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Abstract 

Dirty water is the world's biggest health risk. When water from rain roads into rivers, 

it picks up toxic chemicals, dirt, trash and disease-carrying organisms along the way. 

Many of our water resources lack basic protections, making them vulnerable to pollution 

from factory farms and industrial plants. Due to that, a classification model is needed to 

present the quality of the water environment. In this paper, the data mining techniques 

are used in this research by applying the classification method for water quality 

application. Various classifiers were studied in order to find the most accurate classifier 

for the dataset. This paper presents the comparison of accuracies for the five classifiers 

(NB, MLP, J48, SMO, and IBk) based on a 10-fold cross validation as a test method with 

respect to water quality from the datasets of Kinta River, Perak Malaysia. This study also 

explores which classifier is suitable to classify the dataset. The selected attributes used in 

this study were: DO Sat, DO Mgl, BOD Mgl, COD Mgl, TS Mgl, DO Index, AN Index, SS 

Index, Class, and Degree of pollution. The data consisted of 166 instances and obtained 

from the East Coast Environmental Research Institute (ESERI) of Universiti Sultan Zainal 

Abidin (UniSZA). The result of MLP and IBk performed better than other classifiers for 

Kinta River dataset because these classifiers showed the highest accuracy with the same 

percentage of 91.57%. In the future, we will propose the multiclassifier approach by 

introducing a fusion at a classification level between these classifiers to get a higher 

accuracy of classification. 
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1. Introduction 

Data mining is increasingly practiced in science to draw out information from the 

enormous data sets generated by modern experimental and observational methods. It is 

used to find new, hidden, or unexpected patterns in data. Now, more than one 

organizations are using data mining techniques [1]. Many research work in data mining 

have gone into improving the predictive accuracy by applying the data mining techniques. 

For instance, data mining includes analysis and prediction of data as it contains of more 

than just data collection and data management. In order to manage the data, there are 

several data mining techniques that can be used. One of them is the classification method, 

which is widely known as compared to regression with its ability to process wider variety 

of information [2]. Classification is a machine learning method that is used in predict data 

instances[2]. It is also one of the data mining tasks, considering that many of the 

classification problems do not occur in only one application areas[3]. Data mining 
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methods include techniques which evolve from artificial intelligence, machine learning, 

statistics, and so on. The data mining categorisation is shown in Table 1. 

Table 1. Data Mining Categorisation 

Author Data Mining Categorisation 

Fayyad, et. al. (1996)  

 

Classification, Regression, Clustering, 

Summarization, Dependency modeling, Link 

analysis, Sequence analysis 

Han et. al. (1996) Association, Generalization, Classification, 

Clustering, Similarity search, Path traversal 

pattern 

Berry (1997) 

 

Classification, Estimation, Prediction, Affinity 

grouping, Clustering, Description 

 

Classification maps a data item into one of several predefined categorical classes. For 

instance, decision tree, neural network, and some probability approaches are often used in 

performing this function. There are two steps to implement classification function. Firstly, 

a classification model is built to describe a predetermined set of classes or concepts, and 

secondly, the model is used for classification. 

In this paper, water quality was chosen as an application field to demonstrate the 

proposed approach in achieving high accuracy. It is important to note that water is 

essential and there is a strong link between water and health. Besides that, safe water is 

key to life and having poor quality water not only damages the environment and kills 

wildlife, but it can also sicken and kill people. The effect of human activities on water 

quality can be seen in terms of the ecosystem and the water usage[1]. Furthermore, the 

quality of water determines the level of both the health of human beings and the 

ecosystem. About a billion people do not have a reliable constant supply of safe water, 

where two to four million deaths a year are attributed to unsafe water [4]. Due of the 

situation, classifying the accuracy of water quality is very important. The people, lab 

instruments, and sensors have been part of studies in order to monitor water quality. 

However, the cost and time are expensive [5]. 

This paper presents the comparison of accuracies for five classifiers. There are NB, 

MLP, J48, SMO, and IBk. Three different aspects such as complexity, overfitting, and 

performance are considered in the selection process of the classifier. Other than that, in 

order to classify water quality data, several machine learning methods like decision tree 

and artificial neural networks (ANNs) have been used [5]. In order to handle large data 

set, the new classification algorithms need to be designed[6]. 

The rest of this paper is organised as follows: Section 2 presents the related work on 

classification model, feature selection approach, water quality classification and 

performance evaluation criteria. The research framework is explained in Section 3, 

followed by the details of used datasets in Section 4. This paper continues with Section 5 

reporting the experimental results and lastly, Section 6 summarises this paper.  
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2. Related Work 

The predictive model such as the decision tree can help people to acquire a target value 

through the classification and analysis[7]. Decision tree is a model that is both predictive 

and descriptive. For instance, a decision tree displays relationships found in the training 

data, in which the prediction of water quality becomes a very complicated issue due to the 

complexity and diversity. The prediction of water quality becomes effective when it 

comes up with an improved decision tree learning method[8]. The decision tree also has 

an advantage in water quality classification. For example, the potential water quality 

among times can be easily identified by the set of terminal nodes in the tree that has better 

water quality data classification, and then the user can focus on the specific data described 

by those nodes. Thus, the decision tree is capable to be constructed effectively as 

compared to other methods [8]. 

Some researches use decision tree learning for water prediction. In [9], they applied 

decision trees method into construction models to qualitatively predict 

Phaeocystisglobosa blooms in the Dutch coastal waters. In [10], they used the decision 

tree model to predict the level of chlorophyll on the next day from Online Monitoring 

Station. Two applications of the decision tree learning were introduced in simultaneous 

predictions of multiple physic-chemical properties and past physic-chemical properties of 

the river water from biological properties[11].  

Moreover, Artificial Neural Networks (ANNs) has become the main focus of many 

scientific disciplines, and one of them is water quality [5]. ANNs has been widely used in 

solving environmental problems including water resources modeling and management 

problems [12]. ANNs is an excellent predicting tool for WQI and very useful for helping 

decision makers as part of the Juru River management measures [12]. In [5], they 

implemented a multilayer perception (MLP) neural network using the levenberg –

macquardt (LM) algorithm to classify water quality of canals in Bangkok. As a result, the 

classification trees performed better than the multilayer perceptron neural network. 

Multilayer perceptron neural network achieve a high accuracy multilayer perception rate 

at 96.52% in classifying the water quality of Dusit District canal in Bangkok. The usage 

of multilayer perceptron (MLP) is very famous in solving a number of different problems 

[13].  

In [14], they used naïve Bayes methods for the diatoms classification. They used this 

technique to assess relationships between the diatoms and the indicators of the 

environment, at the same time classified into one of the water quality classes (WQCs). In 

[15], the Least Squares Support Vector Machine (LS-SVM) theory were proposed in 

order to improve the accuracy of water quality retrieval. Furthermore, the experimental 

results showed that LS-SVM achieved good performance with the lower of complexity. 

ANN and Support Vector Machine (SVM) display optimal training performances and 

generalization in many fields of application [16]. To appropriately solve the classification 

and regression issues, support vector machine can transform the learning process into a 

convex quadratic planning problem to get a global optimisation by using the rule of 

minimum structure risk [17]. 

IBk is an implementation of the k-nearest-neighbor (kNN) classifier. Each case is 

considered a point in multi-dimensional space. The classification is done based on the 

nearest neighbor. Other than that, the value of ‘k’ for nearest neighbor can be different. 

This determines how many cases must be considered as neighbor to decide how to 

classify an unknown instance [3]. Moreover, the k-Nearest Neighbor was also used in 

classifying drinking water quality (DWQ) [18]. In this research, using different classifiers 

to compare which classifiers can achieve a higher accuracy of data by applying k-folds 

cross validation.  

Applying the feature selection in this study may improve the performance of 

classification algorithm and allow us to better understand the domain. By using the 
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feature selection, it produces higher accuracy [19]. The filters, wrappers, and embedment 

are feature subset selection approaches that perform the feature selection process as an 

integral part of a machine learning algorithm [20]. The feature selection in supervised 

learning has been well studied, where the main goal is to find a feature subset that 

produces higher classification accuracy [21]. Guidelines for applying feature selection 

methods are given based on data types and domain characteristics [22]. In reducing the 

dimension of the problem and enhancing the performance of classifiers, a greedy feature 

selection procedure based on multidimensional mutual information is applied [23]. Two 

methods such as dimensionality reduction and feature subset selection are important 

components in classification or regression problems as they reduce the attribute space of a 

feature set [20]. 

In increasing the level of confidence of classification and the generalization 

performance, we need to choose the set of classifiers, from a population of high accurate 

classifiers, with lowest inaccuracy among its members [24]. The collective behavior of a 

set of classifiers can produce useful information to improve system performance [25]. 

We used data mining tools, WEKA for this experiment. Nowadays, WEKA widespread 

its used in both academic and business [26]. It is a collection of machine learning and data 

mining algorithm. The algorithms can either be applied directly to a dataset or called from 

our own Java code. WEKA contains tools for data preprocessing, classification, 

regression, clustering, association rules, and visualisation [27]. 

The classification of water quality is based on water quality index [28]. The 

relationship between WQI and water qualification is shown in Table 2. 

Table 2. Relationship between WQI and Water Qualification 

Degree of  Pollution WQI range 

 

Clean 

 

81-100 

 

Slightly Polluted 

 

60-80 

 

Very Polluted 

 

 

0-59 

 

The visualisation tool such as confusion matrix is used to present the accuracy of the 

classifiers in classification [29]. The entries in the confusion matrix have the following 

meanings in the context of our research: 

 a is the number of correct predictions for clean class, 

 b, c is the number of incorrect predictions for clean class,  

 e is the number of correct predictions for slightly polluted class,  

 d, f is the number of incorrect predictions for slightly polluted class,  

 i is the number of correct predictions for very polluted class, 

 g, h is the number of incorrect predictions for very polluted class, 
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Table 3. Confusion Matrix 

  Predicted 

   

Clean 

 

Slightly 

Polluted 

 

Polluted 

 

Actual 

Clean a b c 

Slightly Polluted d e f 

Polluted g h i 

 

The accuracy (Acc) is the measurement of the total number of predictions that were 

correct. It is determined using equation 1. 

 

                   (1) 

 
 

3. Research Framework 

Figure 1 represents the single classifier framework for Water Quality Classification. It 

consists of four processes: input, feature selection, data mining process, and output. 

In data input, the data are referred to the components of numeric and categorical 

datasets. The data will be prepared and filtered to improve the quality of data and time to 

clear the noise at the same. The next process, a feature selection process, will be 

implemented on the water quality information criterion dataset in increasing the 

classification accuracy by eliminating noise features. It means that redundant and 

irrelevant features are ignored. By using the classification approach, the different 

classifiers are used to achieve the best result of classifying water quality at Kinta River, 

Perak. Lastly, the predicted class will be determined. 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Classifier Framework 

4. Dataset Description 

The Water Quality of Kinta River, Perak datasets from the ESERI were used to predict 

the accuracy of data. The description’s detail of dataset is shown in Table 4. The 

classification of water quality is based on water quality index [28]. 
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Table 4. Description of the Water Quality Dataset 

Dataset Water Quality of Sg Kinta, 

Perak Malaysia 

No. of Attributes 10 

No. of instances 166 

No. of classes 3 

Dataset consisted of ten attributes (DO Sat, DO Mgl, BOD Mgl, COD Mgl, TS Mgl, 

DO Index, AN Index, SS Index, Class, and Degree of pollution). The dataset also 

consisted instances with a set of numerical and categorical features. Other than that, the 

datasets contained 166 of instances and for class, they were divided into three categories 

(clean, slightly polluted, and polluted). 

 

5. Experimental Results 

To evaluate the propose model, a number of experiments were performed. Figure 2 

shows the comparison of accuracies for the five classifiers used based on a 10-fold cross 

validation as a test method without the feature selection namely, NB, J48, MLP, SMO, 

and IBk. From the figure, SMO achieved the higher accuracy of 84.94% followed by NB 

obtaining 81.33% better than MLP, J48, and IBk. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Single Classifier in WQ Dataset without Feature Selection  

Figure 3 shows the comparison of accuracies for the five classifiers based on a 10-fold 

cross validation as a test method with the feature selection: NB, J48, MLP, SMO, and 

IBk. MLP and IBk achieved the highest accuracy with the same percentage (91.57%) 

followed by SMO (88.55%), which indicated a result better than that produced by NB and 

J48. 
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Figure 3. Single Classifier in WQ Dataset with Feature Selection 

6. Conclusions 

The experimental results in WQ dataset show that MLP and IBk achieved the higher 

accuracy than other classifiers. These classifiers are indeed suitable for classifying 

datasets but we also require another approach to find the most accurate classifier in order 

to improve the higher accuracy of dataset. In future we will propose our multiclassifier 

approach in improve the accuracy of datasets using a fusion classification level between 

these classifiers. 
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