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Abstract 1 

This paper presents to study the performance of machine learning techniques consisting of  Multivariate 2 

Adaptive Regression Spline(MARS), Multilayer Perceptron (MLP), and Decision Tree Regression (DTR) for 3 

estimating physico-chemical properties groundwater in coastal plain area in Vinhlinh and Giolinh districts of 4 

Quangtri province of Vietnam. To deploy the MLP and DTR, different types of transfer and kernel functions were 5 

tested, respectively. Determining the results of MARS, MLP and DTR showed that three models have suitable 6 

carrying out for forecasting water quality components. Comparison of outcomes of MARS model with MLP, DTR 7 

models indicates that this model has good performance for forecasting the elements of water quality, its level of 8 

accuracy is slightly more than other. To assess the accurate values of the models according to the measurement 9 

parameters indicated that order models were MARS, DTR, and MLP, respectively.   10 

Keywords: Groundwater, Machine learning, Physico-chemical properties, Prediction. 11 

Highlights 12 

 Machine learning methods are used for spatial modeling of physico-chemical properties of groundwater. 13 

 MARS performances suitable precision compared to the DTR and MLP models. 14 

 The quality of water parameters (i.e. CaCo3, Ca, and Co2) of the coastal plain area was predicted. 15 

1. Introduction 16 

The attendance of contaminants in natural freshwater consider one of the most crucial 17 

environmental problems in many areas of developing countries, where several communities are hardly 18 

approaching a potable water supply [1]. Low-income communities, which lean on the untreated surface 19 

and groundwater supplies for domestic and agricultural purposes are the most affected by poor water 20 

quality [2]. Unfortunately, they are also do not get adequate tools to monitor quality of water regularly 21 

[3,4]. Thus, they are increasingly expected to obtain reliable assessments of quality of water, which can 22 

be used [5]. 23 

To evaluate the quality of water for drinking and agricultural irrigation that several variables are 24 

routinely monitored. This process makes big database, but it can be time-consuming for data acquisition 25 

while the accurate rendering of the multivariate data may be defying. 26 

With regard to use machine learning for forecasting physico-chemical parameters in water, using 27 

Artificial Neural Network (ANN) estimated river water quality components [6-13]; employing MARS 28 

predict physicochemical in water [14-18]; deploying DTR forecast quality of water [19-26]. Furthermore. 29 

MARS, MLP, and DTR model also belongs to nonparametric learning, and the model is used in those 30 

areas [27-36].  31 
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This paper presents the prediction of the physico-chemical properties of ground-water  using 32 

MLP, DTR, and MARS models. The input vectors used in the models are leaned on 290 samples that 33 

were collected from 290 wells of households in coastal plain area in Giolinh and Vinhlinh districts 34 

of Quangtri province. This study also highlights comparison among three models that base on the 35 

results of statistic accuracy parameters such as Mean (M), Mean Square Error (MSE), Root Mean 36 

Square Error (RMSE), Mean Absolute Error (MAE), Standard Deviation (St Dev), Pearson Correlation 37 

Coefficient (R), Skewness Coefficient (Skew), Minimum (Min), Maximum (Max), and Correlation of 38 

Determination (R2), and Nash–Sutcliffe Efficiency (NSE). The collection of results of these three models 39 

may show the working efficiency of the models for the predictive quality of water.  40 

The structure of the paper is organized as follows. Section 1 gives the paper introduction. Section 41 

2 presents the MARS, MLP, and DTR models and explains them clearly for understanding use 42 

throughout this paper. Section 3 describes the study results and discussions. Finally, Section 4, and 43 

Section 5 introduce the discussions and conclusions. 44 

2. Methodology 45 

2.1. Multivariate Adaptive Regression Splines 46 

MARS model is a novel approach in soft computing, and it is a nonparametric regression model, and 47 

it was introduced by Friedman [37]. MARS seems like a method for a fitted relationship between independent 48 

and dependent variables in each desired phenomenon. MARS supports techniques for modelling systems 49 

with high accuracy, which is based on a dataset [38-40]. The MARS algorithm feature is the procedure of 50 

the backward and forwards stepwise, at the same time may explain and control the complex nonlinear 51 

mapping between the inputs and output variables. MARS model is highlighting input variables that have a 52 

note-worthy effect on the output variables. The general form of MARS is described as below: 53 

𝑦 =  𝛽0 +  ∑ 𝛽𝑚ℎ𝑚(𝑥)𝑀
𝑚=1  (1) 

where, y is output variables, 𝛽0  is constant value, M is the number of functions, ℎ𝑚(𝑥) is 𝑀𝑡ℎ basis 54 

function and 𝛽𝑚 is the corresponding coefficient of ℎ𝑚(𝑥). Furthermore, ℎ𝑚(𝑥) shows information about 55 

the relationship between input and output variables, and it is described as below: 56 ℎ𝑚(𝑥) = 𝑀𝑎𝑥(0, 𝐶 − 𝑥) 𝑜𝑟 ℎ𝑚(𝑥) = 𝑀𝑎𝑥(𝐶 − 𝑥, 0)  (2) 

where h is the basis function, x is the input variables, and C is the threshold value of the independent 57 

(input) variables of x. It is notable that C is called “knots” or “hinges”. 58 

The function of backward stepwise function relates to removing basis functions one at a time until 59 

the criterion of “lack of fit” is a minimum. In the deletion of backward stepwise, the last important basic 60 

functions are destroyed one at a time. The lack of used fitting measurement is based on the Generalized 61 

Cross-Validation (GCV) [41]: 62 
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𝐶𝐺𝑉 =  𝐴 ∗ ∑(𝑦𝑖𝑃
𝑗=1 − 𝑓(𝑥)/𝑁 (3) 

where 𝐴 = [1 − 𝐶(𝑀)𝑁 ]−2 and 𝐶(𝑀) = 1 𝑡𝑟𝑎𝑐𝑒[𝐵(𝐵−𝐵)−1𝐵′] are the complexity function[37]. The GCV 63 

criterion is considered the average of residual error multiplied by a penalty to modify for the variability 64 

associated with more parameters estimation in the model [42]. 65 

2.2. Multilayer perception 66 

MLP model is a member of neural network 67 

method [43]. It may simulate arbitrarily complex 68 

nonlinear processes for any systems in terms of 69 

inputs and outputs. A MLP structure in 70 

Figure 1 demonstrates a three-layer neural network 71 

consisting of inputs layer, hidden layer (layers) and 72 

outputs layer [44,45]. With regards shown in 73 

Figure 1, 𝑤𝑖 is the weight and 𝑏𝑖 is the bias for each 74 

neuron. The values of weight and bias can be assigned progressively and corrected during the training 75 

process in order to compare predicted outputs with known outputs. As networks are often trained using 76 

a backpropagation algorithm [45]. 77 

In this paper, the experiments have found the optimal model with the values of the core parameters 78 

that showed in Table 1.  79 

Table 1. MLP basic component 

Number of inputs 2 Number of outputs 1 

Number of hidden layers 4 Hidden layer sizes 100/100/100/100 

Learning rate init 0.001 Alpha 0.0001 

Momentum 0.9 Max iter 10000 

Iter no change 10 Power_t 0.5 

Beta 1 0.9 Beta 2 0.999 

2.3. Decision tree regression 80 

A decision tree is a data structure that includes nodes and edges. Mentions about a member of the 81 

decision tree, tree C4.5 algorithm is supervised learning method [46,47]. The C4.5 algorithm inherently 82 

employs a single-pass pruning process of overfitting mitigation, and it can do with both discrete and 83 

continuous data. Tree C4.5 algorithm consists of four steps to generate a decision tree. Four steps consist 84 

of choosing an attribute as a root, making branch every value, putting the dataset in the wing, and 85 

repeating the second process until every class has the same value, respectively. The formula of Entropy 86 

is indicated as below: 87 𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝑆) =  ∑(−𝑝𝑖𝑛
𝑖=1 )(𝐿𝑜𝑔2𝑝𝑖 (4) 

Fiure 1. Diagram of MLP architecture 
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where S is entropy, and p is class proportion in the output. In addition, the attribute with the highest gain 88 

value is used as the root attribute. Equation 5 points out the formula of the Gain as below: 89 𝐺𝑎𝑖𝑛 (𝑆, 𝐴) = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) ∑ |𝑆𝑖||𝑆|𝑛
𝑖=1 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) (5) 

where, S is a set of case; A is an attribute of case; |Si| is a number of cases to i; and |S| is number of 90 

cases in the set. 91 

2.4. Performance metrics 92 

Forecasting results are based on the calculation and comparison of the actual values to the 93 

forecasted values. These metrics of the accuracy measurement parameters include the MSE, MAE,94 RMSE, R2 , R. Furthermore, the error metrics are defined as follows [48-50]: 95 𝑀𝑆𝐸 =  ∑ (𝑥𝑡 −  𝑥𝑡′)2𝑛𝑡=1 𝑛     (6)   

MAE = ∑ |𝑥𝑡 −  𝑥𝑡′|𝑛𝑡=1 𝑛  (7) 

𝑅𝑀𝑆𝐸 = √∑ (𝑥𝑡 − 𝑥𝑡′)2𝑛𝑡=1 𝑛  (8) 

𝑅2 = 1 −  ∑ (𝑥𝑡 −  𝑥𝑡′  )2𝑛𝑡=1∑ (𝑥𝑡 −  1𝑛 ∑ 𝑥𝑡𝑛𝑡=1 )𝑛𝑡=1 2 (9) 

𝑅 = ∑ (𝑥𝑡 −  �̅�)𝑛𝑡=1 (𝑥𝑡′ − 𝑥′̅)√∑ (𝑥𝑡 −  �̅�)𝑛𝑡=1 2 √∑ (𝑥𝑡′ − 𝑥′̅)𝑛𝑡=1 2 (10) 

𝑁𝑆𝐸 = 1 −  ∑ (𝑥𝑡 − 𝑥𝑡′  )2𝑛𝑡=1∑ (𝑥𝑡 −  �̅�)2𝑛𝑡=1  (11) 

where 𝑥𝑡,  𝑥𝑡′ are the estimated value and observed value in the period time t, and n is the number of the 96 

observed values in the testing data. �̅�, 𝑥′̅ are mean of the observed value. The R2 and R should be 97 

approaching 1 to indicate strong model performance, and the MSE, MAE, and RMSE should be as close 98 

to zero as possible. 99 

The methodology of this study is described by the diagram in Figure 1. 100 

2.5. Study area 101 

The place of study is about 450 km2 and covers the Giolinh and Vinhlinh coastal plain of Quangtri 102 

province of Vietnam. It is surrounded by Quangbinh province in the north, Thachhan river in the south, 103 

50–150 m high hills in the west, and the East Sea (see Figure. 2). The coastal plain is relatively flat with 104 

an elevation between 0 and 5m except for coastal sand-dunes with 11–22m high, which provide a 105 

natural embankment system for seawater prevent [51]. During the dry season (from June to August), 106 

the saltwater pervades (i.e. where total mineralization of water M=1g/l) is often inspected at about 30 107 
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and 35km from the main tributaries of Benhai, Hieu, and 108 

Thachhan rivers from the estuary [52]. Thus, groundwater 109 

from dug wells and shallow wells scattered in the coastal 110 

is the main water source for drinking and domestic use 111 

for residents. 112 

3. Results 113 

3.1. Data collection  114 

 Study data includes 290 groundwater samples obtained 115 

at wells of households in coastal plain area of Vinhlinh 116 

and Giolinh districts. The predominant chemical 117 

compositions in these samples consisted of three main 118 

ingredients as Calcium Carbonate (CaCo3, mg/l) 119 

Calcium (Ca, mg/l), and Carbon Dioxide (Co2, mg/l). In 120 

addition,  there were some other physico-chemical 121 

components (as Ammonium, Magie, and Iron Oxide), but 122 

their contents were not significant in these  123 

 samples. Three input variables include two independent 124 

variables such as Ca and Co2, and one dependent 125 

variable as CaCo3, which was collected from five 126 

provinces. The statistical  127 

 characteristic results are also 128 

pointed out in Table 2. The range 129 

of the following characteristics was  130 

 computed from the observed 131 

monthly precipitation time series: 132 

the Mean, Min, and Max values, St 133 

Dev, Skew. The input data 134 

patterns of 290 items were 135 

randomly selected with two parts. 136 

The first part was used for the 137 

training phase, which contained 138 

about 70% of the entire data. The 139 

second part was used for the test 140 

phase, which contained about the 141 

remaining 30%.  142 

 143 

Figure 2. Flowchart of the experimental steps 
conducted in this study 

Start 

Data acquisition and preprocessing 

MLP model DTR model 

Statistical analysis and identification 
variables 

Defining incremental learning method for each 
algorithm 

Setting parameters of models/algorithms 
according to literature and error 

Simulating CaCo3 prediction  

Performing statistical analysis of the generated 
predictions 

Appropriate 
results? 

Modification of parameters or training data size 

MARS 

End 
Yes 

No 

Figure 3. The loaction for samples collection. 
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Table 1. Statistical characteristics of physico-chemical components data 

Item St Dev Mean (mg/l) Min (mg/l) Max (mg/l) Skewness 

CACO3 4.23 1.3 0 25.8 5.06 

Ca 16.1 6.05 0 87.55 3.57 

Co2 2.42 0.79 0 12 3.56 

 3.2. Analysis of Simulation Results 144 

 MARS, MLP, and DTR models were generated in the Python platform. The output function of 145 

MARS is presented as below: 146 

 MARS = 7.907 – 0.249F1 – 0.129F2, where F1 = max(0, Ca-55.79), F2 = max(0, 55.79-Ca). 147 

Fi is the basis function. F1 may be explained as the maximum value of 0 and Ca-55.79. The minus sign 148 

ahead of the maximum value is equivalent to a minimum value. In addition, the MARS analysis indicates 149 

that the most important is Ca. Furthermore, the output function for MLP and DTR do not occur.  150 

The data in Figure 4(a, b, c) shows the relationship between the three variables. The content of 151 

Co2 and Ca increase lead to the 152 

content of CaCo3 increase. The MLP 153 

model makes a forecasting form that 154 

resembles a cone shape. In the 155 

meantime, the DTR and MARS 156 

charts look like the image of papers 157 

with some folds. Through these three 158 

images, it is hard to judge which 159 

model gives the best estimating. 160 

Hence, the values of performance 161 

metrics of the three models are 162 

presented in Table 2, Figure 5 – 6. 163 

The R2 and NSE of the three models 164 

for the training and testing phases 165 

are from 0.889 to 0.947 and are closer to 1. In addition, The MAE, RMSE, and MSE values are also 166 

(a) (b) 

Table 1. Statistical characteristics of physico-chemical component data 

Item St Dev Mean (mg/l) Min (mg/l) Max (mg/l) Skewness 

CACO3 4.23 1.3 0 25.8 5.06 

Ca 16.1 6.05 0 87.55 3.57 

Co2 2.42 0.79 0 12 3.56 

(c) 

Figure 4. Physico-chemical properties prediction with (a) MARS model, (b) MLP model, and (c) DTR model 



7 

 

from 0.21 to 0.995 and are closer to 0. These show that the forecast results are very consistent 167 

compared with the actual data. As for the experimental results for each specific model, it indicates that 168 

MARS model for training phase with R2, NSE MAE, RMSE, and MSE values are 0.937, 0.947, 0.141, 169 

0.243, and 0.247 respectively, and these properties are better than DTR and MLP models. Regarding 170 

the testing phase results, the highest accuracy for forecast is MARS model with R2 =  0.935 and NSE = 0.945, 171 

the second-highest is MLP model with R2 =  0.917 and NSE = 0906, and the lowest is DTR model with R2 =  172 

0.889 and NSE = 0.889.  173 

Table 2. Accuracy parameters for  physico-chemical components prediction 

Parameter DTR MLP MARS 

 Testing Training Testing Training Testing Training 

MAE 0.250 0.247 0.502 0.463 0.210 0.141 
RMSE 0.340 0.325 0.994 0.897 0.406 0.243 
MSE 0.342 0.326 0.995 0.897 0.406 0.247 
R2 0.889 0.933 0.883 0.881 0.935 0.937 
R 0.909 0.934 0.917 0.913 0.932 0.936 
NSE 0.889 0.943 0.906 0.899 0.945 0.947 
GCV     0.136 0.136 

The Taylor charts check the performance of estimated and actual values based on the standard 174 

deviation and CC, which are contained simultaneously in assessing the respective models [53,54]. The 175 

standard deviation and CC between the actual and predicted datasets for the models are present in the 176 

Taylor diagram, and it also can be seen overall consistency between observed and estimated values 177 

when the CC value is approaching up to 1, as pointed in Figure 7. This can be considered for the MARS 178 

model with CCtraining phase = 0.936, 179 

CCtesting phase = 0.932, MLP model 180 

with CCtraining phase = 0.913, CCtesting 181 

phase = 0.917, and DTR model with 182 

CCtraining phase = 0.934, CCtesting phase = 183 

0.909. The large number of 184 

correlation coefficients indicate 185 

that there is a strong relationship. 186 

The Taylor plot also shows that 187 

these models are optimal with the highest accuracy [53]. In other words, if the standard deviation of the 188 

(a) (b) 

Figure 7. Taylor diagram representing the best performance of MARS, MLP, 
DTR models at (a) Training phase, (b) Testing phase. 

Figure 6. The best performance indicators for CaCo3 prediction (a) MARS testing model, (b) MLP testing model, (c) 
DRT testing model 
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predicted value of the higher standard deviation of the observed value, it will lead to an over estimation 189 

and vice versa [55]. In addition, Furthermore, GCV indicator of MARS brings about equilibrium between 190 

flexibility and generalization ability of the function of MARS model [56].  191 

4. Discussions 192 

This paper described a comparative study and analysis of MARS, MLP, and DTR models in 193 

estimating physico-chemical properties of groundwater. The different circumstances, influential factors, 194 

and indicators have been observed for the experimentation. The following key findings are as the 195 

predictive errors in the case of the models decreased if the testing set decreased; MARS was the 196 

highlight in comparison to other models. The detection of CaCo3, Ca, and Co2 attendance in drinking 197 

water is a cause of public health. Therefore, it also indicated that the overfitting existence of any of these 198 

forms of chemical component renders the water unfit for drinking. Hence the factors need to be any 199 

additional studies in order to interpret the widespread contamination of the two districts' groundwater by 200 

the chemical items. Due to the limitation of groundwater analysis equipment, the study did not detect 201 

any more chemicals in the water that affect public health in these two areas. However, the results of this 202 

study also contribute to supporting local authorities to have appropriate solutions to help households 203 

use clean water.  204 

5. Conclusions 205 

In this study, using the MARS, DTR, and MLP predicted physico-chemical properties groundwater 206 

in coast plain of Vinhlinh and Giolinh, which is located in the north middle of Vietnam. For phases of 207 

training and testing carried out in the models, the observed data consisting of Co2 and Ca was used as 208 

inputs, while CaCo3 was used as output. The stimulated results pointed out that the three models have 209 

a high suitable presentation for forecasting water quality components. The best performance was related 210 

to the MARS. The results of DTR and MLP also showed that their accuracy is a suitable presentation 211 

for practical purposes. Furthermore, the carrying out of a comparison of three models showed that the 212 

outcomes of MARS and DTR models were slightly more reliable in comparing with MLP.  213 
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