve the goals of 

this thesis, future work on this project could involve collecting a larger data set from 

different hydrogeological settings. In addition to more data, work could also be 

conducted with more ions and groundwater contaminants. 
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Appendix A: Data Set. 
 All concentrations are given in mg/l except for pH and EC (𝜇S/cm) 

pH  TDS  EC  Fe  Cl-    SO42-   CaCO3 
 
6.75 535 677 0.19 96.58 4 158.652865 
6.63 672 793 4.18 83.05 7.26 185.749818 
8.06 211 198.4 0.03 18.41 4 85.65710073 
8.38 223 212.8 0.36 18.41 4 88.97667019 
8.02 234 222.5 0.64 19.92 6.43 84.77040468 
8.53 226 217.2 0.02 16.16 4 77.61570564 
7.35 235 210.6 2.46 19.92 7.74 75.38324914 
7.29 201 171.6 2.32 10.52 13.34 73.99623198 
7.82 212 205.6 0 9.02 4 87.99556308 
7.59 197 183.1 0.02 16.53 7.66 81.26563167 
7.1 179 137.4 0.02 17.66 4 60.52138164 
7.36 227 222.8 0.02 15.03 4 93.09416551 
7.63 173 159.2 0 13.53 4 68.74090741 
7.25 163 185.4 0 12.78 8.46 81.01599208 
7.81 193 175.6 0.01 15.41 4 81.94587989 
7.33 201 229.5 0.03 25.55 13.92 110.1190901 
6.64 550 686 0.14 93.85 7.13 154.3018366 
6.53 677 780 4.12 73.96 7.69 185.7654214 
7.43 237 192.9 0.03 11.24 4 84.86265486 
7.58 266 207.4 0.39 12.97 4 90.7610925 
7.56 270 213.5 0.12 12.97 8.68 82.75292657 
7.9 258 195.8 0.02 9.95 4 79.22811546 
7.45 289 215.8 0.51 12.11 7.71 79.93786137 
6.5 259 192 1.93 9.08 13.59 78.82672733 
8.49 227 175.7 0 11.24 4 87.32179747 
7.32 246 185.6 0.03 12.97 8.86 83.54293778 
7.45 204 124.9 0.02 12.97 4 59.63193444 
7.46 267 213.6 0.01 14.27 7.64 95.33560425 
7.41 207 151.1 0.02 10.38 4 73.84321565 
7.41 206 164.1 0.01 13.41 9.9 84.65020176 
7.46 220 166.8 0.02 11.24 4 80.90973474 
7.28 200 232.2 0.09 26.38 13.92 110.9638006 
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7.2 894.3 1410 8.1 30.5 1000.2 702.3 
7.4 451.3 710 7.4 30.3 451.2 452.4 
8.2 556.4 860 7.5 25.8 906.5 503.2 
7.1 502.2 780 14.3 55.4 72.3 53.4 
8.1 610.1 930 25 60.7 181.2 45.4 
8 552.5 860 18.3 45.2 201.4 52.3 
8 607.2 930 7.2 65.5 505.4 63.4 
7.5 509.1 780 4.1 40.7 300.2 63.4 
8.1 511.4 780 2.1 50.2 320.2 68.5 
7.2 753.4 1170 6.2 21.5 706.5 325.4 
7.1 652.4 1020 4 40.1 600.3 470.5 
7 855.2 1330 5.3 90.8 610.5 475.3 
7.4 504.2 780 5.4 120.5 702.4 504.5 
7.3 512.4 780 9 120.6 710.3 403.4 
7.5 601.2 930 4.2 120.4 705.3 433.4 
8.2 510.2 780 5.6 125 155.3 702.4 
7.3 405.4 630 3.2 110.4 103.2 762.3 
7.4 430.2 630 3.6 30.3 123.2 601.2 
7.5 402.3 620 4 25.5 20 642.5 
7.2 310.2 460 2.2 10 42.1 782.3 
7.4 348.4 550 3.2 20.5 32.1 722.3 
7.1 452.1 730 3.9 15.7 62.3 472.3 
7.5 520.1 780 2.5 15.3 41.2 401.2 
8.5 402.2 620 1.9 10.5 41.6 432.3 
7 552.1 860 4.3 16.3 402.3 46.3 
8.5 510.2 780 3.1 20.4 44.3 321.2 
8 452.3 710 5.5 15.7 81.5 42.3 
8.1 420.1 630 5.2 20.3 72.6 812.3 
7.1 451.2 720 3.6 46.5 602.5 203.4 
7.5 301.2 460 3.1 50.1 506.3 162.3 
8.2 452.1 750 5.2 42.7 751.4 204.3 
7.5 450.6 710 2.8 25.4 203.6 212.3 
7.6 601.2 930 4.3 12.6 207.4 322.3 
7.8 600.4 930 3.2 30.7 252.5 403.5 
8.1 802.3 1250 1.3 120.4 702.5 321.1 
7.2 900 1410 1.1 100.2 603.4 183.4 
7.5 403.2 620 1.7 100.5 551.4 352.3 
7 452.5 760 4.2 27.6 172.5 850 
7.8 502.5 780 30.2 35.3 142.5 706.3 
7.5 601.2 930 18.3 28.4 82.4 742.3 
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6.4 255.4 390 1.4 30.6 35.6 601.3 
6 253.4 390 2.1 31.3 71.5 545.7 
7.3 302.3 460 3.6 30.2 45.8 512.3 
7.1 410.2 620 2.1 110.6 552 55.7 
7.5 900 1410 2.6 95.7 1000 62.3 
8.5 402.3 610 1.4 30.4 603.6 46.3 
8.4 255.4 390 5.5 20.5 1100 61.2 
8 302.3 460 3.1 24.7 702.3 163.4 
7.1 255.4 390 2.1 18.3 1005.4 182.3 
6.5 262.3 930 2.05 74.5 60.3 632.3 
8.1 400.3 680 5.42 90.4 142.3 401.4 
6.1 502.4 780 4.2 120.6 310.4 669.7 
7.5 550 860 4.2 60.3 52.3 122.3 
6.2 600.7 930 9.4 21.4 202.3 104.3 
6.5 354.2 530 4.2 50.7 112.4 52.4 
7.1 602.3 930 7.3 65.3 1100 708.6 
7.6 615.3 930 2.5 52.5 752.3 82.3 
7.6 505.3 930 7.3 65.3 1100 703.5 
7.5 500.2 780 2.7 50.5 204.3 62.6 
7.1 452.3 750 3.8 55.4 143.4 35.2 
8.2 459.2 740 4.4 100.3 122.3 30 
7.9 502.3 780 6.5 26.6 62.3 122.3 
7.2 610.2 930 0.4 65.3 403.5 102.4 
7.8 601.2 930 5 15.6 32.3 352.3 
7.6 555.3 860 1.9 95.5 104.5 217.5 
8 652.3 1020 5.3 100.4 82.3 410.4  
5.8 58 100 22.4 6.1 4 28.18883935 
5.6 106 143 13.3 0.8 1 31.48034316 
5.9 76 132 0.4 2.7 4 37.67829492  
5.6 54 79 13.7 6.4 2 25.25600927  
6.3 156 280 15.1 4 4 63.3721243  
6.3 84 146 13.9 5.7 3 43.87624668  
6.8 324 536 0 0.6 11 192.226327   
6.7 342 594 0.1 0.5 4 203.3615345  
6.6 502 878 0 2.4 15 425.1743376  
6.9 252 412 0.1 0.2 19 154.0310656 
7.1 398 627 0 3.2 100 216.6066961  
7 470 813 0.2 2.8 19 260.5093249  
6.4 332 549 0 2.2 18 231.9881939  
6.5 412 744 0 0.5 21 301.3999773  
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7 400 707 0 1.3 18 218.9961776  
6.8 346 651 19.4 0.8 5 257.4709663   
6.7 588 946 7.4 2.1 60 368.5698958   
6.9 376 621 9.9 0.4 20 219.0753239  
6.9 346 563 19.5 1.7 21 175.6368974  
6.9 452 854 0.1 1.1 8 310.8894328   
6.8 461.6 688.9 0.01 3.5 48 250  
6.5 41.2 62.8 0.05 0.5 22 50  
7 313.2 467 0.06 4.8 40 63  
7.1 407.5 608 0.01 2.6 48 185  
8.4 623.8 950 0.15 4.1 190 120  
7.2 156.9 341 0 4 142 102  
5.5 30 40 0.03 11.5 16 56  
5 48.9 89.1 0.05 37.5 13 83  
5.9 28.5 51 0.01 17.5 25 58  
8.4 193 330 0.02 2.5 45 216  
6.8 835 1180 0.742 132.5 50.1 422 
7.6 699 908 0.179 82 53.2 301 
7.3 1068 1331 0.15 179.9 64.4 297 
6.9 152 174 0.373 3.4 1 65 
7.5 779 808 0 5.5 1.1 135 
7.3 741 848 0 32.8 11.9 343 
7.6 542 676 0.344 22 2.3 257 
7.8 808 874 0.152 11.9 4.6 132 
6.8 586 750 0.15 44.7 33.6 260 
7.8 462 593 0.191 9.6 3.4 219 
7.6 585 685 0.091 10 9.4 220 
7.7 312 388 0.227 9 0.6 135 
7.2 708 906 0.604 62.8 36.8 334 
7.4 573 814 0.343 58 27.6 283 
7.8 864 922 0.205 18 4.9 307 
7.5 919 1066 2.246 76.9 103.5 347 
7.7 530 624 0.109 38 12.9 218 
7.2 423 583 0.113 10 10.1 230 
7.3 317 386 0.13 12 1.6 148 
7.1 277 361 0.286 8 5.2 134 
8.2 752 803 0.063 20 22.6 72 
7.3 581 677 0 43.8 20.6 343 
7.5 687 775 0 40.4 5.7 289 
7.4 678 747 0.2 20 2.6 243 
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7.4 890 966 0 14 2.7 250 
7.2 971 1337 0.148 88 56.6 464 
7.5 626 776 0.148 18 3.2 243 
7.6 594 664 0.102 18 1.7 209 
7.5 562 643 0 6 2.2 218 
7.8 737 835 0.167 14 3.2 219 
7.6 728 843 0 73 87.9 309 
7.6 458 552 0 14 3 189 
7.9 647 717 0.086 20 11.1 273 
7.3 693 813 0 62 19.7 370 
7.5 511 626 0.104 42 27.5 224 
7.7 276 385 0 12.4 28.7 110 
7.7 232 275 0.078 12 30.4 112 
7.2 656 825 0.278 68 43.5 297 
7.5 400 486 0 16.8 9.2 147 
7.8 455 516 0.25 8 5.3 188 
7.2 527 578 0.402 46 24 235 
6.7 501 642 0.254 36 41.2 209 
6.9 746 1144 0 112 54.2 421 
6.9 671 930 0.095 84 44.4 399 
7.4 485 698 0.109 44 31.6 203 
7.4 292 397 0 14 8.5 89 
7.1 749 1039 0 88 44.4 484 
7.4 445 599 0 24 24.7 203 
6.9 565 915 0 74 43.1 273 
8.1 552 693 0.349 18.9 16.8 234 
7.5 655 860 0 28 13.8 264 
7.4 709 943 0.413 60 24.6 434 
8.6 378 430 0.047 14 6.1 46 
8 719 786 0 30 20 273 
7.9 646 675 0 12 5.1 213 
7.5 925 1019 0.093 50 23.3 289 
7.7 963 1054 0 24 4.4 182 
7.9 987 1102 0 48 34.2 361 
8.1 317 403 0.254 10 10.1 158 
8 557 639 0 12.6 3.8 210 
7.5 412 519 0.23 12.8 4.3 195 
7.7 450 726 0 16 5.2 175 
7.2 711 938 0.286 38 58.7 245 
7.5 381 547 0.243 16 19.5 193
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