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Abstract 
Efficient water quality monitoring and ensuring the safety of drinking water 
by government agencies in areas where the resource is constantly depleted 
due to anthropogenic or natural factors cannot be overemphasized. The above 
statement holds for West Texas, Midland, and Odessa Precisely. Two ma-
chine learning regression algorithms (Random Forest and XGBoost) were em-
ployed to develop models for the prediction of total dissolved solids (TDS) and 
sodium absorption ratio (SAR) for efficient water quality monitoring of two 
vital aquifers: Edward-Trinity (plateau), and Ogallala aquifers. These two aqui-
fers have contributed immensely to providing water for different uses ranging 
from domestic, agricultural, industrial, etc. The data was obtained from the 
Texas Water Development Board (TWDB). The XGBoost and Random For-
est models used in this study gave an accurate prediction of observed data 
(TDS and SAR) for both the Edward-Trinity (plateau) and Ogallala aquifers 
with the R2 values consistently greater than 0.83. The Random Forest model 
gave a better prediction of TDS and SAR concentration with an average R, 
MAE, RMSE and MSE of 0.977, 0.015, 0.029 and 0.00, respectively. For the 
XGBoost, an average R, MAE, RMSE, and MSE of 0.953, 0.016, 0.037 and 
0.00, respectively, were achieved. The overall performance of the models 
produced was impressive. From this study, we can clearly understand that 
Random Forest and XGBoost are appropriate for water quality prediction and 
monitoring in an area of high hydrocarbon activities like Midland and Odessa 
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and West Texas at large. 
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1. Introduction 

The importance of water for life sustainability cannot be overestimated, espe-
cially in arid to semi-arid regions like West Texas. This area gets most of its wa-
ter resources from groundwater. Most ground waters are replenished during or 
after precipitation, which is very low in west Texas on account of the high rate of 
evaporation due to the hot climate. The Pecos Valley Alluvium (PVA), Ogallala, 
and Edwards-Trinity Plateau are the three most notable newly discovered local 
aquifers in the state of Texas. In addition to being utilized for human consump-
tion, all are employed in home, industrial, and agricultural settings. Although 
groundwater is a replenishable resource, dry regions such as West Texas offer 
less natural replenishment (George et al., 2011). Owing to the large-scale indus-
trial activities currently going on in the Midland-Odessa area, especially con-
cerning the oil and gas exploration and varied nature of groundwater recharge 
like agricultural runoff into streams, pesticides applied to crops, etc., measures 
need to be kept in place for consistent monitoring of the water quality parame-
ters (TDS, SAR, Nitrate, Arsenic, etc.) in this region. Contaminants in ground-
water might be biological, radioactive, organic, or inorganic. Inorganic conta-
minants such as arsenic, chromium, copper, lead, and nitrate are the most pre-
valent in water and pose the greatest threat to human health among all other 
types of contaminants (Sharma & Bhattacharya, 2017). To reduce the impact of 
water-borne illnesses, assessment of water quality indices, Environmental Pro-
tection Agency (EPA) recommended water quality standards and guidelines are 
used to ascertain the biological, chemical, and physical constituents of water. 
One of the very important water quality indices is TDS (Atta et al., 2018; Li et al., 
2018; Pan et al., 2019) which is the amount of solid remnant of both organic and 
inorganic matter after a liter of water is evaporated and is measured in milli-
grams per liter or ppm. Mainly considered a secondary contaminant and really 
not harmful to humans, higher TDS levels in drinking water can give the water 
bad taste and, in some cases, bad odor, on the other hand, very low concentra-
tion of TDS can result in water having flat taste. The presence of TDS in water 
stems from the dissolution of inorganic salts and some organic matter from ei-
ther natural or anthropogenic sources. These inorganic salts include calcium, 
sodium, magnesium. Elevated levels of dissolved solids may potentially have 
technical implications. Hard water, which forms deposits and films on fixtures, 
the insides of hot water pipes, and boilers, can be created by dissolved solids. 
Hard water reduces the amount of lather that soaps and detergents generate. 
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Because hard water contains more minerals than other types, water filters will 
eventually wear out sooner. According to Sulthonuddin et al. (2018), an extreme 
value of TDS indicates the existence of dissolved salts and minerals, including 
carbonates, nitrates, bicarbonates, and chlorides which can be harmful to plants 
when used for irrigation purposes, because it increases the soil salinity. 

Among all the measures used to assess the water quality for irrigation, SAR is 
the most important one (Sposito & Mattigod, 1977). It is the ratio of sodium ion 
to calcium and magnesium ion. 

( )
( ) ( )2 2

Na
SAR

1 Mg Ca
2

+

+ +

=
 + 

                  (1) 

Problems with infiltration arise from high salinity levels in water, which alter 
soil permeability. This is because when exchangeable sodium is present in the 
soil, it replaces the calcium and magnesium that are adsorbed on the soil clays 
and causes the soil particles to disperse (i.e., if the predominant cations adsorbed 
on the soil exchange complex are calcium and magnesium, the soil tends to be 
easily cultivated and has a permeable & granular structure). Soil aggregates break 
down as a result of this dispersion. When the soil is dry, it is compacted and 
hardens, and its structure is affected by a decrease in the rate at which air and 
water penetrate it. High SAR in soils can decrease the rate of infiltration of water 
into the soil and also the specific conductivity (Blaine et al., 1993). The amount 
of sodium rises with an increase in SAR values, which raises sodium dangers and 
reduces the usefulness of water for irrigation (Michael, 2008). In general, the in-
filtration rate of soils with SAR between 0 and 15 will be larger than that of a soil 
SAR between 16 and 30. 

Models have been developed and applied in the past using different ma-
chine-learning algorithms for the prediction of TDS, and SAR and other water 
quality parameters (Ghosh et al., 2015; Emami & Parsa 2020; Elsayed et al., 2021; 
Sepahvand et al., 2018; Mohd Zebaral Hoque et al., 2022). The works of Sun and 
Gui, 2015 and Chen et al. (2018) which are deterministic and stochastic-based ap-
proaches such as statistical approaches and visual modeling have drawbacks in the 
sense that they require a lot of data, are time-consuming and quite expensive ren-
dering the traditional model building approaches mostly ineffective. 

The above mentions were made to reveal the intention and importance of this 
study which includes, developing a model for the prediction of the total dis-
solved solids (TDS) in the Edward-Trinity aquifer, and Ogallala aquifer using 
Random Forest and XGBoost to help the authorities monitor the contamination 
and pollution level of these aquifers. The machine learning approach tends to 
ease the task of water quality prediction. By predicting changes in the water quality 
index (WQI) based on past data. AI-based WQI prediction system helps in the 
provision of timely and effective water pollution prevention and response sys-
tems (Mohd Zebaral Hoque et al., 2022). Artificial neural network (ANN) tech-
nique was used to develop a model for predicting the WQI of groundwater from 
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physicochemical data obtained from 19 wells near a shale gas extraction site 
(Kulisz et al., 2021). In another study (Othman et al., 2020), using the ANN algo-
rithm, a model was created using water quality parameters like COD, BOD, DO, 
SS, OH, and Ammoniacal Nitrogen (AN), and a high correlation of 98.78% was 
obtained. Wang et al. 2021 developed a model using the random forest regres-
sion algorithm for the water quality distribution for the Taihu Lake basin in 
Zhejiang Province, China and adopted the Shapley Additive explanation (SHAP) 
method to interpret the underlying driving forces. In their work with twelve 
machine learning algorithms, Khoi et al. (2022) concluded that the XGBoost 
may be employed for WQI prediction with a high level of accuracy which will 
further improve water quality management and monitoring. Many studies in 
hydrology (groundwater, rivers, wells) have adopted the machine learning ap-
proach, these studies include nitrate concentration forecasts in rivers (Suen & 
Erheart, 2003), predicting TDS in rivers (Mohd Zebaral Hoque et al., 2022), and 
predicting water quality parameters including chemical oxygen demand (COD), 
biochemical oxygen demand ((BOD), and TDS (Asadollah et al., 2020). Despite 
the wealth of machine learning algorithms available in our world today, studies 
involving the prediction of water quality parameters in the Midland-Odessa re-
gion using the machine learning approach are still very limited. Here we use two 
aquifers to create machine learning models for the prediction of TDS and SAR. 
These models will be applied long-term in these aquifers for TDS and SAR pre-
diction to help the authorities monitor the aquifers to ensure the safety of the 
beneficiaries. 

2. Methodology 
2.1. Study Area 

The study area extends across two counties in west Texas, Midland, and Odessa 
Counties (Figure 1). The climate in these regions is primarily semi-arid. Snow-
fall is rare in Midland and Odessa; rainfall is the primary source of precipitation 
(Kimmel et al., 2016). The two cities can be categorized as semi-arid environ-
ments by the United Nations Environmental Program since the annual average 
precipitation was almost equal to 13.78 inches (UNEP, 2019). Because of the arid 
environment and lack of water resources, it is essential to exploit groundwater 
aquifers. Consequently, because water recharge rates in semi-arid areas are slow, 
groundwater contamination has a substantial negative impact on public health 
(Heo et al., 2015). Anthropogenic activities like hydraulic fracturing and agri-
culture also play a crucial role in introducing contaminants to the aquifers, espe-
cially the unconfined aquifers. In the Midland and Odessa region, municipal 
wells pull water from the Pecos Valley aquifer (PVA), Ogallala aquifer, and the 
Edwards-Trinity plateau aquifer. Our interest in this study is the Ogallala aquifer 
which is the largest aquifer by area extent in the United States and the Edwards- 
Trinity aquifer (plateau). A transition boundary is not clearly defined between the 
Ogallala and the Edwards-Trinity aquifers in most parts of West Texas. 
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Figure 1. Map of the study area showing wells sunk into aquifers. 

2.1.1. The Edwards-Trinity (Plateau) Aquifer 
In the Pecos County region of western Texas, the Edwards-Trinity aquifer pro-
vides an essential groundwater resource for industrial, public supply, and agri-
cultural applications (Barker & Ardis, 1992). The Edwards-Trinity aquifer is the 
most significant source of water for the Edwards plateau and covers approx-
imately 23,000 square miles in southwest Texas (Blandford & Blazer, 2004). It is 
a major aquifer that extends to much of the counties in the southwestern part of 
Texas. The water-bearing units are composed predominantly of limestones and 
dolomites of the Edward Group and sands of the Trinity Group. While the maxi-
mum thickness of the freshwater saturated layer in the Edward-Trinity aquifer is 
about 433 feet, the total aquifer thickness is greater than 800 feet (George et al., 
2011). The Edward-Trinity plateau was deposited during the early to middle 
Cretaceous. The total dissolved solids (TDS) range from 1100 - 3000 milligrams 
per liter, making it fall within the range of fresh water to slightly saline. The Ed-
ward-Trinity Plateau Aquifer is made up of two aquifers in close proximity, namely 
the Edwards and the Trinity aquifers. In some parts of West Texas, these two 
aquifers commingle due to faultings, as seen from Figure 2. In some other parts 
they are separated by confining layers. 

2.1.2. Ogallala Aquifer 
The Ogallala aquifer spans about eight states in the United States ranging from 
Texas to South Dakota and it is regarded as the largest aquifer by area extent in 
the United States. The aquifer comprises mostly sand, gravel, clay, and silt with a 
maximum thickness of 800 feet (George et al., 2011). It was deposited during the  
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Figure 2. Conceptual model of the Edwards-Trinity (Plateau) and Pecos Valley aquifers and Hill Country part of the Trinity 
Aquifer (modified from Anaya and Jones, 2004, 2009). BFZ = Balcones Fault Zone. 
 

late Miocene to early Pliocene. This aquifer provides significantly more water 
than other aquifers in Texas and is used mostly for irrigation. 

The water demand used in fracking, especially in the Midland area, is mostly 
met by a collection of aquifers that filled up over millions of geologic years. Care 
and precautions should be put in place to monitor the chemicals and harmful 
substances that may find their way into the aquifers. This task is made even 
more difficult because the Texas Water Code exempts oil and gas producers from 
reporting exactly how many water wells are used for fracking. Estimates from 
the U.S. Geological Survey indicate that freshwater usage for hydraulic fractur-
ing in the Texas Permian Basin surged by 2400% from 2010 to 2019, reaching a 
total of 72 billion gallons. This quantity is almost 1.5 times the volume of water 
used by the City of Austin during the same year. In 2019, the entire basin, which 
includes sections of New Mexico, yielded 1.4 billion barrels of oil. However, ac-
cording to a report by the Texas consortium, Permian wells generated 3.93 bil-
lion barrels (about 165 billion gallons) of wastewater from fracking operations 
(Baddour, 2022). The majority of the water is transported through underground 
pipes and disposed away, while a portion is recycled for use in fracking. The 
planners have considered using it for crop irrigation rather than treating it, sim-
ilar to how California handles wastewater that has lower salinity levels and does 
not contain fracking fluids. However, achieving this goal of cleaning the highly 
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polluted Permian water currently remains a high-tech goal for the time being. 

2.2. Dataset 

The data used for this study was accessed from the website of the Texas Water 
Development Board (TWDB). The data are freely available for anyone to access 
thus, the models produced from this study can easily be replicated. The histori-
cal dataset of water quality parameters from two aquifers Edward Trinity Plateau 
and Ogallala aquifers was taken. A total of 10 parameters, which include Cal-
cium (Ca), Sodium (Na), Magnesium (Mg), Sulphate ( 2

4SO − ), Chloride (Cl-), 
Total Hardness, Specific Conductance, (SC), Total Dissolved Solids (TDS), So-
dium Absorption Ratio (SAR), and Percent Sodium, (PC), were extracted from 
the data. These parameters were chosen based on their correlation coefficients 
with the two dependent water quality parameters (SAR and TDS) which are also 
the target parameters we are trying to develop prediction models for. Table 1 
shows a statistical summary of all parameters used for this study. 

Two machine learning algorithms Random Forest (RF), and XGBoost were 
used to predict TDS concentration and the sodium absorption ratio (SAR) in the 
Edward-Trinity (plateau) and Ogallala aquifers in the Midland and Odessa re-
gions. The whole data for the Edward-trinity (plateau) aquifer from both coun-
ties were combined to get a model that can be applied to the whole region. The 
same approach was used for the Ogallala aquifer. This approach reduces model-
ing errors and possible introduction of bias into the model. The data were split 
into training (80%) and testing (20%) before using the algorithms for model 
prediction. 

2.2.1. Random Forest Regression (RF) 
A supervised learning algorithm and a bagging technique called random forest 
regression employ an ensemble learning approach for machine learning regres-
sion. In random forests, the trees grow in parallel; therefore there is no interac-
tion between them as they grow (Shaikh & Barbé, 2021). 

An assortment of tree predictors is called a random forest. h (x; θk), k = 1, …, 
K, where θk and x are independent, identically distributed (iid) random vectors, 
and x is the observed input (covariate) vector of length p with associated random 
vector X. As previously said, we primarily address regression settings where we 
have a numerical outcome, Y, but we also touch on some issues related to cate-
gorization (categorical outcome) concerns. Assumed to be independently selected 
from the joint distribution of (X, Y), the observed (training) data consists of n (p 
+ 1)-tuples (x1, y1), …, (xn, yn) (Segal, 2004). 

2.2.2. EXtreme Gradient Boosting for Regression (XGBoost) 
XGBoost is a technique for group learning. Scalability is the key to this algo-
rithm’s power. It allows for economical memory utilization and rapid learning 
via distributed and parallel computing (Kiangala & Wang, 2021). In terms of ma-
thematics, XGBoost is an ensemble learning technique that generates a strong 
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prediction by aggregating the predictions of several weak models. Decision trees, 
which are trained using gradient boosting, are the weak models in XGBoost 
(Dong et al., 2023). In other words, the algorithm fits a decision tree to the resi-
duals of the previous iteration at each iteration. In many ML hackathons, XGBoost 
is the primary algorithm of choice. Its regular accuracy and time-saving benefits 
show just how beneficial it is. The capacity of XGBoost to accept missing values 
well is one of its main advantages for water prediction (Patel et al., 2023). This 
means that real-world water quality data may be handled by the algorithm 
without requiring a lot of pre-processing. 

2.3. Models’ Performance Measurement 

The performance of each predictive model is evaluated and compared in this 
section. 

2.3.1. Linear Correlation Coefficient 
The capacity of a model to accurately predict the observed (actual) data is quan-
tified by the linear correlation coefficient (R). R values typically range from −1.0 
to 1.0. When there is no difference between the expected and observed, there is a 
total positive correlation (a value of 1.0), and vice versa. Another term for it is a 
value that represents the direction and strength of the linear relationship be-
tween two variables, x and y. Finding the covariance ratio between the two va-
riables and multiplying their standard deviations by one another are the steps 
involved in computing this value. 

( )( )
( ) ( ) ( ) ( )2 22 2

n y y y y
R

n y y n y y

′ ′⋅ −
=

   ′ ′− −
   

∑ ∑ ∑
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           (2) 

2.3.2. Coefficient of Determination (R2) 
The R2 measures how well the model’s predictions explain the variance in the 
observed data. A higher R2 value suggests that the model has better prediction 
accuracy. A number between 0 and 1 known as the coefficient of determination 
indicates how well a statistical model predicts a result. Even in cases where the 
correlation is negative, the coefficient of determination is always positive. 
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2.3.3. Root-Mean-Squared Error (RMSE) 
Root-mean-squared error, or RMSE for short, is the square root of the mean 
square error. The average distance between an observed data point and the meas-
ured model line, or the standard deviation of the prediction errors, is the defini-
tion of the root mean square error (RMSE). The RMSE is given by the following 
equation. By quantifying the degree of dispersion of these residuals, the RMSE 
offers information on how closely the observed data matches the predicted val-
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ues. Because there are fewer mistakes in the model, the RMSE drops as the data 
points go closer to the regression line. A model that has less error produces more 
accurate predictions. 

( )2

RMSE
y y
n
′ −

= ∑                      (4) 

2.3.4. Mean Absolute Error (MAE) 
The mean absolute error (MAE), which is the arithmetic of the absolute errors, 
is the statistical indicator of a model’s predictive power. The MAE is often used 
in quantitative prediction models because it indicates the relative overall fit or 
goodness of fit. One of the most popular loss functions for regression problems, 
MAE helps users transform learning problems into optimization problems. It 
also offers regression problems with a straightforward, quantifiable error mea-
surement. 

1MAE
n
i y y

n
=

′−
= ∑                       (5) 

2.3.5. Cross Validation (K-Fold Method) 
Validation is determining whether the numerical results quantifying proposed 
relationships between variables are appropriate for characterizing the data. There-
fore, what we need is a procedure that leaves enough data for both validation and 
training of the model. That is precisely what K Fold cross-validation achieves. The 
data in K Fold cross-validation is separated into k subgroups. The holdout ap-
proach is now performed k times, with each repetition using one of the k subsets 
as the test or validation set and the remaining k − 1 subsets combined to create a 
training set. To determine our model’s overall effectiveness, we use the average 
of the error estimation over the k trials (see Table 4). Each data point appears 
exactly once in a validation set and k times in a training set. The majority of the 
data is also utilized in the validation set. This considerably minimizes variance as 
well as bias because the majority of the data is used for fitting. This technique is 
made more effective by switching up the training and test sets. k = 5 or 10 is 
typically favored based on empirical evidence and general guidelines, however, it 
can take any value. In this study, we used k = 10. 

3. Results and Discussion 

Table 1 presents a summary of the concentration of the eight water quality pa-
rameters used in this study. The mean concentration of TDS was by far higher 
than the United States Environmental Protection Agency (EPA) recommended 
values, which was placed at 1000 mg/L. Certain parameters had maximum val-
ues that were significantly higher than the recommended limits, even while the 
mean concentrations of other parameters, such as SAR, were lower than the 
recommended value. Accurate prediction models for ongoing TDS and SAR  
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Table 1. Statistical Analysis of all Ten Parameters from Ogallala and Edwards-Trinity Plateau aquifers. 

 OGALLALA AQUIFER EDWARD-TRINITY PLATEAU AQUIFER 

Parameters Unit Min Max Mean Std dev Min Max Mean Std dev 

TDS mg/L 1597.360 9296.000 1597.396 1527.060 274.000 10,313.000 1021.798 863.729 

SAR mg/L 3.550 22.530 3.557 3.082 0.26 61.330 2.452 2.742 

Calcium mg/L 182.030 767.000 4.610 142.790 32 800.000 147.195 93.402 

Sodium mg/L 263.100 2250.000 263.105 340.177 9.75 3610.000 141.739 210.136 

Magnesium mg/L 71.7900 502.000 71.798 66.031 1 328.000 33.280 29.481 

Chloride mg/L 448.260 5098.000 448.268 757.543 6.63 4633.000 173.905 377.830 

Sulfate mg/L 411.980 2883.000 411.982 478.914 10 3490.000 318.473 375.455 

% Sodium  36.330 75.000 36.336 9.607 6 92.000 31.425 10.234 

Specific Conductance µS/cm 2917.090 19040.000 2917.096 3018.124 439 19,890.000 1748.964 1503.457 

Total Hardness mg/L 750.900 3694.000 750.905 592.743 125 3345.000 506.293 335.702 

 
monitoring in the research area are necessary given the salinity issue with the 
water supply systems in the area to minimize the time and expense associated 
with employing traditional methods. The correlation between TDS, SAR and 
other input parameters was evaluated. The results show that there is a high cor-
relation between Specific conductance and TDS with R = 0.94 and 0.94 in the 
Edwards-Trinity plateau and Ogallala aquifers respectively and also a correlation 
between Specific conductance and SAR with R = 0.76 and 0.90 in the Edward- 
Trinity plateau and Ogallala aquifers respectively as presented in Table 3. The 
performance of each of the eight models was evaluated, and the result summa-
rized in Table 2. 

3.1. Performance Evaluation of Models 

The recognition of the best-performing regression model for TDS and SAR pre-
diction from the two regression models (Random Forest and XGBoost) used in 
this study has been the focus of this study. Eight different models were generat-
ed, four each for the two algorithms. Each of the two algorithms was used to 
generate models for TDS and SAR separately for Edward-Trinity (Plateau) and 
Ogallala aquifers. 

3.1.1. XGBoost Regression Model 
XGBoost is a state-of-the-art algorithm and a decision tree enhancement ap-
proach appreciated for its skill in managing sparsity. To maximize its perfor-
mance, a variety of hyperparameters were set up for the XGBoost regression 
model. To validate the model’s performance, the resulting process involves 
training the XGBoost regression model on the training subset and then using it 
on the test subset. The coefficient of determination (R2) for both training and 
testing for all four models is never below 0.80 in both aquifers. The model for  
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Table 2. The Performance of different machine Learning algorithms for estimation of TDS and SAR. 

Performance evaluation of the algorithms 

Aquifers Algorithm Parameter  R2 МАЕ RMSE MSE 

Edward-Trinity Plateau 
Aquifer 

Random 
Forest 

TDS 
Training 0.980 0.010 0.020 0.000 

Testing 0.930 0.040 0.070 0.100 

SAR 
Training 1.000 0.000 0.010 0.000 

Testing 1.000 0.000 0.010 0.000 

XGBoost 

TDS 
Training 1.000 0.000 0.000 0.000 

Testing 0.920 0.040 0.060 0.000 

SAR 
Training 1.000 0.000 0.000 0.000 

Testing 1.000 0.010 0.017 0.000 

Ogallala Aquifer 

Random 
Forest 

TDS 
Training 0.990 0.010 0.000 0.000 

Testing 0.930 0.040 0.089 0.100 

SAR 
Training 1.000 0.000 0.017 0.000 

Testing 0.990 0.020 0.020 0.000 

XGBoost 

TDS 
Training 1.000 0.000 0.000 0.000 

Testing 0.870 0.040 0.105 0.011 

SAR 
Training 1.000 0.000 0.000 0.000 

Testing 0.840 0.040 0.121 0.014 

 
Table 3. Correlation coefficients of statistically input parameters on TDS. 

 Calcium Sodium Magnesium Chloride Sulfate 
Total 

Hardness 
Specific 

Conductance 
% Sodium 

Edward-Trinity 
plateau 

TDS 0.76 0.92 0.79 0.83 0.66 0.82 0.94 0.47 

SAR 0.34 0.94 0.44 0.81 0.35 0.4 0.76 0.68 

Ogallala 
TDS 0.92 0.93 0.82 0.91 0.66 0.93 0.94 0.59 

SAR 0.74 0.97 0.58 0.92 0.35 0.71 0.9 0.82 

 
SAR in the Edward-Trinity (plateau) aquifer gave one of the best models with 
the coefficient of determination for both training and testing as 1.00 and 1.00 
respectively (Table 1). The MAE, RMSE, and MSE for both the training and 
testing datasets in all four models produced were all below 0.5 (Table 1). The 
XGBoost model gave very good predictive models (Figure 5, Figure 6, Figure 9, 
Figure 10). It also gave very low errors of the models. An XGBoost model with 
the above evaluation metrics is a model that seems to perform exceptionally well 
on the given data. The RMSE of all four XGBoost models suggests that the mod-
el’s predictions are spot on with the actual values. The models recorded very low 
RMSE values (Table 1). An MSE of 0.00 means no errors, as the squared errors 
are all zero. One would consider these numbers too good or a sign of overfitting, 
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hence it was crucial to evaluate the model on a separate test set to ensure genera-
lization. 

3.1.2. Random Forest Regression Model 
The technique aggregates the predictions of several decision trees by averaging 
them. Additionally, it performs well when there are more observations than va-
riables (Biau & Scornet, 2016). The RFR algorithm performed well in both 
training and testing for all four models (SAR and TDS) produced from both the 
Edward-Trinity (plateau) and Ogallala aquifers with coefficient of determination 
values always higher than 0.90 for training and testing datasets. With a closer 
look at Figure 7(c), one can easily deduce that there is almost a perfect match 
between the predicted and observed values. The models developed for SAR in 
Figure 4 and Figure 8 for the Edward-Trinity and Ogallala aquifers using Ran-
dom Forest also performed well. This agrees with Meshram et al., 2020 that the 
RFR model could provide successful modeling. Error analysis results were used 
to obtain the performance of the RFR prediction. If the difference between the 
models and the real data becomes smaller, the prediction is more accurate (see 
Figure 3). With an MAE mostly lower than 0.05, RMSE mostly lower than 0.08, 
and MSE mostly lower than 0.02 for both the training and testing datasets in 
both aquifers (Table 2), it can safely be concluded that the RFR performed well. 
Based on these data, the random forest model appears to be operating better. 

4. Implications of Model Findings for Local Water Policy and 
Management Strategies 

The results of this study provide understanding of groundwater quality in the 
study area, with implications for local water policies and management strategies. 
This research introduces a modeling approach that could be helpful for manag-
ing and predicting water quality parameters in the future in West Texas. The 
findings of the study suggest that machine learning methods such as XGBoost and 
Random Forest are effective in predicting water quality indicators. Furthermore,  

 
Table 4. Training and testing results for cross validation (Coefficient of determination). 

 Cross Validation (K-Fold Method) 

Aquifers Algorithm Parameter Training Testing 

Edward-Trinity Plateau 
Aquifer 

Random 
Forest 

TDS 0.9120 0.900 

SAR 0.9000 0.939 

XGBoost 
TDS 0.9080 0.818 

SAR 0.9890 0.943 

Ogallala Aquifer 

Random 
Forest 

TDS 0.8790 0.813 

SAR 0.9800 0.870 

XGBoost 
TDS 0.9410 0.734 

SAR 0.9720 0.894 
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the models derived from this research could serve as the foundation for im-
proved decision-making processes aimed at supporting the maintenance and 
improvement of water supply management systems, particularly in mining re-
gions. 

 
 

 
Figure 3. Performance of Random Forest algorithm in Edward-Trinity (plateau) aquifer for TDS in (a). Training (b). Testing (c). 
Predicted versus Observed (d). Prediction error (e). Residuals. 
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Figure 4. Performance of Random Forest algorithm in Edward-Trinity (plateau) aquifer for SAR in (a). Training (b). Testing (c). 
Predicted versus Observed (d). Prediction error (e). Residuals. 
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Figure 5. Performance of XGBoost algorithm in Edward-Trinity (plateau) aquifer for TDS in (a). Training (b). Testing (c). Pre-
dicted versus Observed (d). Prediction error (e). Residuals. 
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Figure 6. Performance of XGBoost algorithm in Edward-Trinity (plateau) aquifer for SAR in (a). Training (b). Testing (c). Pre-
dicted versus Observed (d). Prediction error (e). Residuals. 
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Figure 7. Performance of Random Forest algorithm in Ogallala aquifer for TDS in (a). Training (b). Testing (c). Predicted versus 
Observed (d). Prediction error (e). Residuals. 
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Figure 8. Performance of Random Forest algorithm in Ogallala aquifer for SAR in (a). Training (b). Testing (c). Predicted versus 
Observed (d). Prediction error (e). Residuals. 
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Figure 9. Performance of XGBoost algorithm in Ogallala aquifer for TDS in (a). Training (b). Testing (c). Predicted versus Ob-
served (d). Prediction error (e). Residuals. 
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Figure 10. Performance of XGBoost algorithm in Ogallala aquifer for TDS in (a). Training (b). Testing (c). Predicted versus Ob-
served (d). Prediction error (e). Residuals. 

5. Conclusion 

This work describes the performances of two regression-based modeling ap-
proaches and offers evidence for a suitable approach to estimate TDS and SAR. 
These methods included XGBoost and Random Forest Regression. When it 
comes to predicting water quality, machine learning has been shown to generate 
a simpler and more accurate model than physically and statistically based-data- 
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driven models. Accurate water quality prediction in West Texas is essential. 
Continuously monitoring and predicting water quality in the aquifers that gen-
erate the majority of water used for domestic and industrial activities can help 
authorities enact stricter laws to enable the long-term sustainability of these 
aquifers. Because of its distributed computing architecture and sophisticated pa-
rallel processing capabilities, XGBoost was the fastest method with a very good, 
reported performance. Using both TDS and SAR as dependent variables, Ran-
dom Forest also generated excellent models that may be used to forecast the wa-
ter quality in the Midland-Odessa area. Thus, models for predicting groundwa-
ter water quality can be created using machine learning techniques. These mod-
els can be used to gain a better understanding of the quality of the water and 
how inadequate monitoring of anthropogenic activities would eventually affect 
the availability of water. Furthermore, by offering precise and timely predictions 
of aquifer water quality, it can help make decisions by revealing the best ap-
proaches for forecasting water levels. 

This research work is significant, because it offers integrated modeling and 
analytical techniques that could be helpful for managing and predicting water 
quality parameters in the future, particularly in West Texas. The study’s findings 
indicate that machine learning techniques like XGBoost and Random Forest are 
suitable for predicting water quality indices. Additionally, the models developed 
from this research may serve as the foundation for a better decision-making process 
that would support the upkeep and enhancement of water supply system man-
agement, particularly in mining areas. 
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