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Abstract: Groundwater is one of the water resources used to preserve natural water sources for drink-
ing, irrigation, and several other purposes, especially in industrial applications. Human activities
related to industry and agriculture result in groundwater contamination. Therefore, investigating
water quality is essential for drinking and irrigation purposes. In this work, the water quality index
(WQI) was used to identify the suitability of water for drinking and irrigation. However, generating
an accurate WQI requires much time, as errors may be made during the sub-index calculations.
Hence, an artificial intelligence (AI) prediction model was built to reduce both time and errors. Eighty
data samples were collected from Sakrand, a city in the province of Sindh, to investigate the area’s
WQI. The classification learners were used with raw data samples and the normalized data to select
the best classifier among the following decision trees: support vector machine (SVM), k-nearest
neighbors (K-NN), ensemble tree (ET), and discrimination analysis (DA). These were included in
the classification learner tool in MATLAB. The results revealed that SVM was the best raw and
normalized data classifier. The prediction accuracy levels for the training data were 90.8% and 89.2%
for the raw and normalized data, respectively. Meanwhile, the prediction accuracy levels for the
testing data were 86.67 and 93.33% for the raw and normalized data, respectively.

Keywords: groundwater; water quality index; classification learners; support vector machine

1. Introduction

Evaluating groundwater quality is essential for conserving the ecological environment,
and it forms the basis for the sustainable use of local groundwater resources [1–3]. Rising
populations, industrial development, and modern lifestyles have increased water use [4–6].
The most accessible source of fresh water on the planet is groundwater, and it is essential
for human health and industrial and agricultural purposes [7,8]. Chemicals and microbial
contamination frequently challenge water safety [9–11]. Groundwater has taken over as
the primary water supply; it is the preferred sole source, particularly in arid and semi-arid
regions where precipitation is inadequate and surface water resources are lacking [12–17];
also, waste material including sewage sludge on soil can increase crop production but
contaminate groundwater [18–25].

Pakistan is facing a problem in terms of groundwater contamination [26,27]. In recent
decades, the groundwater sources in Pakistan, especially in the Punjab and Sindh provinces,

Water 2023, 15, 3540. https://doi.org/10.3390/w15203540 https://www.mdpi.com/journal/water

https://doi.org/10.3390/w15203540
https://doi.org/10.3390/w15203540
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/water
https://www.mdpi.com
https://orcid.org/0000-0002-8943-2154
https://orcid.org/0000-0002-9245-5306
https://orcid.org/0000-0001-7573-8139
https://orcid.org/0000-0003-3151-9967
https://doi.org/10.3390/w15203540
https://www.mdpi.com/journal/water
https://www.mdpi.com/article/10.3390/w15203540?type=check_update&version=2


Water 2023, 15, 3540 2 of 16

have been rendered highly vulnerable due to rapid industrialization, mining activities,
and agricultural practices, all of which have made the groundwater sources susceptible to
contamination and lowered their quality and quantity. Groundwater contamination has
been reported in many regions of Pakistan. Some regions in the Sindh province, such as
Jamshoro [28], Manchar Lake and Tharparkar [29,30], Hyderabad [31], and Nawabshah [9],
currently suffer from contamination. Some regions in the Punjab province also suffer from
this issue, including Multan [32], Lahore [33], Sialkot [34], Jhelum [35], Mandi Bahaud-
din [36], Gujrat [24], Sheikhupura [37], Vehari [2], and Sargodha [38]. Groundwater studies
have, thus far, been limited to investigating the effects of groundwater contamination on
human life.

Unfortunately, due to increased human activities and environmental changes, in-
creasing amounts of groundwater have been contaminated in the last decade [9,39–41].
Therefore, the water quality (WQ) has deteriorated significantly due to industrial and urban
activities, resulting in more severe diseases [42]. Thus, groundwater quality assessment
is essential for addressing the impacts of human activities and environmental change
on groundwater worldwide [43]. WQ describes water characteristics, such as chemical,
physical, and biological parameters, to identify its suitability for utilization, whether for
drinking or irrigation purposes [44]. The water quality index (WQI) is a powerful tool for
identifying and assessing WQ. This index transforms many water quality parameters with
intercorrelated data into a single value that refers to the state of the water quality [45,46].
The WQI concerns both surface water sources and groundwater, since groundwater is
the primary water source for communities, especially in desert areas [47]. Therefore, var-
ious countries/organizations have established several WQI techniques for assessing the
quality of surface water sources and groundwater [45]. However, WQI computations are
time-consuming and are often found to encounter various errors during the sub-index
calculation. Therefore, using an artificial intelligence prediction model may reduce both the
time needed for computation and the computation errors that lead to inaccurate decision
making [48].

Artificial intelligence (AI) techniques have recently been widely used as multifunc-
tional and robust tools for developing WQI models. AI models work to predict and assess
WQIs for both surface water and groundwater sources [23,49,50]. Therefore, more research
focused on using AI and optimization techniques to present WQI models is required.
In [51,52], seven WQI models, which were categorized into four weighted (NSF, SRDD,
WJ, and WQM) and three unweighted (RMS, Hanh, and AM) algorithms, were used to
construct WQI models. The WQI values were developed using an improved WQI method-
ology [52]. In [53], classification algorithms were used, such as support vector machines
(SVMs), naïve Bayes (NB), random forest (RF), k-nearest neighbor (KNN), and gradient
boosting (XGBoost), to select the best option for predicting accurate WQIs. The findings
suggested that these models were reliable and effective means of producing highly accurate
WQI predictions. In [23], six WQI models were developed to predict the WQIs of collected
samples, and the models included the generalized regression neural network (GRNN),
the Elman neural network (Elm NN, considered a new-generation learning tool), and the
feed forward neural network (FFNN), as well as the support vector machine (SVM), linear
regression (LR), and neuro-fuzzy (NF) models. The results indicated that the NF WQI
model exhibited higher prediction accuracy than the others. The neural network (NN)
model was used in [54] to map the nonlinear relation between pH, total dissolved solids
(TDS), total alkalinity (TA), total hardness (TH), calcium hardness (Ca-H), residual chlorine,
nitrate levels (as NO3

−), and chloride levels (Cl−) and WQI. A total of 710 samples from
the Jodhpur Rajasthan region in India were used to design the NN model. The results
illustrated that the model was highly efficient at predicting the WQIs of the new samples.
The developed framework could be automated in this work to help evaluate WQ for better
management. In [48], eight AI algorithms were applied to establish a prediction WQI
model for samples collected from the Ikkizi region in southeast Algeria. The AI algorithms
utilized were regression (MLR), random forest (RF), M5P tree (M5P), random subspace
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(RSS), additive regression (AR), artificial neural network (ANN), support vector regression
(SVR), and locally weighted linear regression (LWLR). The study developed two scenarios
to reduce the computation time, and the second scenario was used to show the water
quality variation in critical cases when the essential analysis was required. The findings
indicated that TDS and TH are the most important parameters influencing the WQI. MLR
exhibited the highest prediction accuracy for the first scenario, and RF was the best for the
second scenario. In [55], due to the cost of the computational approaches for determin-
ing the suitability of drinking water, classification techniques were used to construct the
prediction model, such as decision trees (DTs), k-nearest neighbors (KNN), discriminants
analysis (DA), a support vector machine (SVM), and ensemble trees (ETs). The classification
methods were applied to 169 data samples collected from the region of Naâma, Algeria.
The results revealed that a trained SVM classifier could accurately predict the WQI for the
new data samples that assist WQ control and support decision making.

In this work, classification techniques based on classification learners in MATLAB
were used to build a classifier that was utilized to predict the WQI. Using the classifiers to
identify the WQI of the data samples can save time and reduce the costs of conducting WQI
computations every time. The classification techniques were applied to 80 data samples
collected from Sindh province, Pakistan’s second-most populous province. The 80 samples
were divided up, with 65 used for training, and the remaining 15 used for testing. The
results indicate that the linear support vector machine (Linear SVM) constituted the highest
prediction accuracy model for the applied data. For the raw and normalized data, the
prediction accuracy for the training data was 90.8 and 89.2%, respectively. On the other
hand, the prediction accuracy for the raw and normalized testing data was 93.33% and
86.67%, respectively.

The materials and methods are presented in Section 2. In Section 3, the classification
learner methods are outlined, and we describe results produced by applying various
classifiers to the data. The results of using linear SVM on the raw and normalized data are
illustrated in Section 4. Finally, the key conclusions are explained in Section 5.

2. Materials and Methods
2.1. Description of the Study Area

The research region is located in Sindh, Pakistan’s second most highly populated
province, where the study was conducted. Sakrand is a city in the province of Sindh
(Figure 1). The research area is 25 m (82 ft) above sea level and has a hot, dry climate. It
can be categorized as an arid subtropical zone, meaning that winters are exceedingly cold
and dry, while summers are extremely hot, arid, humid, and windy. Winter lows of 1 ◦C
may be experienced, while summer highs of 53 ◦C are possible. The bulk of the yearly
precipitation, which ranges from 200 to 300 mm [56], falls during the monsoon season,
which lasts from July through September. The most extensively grown crops in the area are
wheat and cotton, which are grown in Sindh’s delta plain [57]. The groundwater resources
come from the Indus River.

In contrast to the water in other vital regions, which is sometimes relatively salty,
the groundwater near the constricting stretch of the Indus River is usually less salty [58].
Low cropping intensity, canal seepage, and lateral channels contribute to salinization. A
chemical analysis showed that more than 5.5% of the landmass comprises saline–alkaline
soil, and 15% of the investigated region is moderately salinized [25]. The average depth
of the groundwater table is 4.53 m, with a range of 1.5 to 12 m. The flow is more westerly,
toward the Indus River, at the center and lower parts, and, in the higher and intermediate
portions, it is more south-westerly. Typically, sand makes up the majority of the aquifer,
which is uniform, does not have artesian water, and flows.
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2.2. Sample Collection and Analysis

In Sakrand, Sindh province, Pakistan, 80 groundwater samples were collected from
shallow aquifers (<35 m) from April to May 2022 and filtered to 0.45 µm for further analysis.
A global positioning system (GPS) was used to record the groundwater samples’ locations.
All analyses followed the American Public Health Association’s (APHA 2005) standard
methods; 250 and 100 mL glass bottles were used to collect samples to analyze cations and
anions, respectively. A drop of nitric acid (HNO3) was immediately added to the samples
to adjust the pH (<2.0) for cation analysis [59]. The samples were analyzed for drinking
water use and to evaluate the water quality index (WQI). The following tests were used to
determine the physicochemical parameters of the water: An EC-TDS-Temp (RS232C/Meter
CON 110 m) was used to detect the total dissolved solids (TDS), electrical conductivity
(EC), and temperature. The pH was computed using a meter from the pH 720 WTW Series.
The process of acid titration determined the total alkalinity of the samples that contained
methyl-orange. Cl− and HCO3

− were determined using titration techniques; however,
turbidity was measured using a turbidity meter, as opposed to the main anions such as
(NO3

−) and sulfate (SO4
2−), which were determined using a UV–VIS (ultraviolet–visible)

spectrophotometer (Analytik Jena, Jena, Germany). The cations, including Mg2+, Ca2+,
K+, Na+, and Fe2+, were measured using a flame photometer (PFP7, Cambridge shire,
UK). Finally, the samples were checked for accuracy to determine % charge balance errors
according to Equation (1):

% CBE =
[∑ cations−∑ anions]
[∑ cations + ∑ anions]

× 100 (1)

The physicochemical analysis with % CBE within ± 5% is ideal for further investiga-
tion. The unit of cations and anions is meq/L.

2.3. Water Quality Index (WQI) of Groundwater

The water quality index (WQI) determines whether water is fit for human consumption.
Water quality assessment is the most thorough approach for evaluating groundwater
quality; as a result, the WHO criteria were utilized to assess the groundwater quality. We
carefully examined the combined impact of several chemical factors on groundwater. The
WQI is determined using three steps.

The first step includes determining the individual parameters’ weights. All of the
parameters and weights are denoted by the symbol wi. In the order of their relative weight
relevance, the parameters were EC, pH, TDS, HCO3−, Cl−, SO4

2−, Ca2+, Mg2+, Na+, K+,
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NO3−, F−, Fe, and As. In step two, the relative weights for each parameter were computed
using Equation (2):

Wi =
wi

∑n
i wi

(2)

where the relative weight is denoted by Wi, the weight associated with each parameter is
represented by wi, and the total number of parameters is denoted by n.

In the third step, the quality-rating scale qi is calculated for each parameter using
Equation (3):

qi =
Ci

Si
× 100 (3)

where Ci is the concentration of each parameter, Si is the WHO standard, and qi is the
quality index. In addition, sub-indices are computed using Equations (4) and (5):

SIi = Wi × qi (4)

WQI =
n

∑
i=1

SIi (5)

SIi and Wi are the sub-indices and relative weights for the ith parameter, respectively,
whereas qi is the concentration-based rating.

Overall, we divided the WQI into three groups—(i) <50, excellent; (ii) >50, good; and
(iii) >100, poor—and we classified it using the machine learning models.

3. Classification Learner
3.1. Training Results of Classification Learner

Classification is the process of classifying a given dataset; it is performed on both
structured and unstructured data. In addition, it predicts the data point classes. Classes are
referred to as targets, labels, or categories. The main goal of classification is to identify the
class to which the new data will belong. Therefore, the definition of a classification model
is that the model predicts or draws a conclusion on the input data provided for training
and will predict the class or category of the data.

The classification learner is a MATLAB tool. It includes several classifiers, the most
important of which are the decision tree, the support vector machine (SVM), the k-nearest
neighbors (KNNs), the ensemble trees, and discrimination analysis [60,61]. In addition, it
allows for supervised learning tasks to be performed, such as interactive data exploration,
feature selection, defining validation schemes, constructing training models, and evaluating
results. Supervised machine learning can be performed using different classifiers by feeding
a known dataset (observations) and a known output (responses) in the form of labels of
classes. The trained model can be exported to predict the classes of a new dataset.

The data to be classified were collected from Sakrand, Sindh, Pakistan, and each
sample’s water quality index (WQI) was computed. A total of 80 samples were used in
this study. The data were categorized as training and testing data. Sixty-five data samples
were used to train the classification model, and fifteen data samples were used to test the
constructed model and determine its prediction accuracy. The WQI was classified into
three classes (excellent, good, and poor), as shown in Table 1. The distribution of the
sample data based on the WQI class limit is categorized in Table 2. The data, including
65 training samples, were distributed based on WQI computation as follows: 13 samples
were excellent, 40 were good, and 12 were poor in terms of the WQI state. The 15 testing
samples were categorized as follows: 2 exhibited an excellent WQI state, 2 had a poor WQI
state, and the 11 remaining samples exhibited good WQI states. Table 3 illustrates some of
the data used to construct the training model of classification. EC, pH, TDS, HCO3−, Cl−,
SO4

2−, Ca2+, Mg2+, Na+, K+, NO3−, F−, Fe, and As were used as the input parameters to
the classifiers, and the code related to the WQI value is the output of the model. The water
quality index (WQI) is the last column, and the code refers to each sample class based on
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the WQI class limit in Table 1, where code 1 refers to an excellent WQI, 2 refers to a good
WQI, and 3 refers to a poor WQI.

Table 1. WQI class limit.

Water Quality Index (WQI) WQI Class WQI Code
0 < WQI < 50 Excellent 1

50 < WQI < 100 Good 2
WQI > 100 Poor 3

Table 2. WQI data sample distribution.

WQI State Number of Samples
Training Testing

Excellent 13 2
Good 40 11
Poor 12 2
Total 65 15

Table 3. Training data samples.

Model Inputs Model
Output

EC PH NTU TDS ALK. TH HCO3− Cl− SO42− Ca2+ Mg2+ Na+ K+ NO3− F− Fe As Code WQI

1306 7.6 2.1 474 2.4 220 120 89 81 40 29 68 2.1 0.89 0.14 0.01 0 1 34.947

1307 7.7 2.4 358 2 150 100 88 48 24 22 58 1 0.6 0.18 0.03 10 1 31.974

1308 7.4 2.8 401 2.4 180 120 89 58 32 24 60 2 0.77 0.14 0.07 0 1 32.144

1309 7.7 2.9 656 4.2 310 210 130 89 52 44 90 3.2 0.66 0.19 0.03 0 1 46.7

1876 8.1 2.2 1078 13.6 560 280 195 169 68 53 171 3.3 0.76 0.29 0.04 0 2 69.322

1356 8 3 884 5.8 410 450 168 139 180 51 120 4.6 0.67 0.23 0.03 0 2 69.837

2700 6.9 2.9 1201 9.2 820 280 280 228 72 58 139 4.6 0.92 0.37 0.04 10 2 83.405

1399 7.2 3.9 868 6.6 430 680 150 175 160 90 120 3.9 0.99 0.32 0.07 0 2 78.639

1949 6.9 3 1228 9.2 600 290 189 180 74 61 167 6.1 1 0.44 0.06 10 2 77.049

1566 7.2 3.2 895 28 480 460 200 144 159 49 158 3.8 0.86 0.37 0.09 0 2 73.765

2440 6.8 2.5 1600 4.2 750 850 238 200 120 115 211 6 0.97 0.27 0.09 0 3 107.43

3220 6.6 2.1 1312 9.6 890 350 395 320 62 27 326 5.4 0.99 0.44 0.03 0 3 100.59

3080 6.7 2 710 20.2 900 780 311 280 130 134 281 13.3 0.78 0.42 0.23 0 3 118.38

3880 6.8 3.9 1952 6 850 700 333 265 210 128 309 14 2 0.55 0.02 0 3 137.66

Data samples were used in their raw form without any data transformation. In
addition, data were normalized by dividing each value in each column by the maximum
value of the column. The normalization process was performed according to Equation (6):

Xnormalized =
Xi

max(Xn)
(6)

where Xnormalized refers to the normalized value of X, Xi expresses the parameter’s value in
sample i, and n refers to the total number of samples in each parameter’s column.

When using the raw data and the normalized data samples for all classifiers in the
classification learner MATLAB tools, the classification accuracy of each classifier was
recorded, as shown in Table 4. Table 4 illustrates the prediction accuracies of each classifier.
The results indicate that the linear SVM developed the highest prediction accuracies,
whether the data were in their raw form or normalized. For example, the prediction
accuracy was 90.8% for the training data in their raw form and 89.2% for the normalized
data. On the other hand, the KNN classifier developed the second-best prediction accuracy
for the training data. The prediction accuracies were the same for the raw and standardized
data, with a value of 87.7%. Based on the prediction accuracy results, the trained model
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developed using linear SVM was used as the classifier model to test the new data and
determine their class.

Table 4. Comparison between different classifiers.

Classifier
Training Data

Raw Data Normalization

1. Decision Tree (DT)
Fine tree 72.3 80.0

Medium tree 72.3 80.0
Coarse tree 69.2 76.9

Linear discriminant 86.2 86.2
Quadratic discriminant Fail Fail

2. Support Vector Machine (SVM)
Linear SVM 90.8 89.2

Quadratic SVM 87.7 83.1
Cubic SVM 89.2 86.2

Fine Gaussian SVM 61.5 61.5
Medium Gaussian SVM 84.6 80.0
Coarse Gaussian SVM 66.2 66.2

3. K-Nearest Neighbors (KNN)
Fine KNN 87.7 87.7

Medium KNN 78.5 80.0
Coarse KNN 61.5 61.5
Cosine KNN 75.4 73.8
Cubic KNN 87.5 76.9

Weighted KNN 84.6 83.1
4. Ensemble Trees

Ensemble Boosted Trees 61.5 61.5
Ensemble Bagged Trees 83.1 86.2

Ensemble Subspace Discriminant 84.6 84.6
Ensemble Subspace KNN 86.2 86.2

Ensemble RUSBoosted Trees 78.5 80.0

Inaccurate predictions can arise for various reasons:

- There are not enough relevant and informative features. Thus, the classifiers struggle
to make accurate predictions.

- The training data are imbalanced, leading to one class having significantly more
instances than the others.

- When a classifier learns too much from the training data and cannot generalize
effectively to new data; this might occur if the model is complicated or the training set
contains noise.

- When a classifier is too simple and fails to capture the underlying patterns in the
data; this can happen if the model is not complex enough or if there are insufficient
training data.

3.2. Linear Support Vector Machine (LSVM)

SVM is a linear model for classification and regression problems. It can deal with many
practical problems, both linear and nonlinear. Its premise is straightforward: developing a
hyperline or plane that separates the data into classes. Therefore, the new data point can
easily be placed in the accurate class. This method can be categorized into two types: linear
SVM and nonlinear SVM. Linear SVM can be used for linear data when the data set can be
classified into two classes using a single straight line. For nonlinear SVM, the data cannot
be classified using a straight line [60,62].

For linear SVM, it helps to find the best decision line or boundary of each class, as
shown in Figure 2. This boundary or better region is called a hyperplane. Next, it explores
the nearest point of the lines of both classes, which are called support vectors. The distance
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between the vectors and the hyperplane is called the margin. SVM is used to maximize
this margin.
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Therefore, the hyperplanes are essential in multidimensional space to distinguish
between classes, and they are used to discriminate between two classes (yi and yi) for two
input vectors (Xi and Xj). The classification process is an optimization problem, since the
margin between the two classes must be maximized. The hyperplane can be expressed as
orthogonal weight vectorω as in Equation (7) [62]:

ω =
[
ω1 ω2 . . . . . . . . . ωk

]
(7)

This orthogonal vector can be used with the input vector Xi to identify the function of
the hyperplane, h, as in Equation (8):

h(Xi) = ωT ·Xi + ω0 = ω0 +
k

∑
i=1

ωi· xi (8)

where the term ω0 refers to the basis that is required to define the hyperplane position
where h(X) = 0.

If two points Xi and Xj refer to the two closest points on each side of the hyperplane,
then the h(Xi) and h

(
Xj
)

values can be expressed as in Equations (9) and (10), respectively:

h(Xi) = ωT ·Xi + ω0 = 1 (9)

and
h(Xi) = ωT ·Xi + ω0 = −1 (10)

where Xi refers to class 1 if h(Xi) ≥ 0 and class −1 in other cases.
The distance between the two hyperplanes Xi − Xj can be identified using Equation (11):

Xi − Xj =
2

‖ω‖2 (11)
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where ω is the weight vector.
Minimizing ω leads to the maximization of the distance between the two hyperplanes

Xi − Xj. Therefore, this optimization problem can be identified, as in Equation (12):
Min : 1

2‖ω‖
2 + C

k
∑

i=1
ζi

Such that : yi(ω.xi + ω0) ≥ 1− ζi
∀i, 0 < ζi < 1, i = 1, 2, . . . . . . , k

(12)

where ζi refers to the slack non-negative variables, and C refers to the margin parameters.

4. Results and Discussion
4.1. Results According to the Training of the Raw Data

Table 4 shows that the linear SVM was the best classifier, with the highest prediction
accuracy of 90.8%. The accurate and inaccurate predicted points are shown in the scatter
plot in Figure 3. The colored circles refer to the accurate predictions, and the crosses
represent the inaccurate predictions. The history section depicts all the classifier results that
explained each classifier’s prediction accuracy, and the bold number refers to the accuracy
of the linear SVM. The number of predictors that expressed all parameters used to compute
the WQI was 17 (EC, pH, TDS, HCO3

−, Cl−, SO4
2−, Ca2+, Mg2+, Na+, K+, NO3

−, F−, Fe,
and As). Therefore, the total number of training samples represents 65 data samples. There
were three response classes (1 for excellent WQI, 2 for good WQI, and 3 for poor WQI,
as shown in Table 1). Tenfold cross-validation was applied to ensure that the training
process and its results were exemplary. The data were divided into ten groups: one of the
ten was used as a validation group, and the other nine were training sets. The prediction
accuracy was computed for the nine groups. The validation group was inserted into the
nine groups, and another one was selected as a data validation group, and so on. At the end
of the training process, the accuracy was determined as the average of the ten prediction
accuracies. As shown in Figure 3, the training time was 7.667 s, and the prediction speed
was 470 obs/s.
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Figure 4a,b show the confusion matrix of the training data in their raw form. It
illustrates the number of accurate predictions in green cells and the number of inaccurate
predictions in red cells. For class 1 (excellent WQI), the trained linear SVM produced
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accurate predictions for all samples, the same as the actual WQI states, and it accurately
predicted the 13 samples with excellent WQI states (13/13, 100%). A total of 37 out of
40 samples were inaccurately predicted as having good WQI, with a prediction accuracy of
92.5%. The prediction accuracy of the poor WQI samples was 75%, with 9 out of 12 samples
being accurately predicted.
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Figure 4. Confusion matrix of the training of the raw data: (a) accurate predictions in relation to
inaccurate predictions; (b) the prediction accuracy of the accurate and inaccurate predictions.

The positive and negative predictive values can be determined as shown in Figure 5.
The predicted class 3, for poor WQI, appeared ten times: nine were accurate, with an
accuracy of 90%, and one sample was predicted as having a good WQI (class 2), with a
10% error rate. The excellent WQI state appeared 15 times, 13 times accurately, with 87%
positive predictive value, and twice as an inaccurate prediction or false prediction, with an
error rate of 13%. The two false samples were classified as having a good WQI.
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Figure 6 illustrates the receiver operating characteristics (ROC). It depicts the current
classifier performance with the true positive rate (TPR) and false positive rate (FPR). In
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total, 4% of the observations were inaccurately assigned to the positive category based
on FPR, and 100% were accurately classified as TPR. Therefore, a classifier’s accuracy can
be measured according to its area under the curve (AUC), which refers to a prediction
accuracy of 98%. Hence, the classifier performed better than expected.
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As shown in Table 5, a total of 15 samples were used to test the constructed model
via the training process. These samples were selected randomly to measure the prediction
accuracy of the constructed model. The trained model can be exported to the workspace in
MATLAB to create a new file that contains the new sample data without its actual response,
and only the input data. When testing the model via the new data samples, the results
indicated that the constructed model predicted 13 samples with the accurate class out of
the 15 testing samples, with a prediction accuracy of 86.667%. However, two good WQI
states were wrongly predicted, one as an excellent WQI and the other as a poor WQI.

Table 5. The testing sample results of the constructed linear SVM.

Model Inputs Actual WQI
Code

Model
Output

EC PH NTU TDS ALK. TH HCO3−Cl− SO42− Ca2+ Mg2+ Na+ K+ NO3− F− Fe As WQI Code Prediction

1304 7 2 669 5.8 330 290 99 98 72 36 77 4.1 0.77 0.17 0.06 0 48.85 1 1

1305 8 2.3 564 4.4 350 220 70 62 62 47 39 2 0.76 0.18 0.04 5 41.74 1 1

1401 6.9 2 1000 6.8 460 340 188 135 88 58 158 2.1 0.87 0.32 0.05 0 64.44 2 2

1617 7.3 1.3 897 6.4 450 320 147 139 78 62 113 1.6 0.72 0.27 0.06 5 62.48 2 2

1920 6.5 3.1 1000 6.7 450 335 186 134 78 62 113 1.6 0.88 0.22 0.05 5 66.49 2 2

2470 6.5 2.1 1228 10.1 610 505 177 186 110 81 158 3.1 0.9 0.25 0.03 5 84.71 2 2

1684 7.2 3.1 1581 11.6 730 580 263 195 150 86 226 8.8 0.98 0.22 0.43 0 99.26 2 3

2380 7.3 3.2 1078 12 480 370 189 177 92 61 162 4.5 0.97 0.23 0.06 5 78.95 2 2

1772 7.1 2.4 1523 12 770 600 236 239 140 102 187 6.5 0.77 0.23 0.05 10 96.27 2 2

1693 7.2 3 1134 7.8 560 390 225 144 94 79 146 4.2 0.75 0.1 0 0 72.21 2 2

1405 6.8 3.6 1054 4.6 580 430 170 155 84 84 53 12.4 0.89 0.19 0.03 5 72.67 2 2

1102 7 2.4 1084 5 430 250 132 179 72 53 124 2.5 0.78 0.16 0.03 5 57.75 2 2

1103 7.1 1 899 4.1 240 204 127 148 40 63 48 3.4 0.88 0.13 0.02 0 48.65 2 1
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Table 5. Cont.

Model Inputs Actual WQI
Code

Model
Output

EC PH NTU TDS ALK. TH HCO3−Cl− SO42− Ca2+ Mg2+ Na+ K+ NO3− F− Fe As WQI Code Prediction

4620 6.9 2.7 1971 14 1111 900 415 370 260 142 371 5.2 3 0.21 0.03 0 153.7 3 3

1888 7.4 3.2 2483 3 1260 1010 533 388 100 148 472 5.2 0.77 0.43 0.22 0 144.5 3 3

86.67

4.2. Results According to the Training of the Normalization of the Data

The effect of data normalization was investigated, to determine whether it enhances
the prediction accuracy or leads to a decrease. Thus, data normalization was performed
as in (1). The new data were trained for all classifiers using the classification learner tool
in MATLAB, and the same result was obtained. The linear SVM produced the highest
prediction accuracy, with a value of 89.2%, as shown in Figure 7. The confusion matrix of
the prediction results of the trained model referred to some changes rather than the trained
model results with raw data. The number of accurate predictions in each class was changed.
The results of the trained model indicated that 12 out of 13 excellent WQI samples were
accurate, with a prediction accuracy of 92%. For the good WQI samples, 38 were accurately
predicted with a prediction accuracy of 95%, and 2 were inaccurate predictions, with a 5%
prediction accuracy. Finally, the prediction accuracy of the poor WQI state was 67%, where
8 out of 12 samples were predicted accurately. Figure 8 illustrates the prediction accuracy
for each class, where the green cells refer to the accurate predictions, while the red cells
refer to the incorrect predictions.

The testing data samples were normalized based on the maximum value of each
parameter column. Then, the constructed linear SVM was applied to these testing data
to develop the model’s prediction accuracy with the new data samples. The prediction
accuracy of the constructed model based on the normalized data is higher than that gen-
erated by the model constructed with the raw data. As shown in Table 6, the prediction
accuracy of the constructed model can be computed according to the agreement between
the actual WQI code and the resultant code from the model. The results indicate that the
model can accurately predict 14 of the 15 new samples. As shown in Table 6, there was
only one incorrect prediction, which occurred in the thirteen samples with a good WQI
state; the one incorrectly predicted sample was predicted as having an excellent WQI state.
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0.35 0.8 0.5 0.27 0.4 0.34 0.4 0.22 0.2 0.3 0.2 0.2 0.1 0.3 0.3 0.09 0.5 2 2

0.24 0.9 0.8 0.35 0.4 0.41 0.4 0.33 0.2 0.4 0.2 0.3 0.3 0.3 0.3 1.23 0 2 2

0.34 0.9 0.8 0.24 0.4 0.27 0.3 0.24 0.2 0.3 0.1 0.2 0.2 0.3 0.3 0.17 0.5 2 2

0.25 0.9 0.6 0.34 0.4 0.43 0.4 0.3 0.3 0.4 0.2 0.2 0.3 0.2 0.3 0.14 1 2 2

0.24 0.9 0.8 0.25 0.3 0.31 0.3 0.28 0.2 0.3 0.2 0.2 0.2 0.2 0.1 0 0 2 2

0.2 0.8 0.9 0.23 0.2 0.32 0.3 0.21 0.2 0.2 0.2 0.1 0.5 0.3 0.2 0.09 0.5 2 2

0.16 0.9 0.6 0.24 0.2 0.24 0.2 0.17 0.2 0.2 0.1 0.2 0.1 0.2 0.2 0.09 0.5 2 2

0.16 0.9 0.3 0.2 0.1 0.13 0.1 0.16 0.2 0.1 0.1 0.1 0.1 0.3 0.2 0.06 0 2 1

0.65 0.9 0.7 0.44 0.5 0.62 0.6 0.52 0.4 0.8 0.3 0.5 0.2 0.9 0.3 0.09 0 3 3

0.27 0.9 0.8 0.55 0.1 0.7 0.7 0.67 0.5 0.3 0.3 0.6 0.2 0.2 0.6 0.63 0 3 3

93.33

5. Conclusions

In this work, the classification learner tool in MATLAB was used to construct a
prediction model to reduce the computation time necessary to determine the WQI state
for water samples. The data samples were used in their raw and normalized forms to
investigate which one can produce the highest prediction accuracy with the classifiers in
the classification learner tool. The results based on the training data indicate that the linear
SVM is the best classifier with the two data forms. The prediction accuracies with the raw
and normalized forms were 90.8 and 89.2%, respectively. On the other hand, the prediction
accuracy for the testing data samples with normalized data developed higher accuracy
than with raw testing data. The prediction accuracy of the testing data was 93.33% (14/15),
while it was 86.67% with the testing of the raw data. The prediction accuracy of the testing
data shows that the constructed linear SVM can predict reasonably well and can be used
for other new data. Finally, the results indicate that the linear SVM model can predict the
WQI code for new data samples with reasonable precision.
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