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ABSTRACT 

This study characterizes the drinking water quality on 28 water treatment plants in Selangor 

from 2009 to 2012 using multivariate techniques. The objectives of this study are to analyze 

the quality of collected drinking water and to detect the source of po

revealing parameters. The Partial Least Square Discriminant Analysis (PLS

showed a high correlation matrix of analysis for physicochemical quality of two types of 

water with 99.43% significant value. The classification matrix

component analysis (PCA) highlighted 13 significant physico

parameters and 14 significant heavy metal parameters. PCA was carried out to identify the 

origin and source of pollution of each water quality par

that chemometric method is the principle way to characterize the drinking water quality.
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This study characterizes the drinking water quality on 28 water treatment plants in Selangor 

from 2009 to 2012 using multivariate techniques. The objectives of this study are to analyze 

the quality of collected drinking water and to detect the source of pollution for the most 

revealing parameters. The Partial Least Square Discriminant Analysis (PLS

showed a high correlation matrix of analysis for physicochemical quality of two types of 

water with 99.43% significant value. The classification matrix accuracy of the principal 

component analysis (PCA) highlighted 13 significant physico-chemical water quality 

parameters and 14 significant heavy metal parameters. PCA was carried out to identify the 

origin and source of pollution of each water quality parameters. Therefore, this study proves 

that chemometric method is the principle way to characterize the drinking water quality.
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1. INTRODUCTION 

The provisions of safe water supply and sufficient sanitation for sustaining good health are 

among the basic human rights [1]. Up to 90% of every human weight consist of water. Water 

serves a number of essential functions in human bodies [1]. The low quality of drinking water 

has directly affected the economy of the countries facing poverty. The widespread of problem 

due to water-borne diseases is becoming a serious global concern [2-3]. A set of guidelines for 

safe and portable water supply in Malaysia has been provided by the Drinking Water Quality 

Surveillance Unit of the Ministry of Health Malaysia. This was performed under the guidance 

of experts from the World Health Organization (WHO) with a panel from the Public Works 

Department (PWD), Department of Chemistry (DOC) and Department of Environment (DOE). 

After the National Guidelines for Drinking Water Quality 1983 was published the panels 

mentioned above were involved in the surveillance of drinking water quality. Although with the 

existence of modern treated water networks, there are occurance of deformities during certain 

stages of the production. In several cases the raw water could be polluted with a large number of 

contaminants due to natural and anthropogenic factors [4-5]. Certain process disruptions and 

calamities at the treatment plants could affect the drinking water quality [6]. As a consequence, 

the standards of water quality throughout the consumer’s water distribution system are not at 

par with the final product attained at the water treatment plant [7-8]. Effective remedial 

measures has to be applied to avert further impact on human health. Immediate prevention steps 

should be taken to curb the degradation in water quality from the initial point to consumers [9]. 

Therefore, a good maintenance of water treatment plants and distribution network is very 

important [10-11]. A comprehensive risk analysis is needed in detecting the critical points along 

the production stages, so that risks are reduced [12-13].  

In this study, the spatial analysis was done to reveal the most significant variables in the 

drinking water quality. A comprehensive and precise data interpretation method is required to 

analyze the large and complex raw data [14]. The technique applied in this research is called 

Chemometric. Chemometric is a branch of chemistry related to the analysis of chemical data 

(extracting information of data) and ensuring that experimental data contain maximum 

information (the designs of environment) [15]. Chemometric technique has been applied for the 
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analysis of water quality from the natural reservoir to the tap of the consumer [16]. The 

application of such mathematical tools can help to promote the safety of consumers in food 

quality [17]. The growing importance of multivariate statistical analyses such as partial least 

squares discriminant analysis (PLS-DA) and principal component analysis (PCA) in 

environmental studies has been very useful in measurements and monitoring [18]. 

Chemometric consist of multivariate statistical modelling and data treatment [19]. 

Chemometric is also known as environmetric and also aids in evaluating multifaceted 

relationships with a wide scope of environmental applications namely agriculture, forestry, 

ecology and environmental [20-22]. Chemometric has been diversely used in analyzing 

environmental data [21]. Chemometrics is also classified as the best way to avoid 

misinterpretation of a large environmental monitoring data [23]. This technique is always 

applied in exploratory data analysis tools for the classification of samples [24-25]. 

 

2. METHODOLOGY 

Selangor is a state located in the west coast of Peninsular Malaysia and covers 8000 square 

kilometers extended along the west coast of Peninsular Malaysia at the northern outlet of the 

Straits of Malacca. The geographical coordinates of this area are 3° 31' 11.5068'' N and 101° 

32' 17.2176'' E. The advantageous geographic position and rich natural resources have made 

Selangor the most prosperous state in Malaysia. The raw water data were collected from 28 

water treatment plants which are responsible for the treated water in Selangor, Malaysia. The 

evaluation of the physico-chemical levels and heavy metals levels of the drinking water 

quality in the water treatment plants is based on the secondary data from year 2009 to 2013. 

The locations of the water treatment plants in Selangor are shown in Fig. 1. 
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Fig.1. The locations of water treatment plants in Selangor, Malaysia 

 

2.1. Data Collection 

The drinking water quality data were obtained from the Public Health Division in the 

Selangor Department of Health (JKNS) Malaysia. The Sungai Selangor Water Supply Phase 3 

(SSP3) Rasa water treatment plant, equipped with a total treatment capacity of 250 million 

liters per day (MLD) serves the area in the northern region of Selangor.  

The other treatment plant namely SSP3 Bukit Badong with the capacity to treat drinking 

water up to 800 MLD caters to the Klang Valley area. The Sungai Selangor Dam is a crucial 

part of the SSP3 in providing the additional water supply for 2 million residents and industries 

in Selangor and Klang Valley. All water treatment plants were identified based on the 

availability of data starting from January 2009 to December 2013. The data are classified 

under two types of water sample which are ‘raw water’ and ‘cleaned water’.  

The 34 water quality variables used in this study were categorized as biochemical parameters 

and halogen and heavy metal parameters. There are 18 biochemical parameters namely total 

coliform (TC) (cfu), E. coli (mg/l), pH, turbidity (NTU), colour (TCU), temperature (°C), 

total dissolved solid (TDS) (mg/l), chloride (Cl) (mg/l), ammonia (NH3N) (mg/l), nitrate 

(NO3N) (mg/l), fluoride (F) (mg/l), hardness (mg/), chemical oxygen demand (COD) (mg/l), 

biochemical oxygen demand (BOD) (mg/l) and free residual Cl (mg/l).  

There are 16 halogen and heavy metal parameters namely mercury (Hg) (mg/l), cadmium (Cd) 

(mg/l), arsenic (As) (mg/l), lead (Pb) (mg/l), chromium (Cr) (mg/l), copper (Cu) (mg/l), zinc 

(Zn) (mg/l), sodium (Na) (mg/l), sulphate (SO4) (mg/l), selenium (Se) (mg/l), argentums (Ag) 

(mg/l), magnesium (Mg) (mg/l), chloroform(CHCl3) (mg/l),bromoform (CHBr3) (mg/l), 
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dibromochloromethane (CHBr2Cl) (mg/l) and trihalomethane (CHCl2Br)(mg/l). The 

secondary data on biochemical and halogen and heavy metals levels of the drinking water 

quality of the water treatment plants were analyzed. 

2.2. Data Pre-Treatment 

A total of 55,440 data observations (34 variables x 1680 data set) were analyzed in this 

analysis. Only a small number of missing data were detected in the whole data. The total 

number of missing data in the data observations was very small (~3%) from the overall data. 

In order to facilitate the analyzing data, the nearest neighbour method was applied, which 

based on the endpoints of the gaps using Equation (1): 

y = y1 if x ≤ x1 + [(x2 – x1)/2] or  

y = y2 if x > x1 + [(x2 – x1)/2]                                (1) 

where y is the interpolant, x is the time point of the interpolant, y1 and x1 are the coordinates 

of the starting point of the gap, y2 and x2 are the endpoints of the gap. 

2.3. Data Analysis 

Descriptive statistics were calculated by using Excel 2013 (Microsoft Office). The 

multivariate statistical analysis such as PCA and PLS-DA were performed by using the 

XLSTAT 2014.The purpose of PCA and PLS-DA in this study is to distinguish the 34 drinking 

water parameters originating from the 28 water treatment plants (WTPs) in the Selangor state. 

These multivariate methods predict the origin of the pollutants from the water sources in order 

to curb problems originating from WTPs. 

2.4. Principal Component Analysis  

Analyzing variables, one by one, from a vast trove of numbers has resulted in an inadequate 

amount of data since the correlation between variables were not measured [26]. The variables 

were known as principal components, which are linear combination of the original variables. 

PCA generates a group of new orthogonal variables with a linear arrangement of the original 

variables known as principal components (PC).  

The new axes lie along the directions of highest variance [27]. The PCA techniques extract 

the eigenvalues and eigenvectors of the covariance matrix of original variables and provides a 

clear view about the relationship of a big number of variables with adequate details [28]. PC 

provides facts on the significant parameters that describes the total data set affording data 

reduction without losing the original sources [28-29]. The PC can be expressed as Equation 

(2): 

zij = ai1x ij+ ai2x2j +…+ aimxmj                (2) 
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where z is the component score, a is the component loading, x is the measured value of the 

variable, i is the component number, j is the sample number and m is the total number of 

variables. 

If the PCs generated by PCA cannot be analyzed, they will be rotated by varimax rotation. 

Varimax rotations are considered significant if applied to the PCs with eigenvalues more than 

one [29]. Varimax rotation generates a new group of variables called varimax factors (VFs). 

The varimax rotations attain the same numbers of varimax factors as the variables in 

accordance with general features and may comprise unobservable, hypothetical, and latent 

variables [30]. The VF coefficients with a correlation superior than 0.75 are known as 

“strong”, 0.75-0.50 as “moderate” and 0.50-0.30 as “weak” significant factor loadings [31]. 

PCA was performed for interpretation by detecting the latent factors that influences the 

drinking water quality in Selangor.  

2.5. Partial Least Square Discriminant Analysis (PLS-DA) for Classifying Groups and 

Discriminating Problems  

Partial least squares regression is a robust multivariate regression technique that supports a 

large number of analyses. Besides providing a rapid outline of the main systematic types of 

dissimilarities in the data from multifaceted systems, partial least squares regression aids to 

detect errors in the input data. PLSR is appropriate for selectivity enhancements of analytical 

devices [32]. Therefore, PLSR could be practiced as a multivariate calibration of one 

dependent variable against numerous independent variables. PLSR relates two data matrices, 

X and Y through a linear multivariate model. PLSR also models the structure of X and Y. The 

usefulness of PLSR derived from its tendency to analyze data with many noisy, collinear and 

in certain incomplete variables in both X and [33]. PLS regression used by Partial Least 

Square Discriminant Analysis (PLS-DA) functions in decreasing the dimension, redundancy 

and discrimination problems besides finding the latent variables [34]. 

PLS-DA were formed when the existence of X (dimensional I x J) as a centered matrix of 

predictive drinking water variables of the calibration set. Next, if g is a vector of I integer 

values which codes the qualitative groups to convey the group number related with the 

observation I and this g will signify the total number of qualitative groups [32]. The general 

primary model of multivariate PLS stated in Equation (3) and (4): 

� = ��� + E                       (3)                    

� = ��� + �                      (4)             

where X is n x p matrix of responses while Y is matrix of qualitative comprising the groups of 
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drinking water stations. The application of PLS-DA in this drinking water quality study 

includes the drinking water quality variables. Advanced estimation of drinking water quality 

data is able to be attained by categorizing the interpretations run by PLS-DA. The reduction 

of redundant that contributes to disruptions and effects the non-precise values are portrayed 

by the percentage of corrects tested by PLS-DA. 

 

3. RESULTS AND DISCUSSION 

3.1. Source Identification of the Monitoring Area 

Fig. 2 highlights all the 12 out of 18 biochemical parameters quality variables used in this 

study that satisfies the 0.50 factor loadings threshold. These pollutants are then classified as 

the most contributing pollutants in the selected monitoring stations in Selangor. For the 

qualitative evaluation of clustering behaviour PCA with varimax rotation for biochemical 

parameters are revealed in Table 3. 

 
Fig.2. Factor loading plot after varimax rotation for biochemical parameters 

 

The PCA of these data indicate their association and grouping with seven factors in drinking 

water. The total cumulative for the seven factors in drinking water was 62.86%. VF1 

contributed 13.21% to the total variance with a high loading on TC (0.85), E. coli (0.85) and 

Turbidity (0.60) as shown in Table 3. TC and E. coli levels are indicated due to the presence 

of microorganisms. Frequently, these pathogens derived from water contaminated with human 

waste [19]. VF2 accounts 12.30% of the total variance has a high loading on Cl (0.65), 

NO3-N (0.75) and hardness (0.75) as shown in Table 3. The sources of NO3-N is 
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eutrophication of the dissolved nitrate can easily leach into surface and groundwater to be a 

major contaminant [30]. Cl in water is originated from natural sources, sewage, urban runoff, 

and industrial wastewater [35]. VF3 accounts 8.34% of the total variance has a high loading 

on COD (0.74). The COD level indicates the presence of biological waste such as dead leaves 

and animal waste. VF4 accounts 9.33% of the total variance has a high loading on Turbidity 

(0.50) and Colour (0.75). The occurrence of Turbidity is due to the presence of mineral salts 

compounds. The high loadings of turbidity and colour related to the discharge from urban 

development areas that involves the clearing of lands, soil erosion due to surface runoffs and 

agricultural runoff [36]. VF5 accounts 7.40% of the total variance was highly correlated to F 

(0.65). The high level of Fl in drinking water could be due to the existence of fluoride bearing 

minerals in the area [37]. The Al level indicates the usage of Aluminium Sulphate (AlSO4) as 

coagulants to reduce the organic matter, colour, turbidity and microorganism level in 

untreated waters [38]. The high level of Flouride in drinking water could contribute to the 

utmost prevalence of dental fluorosis [37]. 

The VF6 accounts 5.91% of the total variance was highly correlated to pH (0.95) resulted 

from the breakdown of water treatment plants. The VF7 accounts 6.37% of the total variance 

was highly positively correlated to only BOD. This can be explained by the impact of 

biological contaminants from point sources such as discharge from wastewater treatment 

plants, domestic wastewater and industrial effluents [37]. 

Fig. 3 highlights all the 14 out of 16 halogen and heavy metal parameters quality variables 

used in this study, which satisfy the 0.50 factor loadings threshold. These pollutants are then 

classified as the most contributed pollutants in the selected monitoring stations in Malaysia. 

For the qualitative evaluation of clustering behaviour, PCA with varimax rotation for halogen 

and heavy metal parameters are revealed in Table 2. For the halogen and heavy metal 

parameters, the VF1 accounts 13.40% of the total variance was highly correlated to Se, 

CHBr3 and CHCl3. The concentrations of Se raise at high and low pH as a result of exchange 

into compounds of greater solubility in water [39]. The presence of CHCl3 in drinking-water 

is via direct pollution of the source and the formation from naturally existing organic 

compounds during chlorination. The CHBr3 is detected in chlorinated drinking-water as a 

result of the reaction between chlorine, which is added during water treatment and natural 

organic substances in the existence of bromide ion. Exposure to CHBr3 and CHCl3 could be 

detrimental to health [35]. The VF2 accounts 11.67% of the total variance was highly 

correlated to As, Pb and CHCl2Br. The mobilization of As is dependent upon factors such as 
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agricultural insecticides, larvicides, herbicides and wood preservatives, anthropogenic 

activities, weathering conditions and redox conditions of water and soil. Approximately, 80% 

of the arsenic produced by humans is released to the water bodies of the environment in the 

form of impurities in pesticides. The water retention in the pipelines causes the leached Pb to 

dissolved [39]. CHCl2Br are mobile in soils. In addition to anthropogenic emission, CHCl2Br 

are formed due to the chlorination process as a disinfectant in municipal water supply systems 

in Malaysia [35]. 

 
Fig.3. Factor loading plot after varimax rotation for halogen and heavy metals 

Table 1. Factor loading for selected biochemical parameter in drinking water 

 
 

VF3 accounts 8.06% of the total variance was highly correlated to SO4 and CHBr2Cl. SO4 is 

originated from fertilizers, chemicals, dyes, glass, paper, soaps, textiles, fungicides, 

insecticides, astringents and emetics sulphate [37]. The chlorination method applied at water 

treatment plants has resulted in the formation of chlorinated disinfection by-products (DBPs) 

such as CHBr2Cl [35]. 

VF4 accounts 8.28% of the total variance was highly correlated to Hg and Cd. Hg 

contamination arises mainly from its industrial uses such as the production of Hg cell batteries 
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and Hg discharge lamps in the city area [40]. The usage of pesticides or irrigation purpose 

contributes to the existence of [41]. 

Higher level of cadmium may be found in the water near industrial areas or hazardous waste 

sites throughout the environment. The Environmental Protection Agency (EPA) has 

discovered that a lifetime exposure to cadmium has high tendency to cause health deficiencies 

like nausea, vomiting, diarrhea, muscle cramps, salivation, sensory disturbances, liver injury, 

convulsions, shock and renal failure instantly [30]. 

VF5 accounts 7.59% of the total variance was highly correlated to Cr and Cu. Usually, 

chromium concentrations in water are very low. Chromium is exposed to water bodies 

through anthropogenic sources such as electroplating factories, leather tanneries and textile 

manufacturing facilities [30].  

The natural total chromium content in water is approximately 0.5-2 ppb. Since there is no 

heavy industry involving chromium in Malaysia, therefore chromium occurs in combination 

with other elements as chromium salts which dissolves in water. The reduction process of 

chromium VI via organic matter produces chromium III. The presence of acid pH, alkaline pH 

or high-carbonate waters in distribution system often elevates the copper concentrations in 

drinking-water [30]. 

VF6 accounts 7.28% of the total variance was highly correlated to Ag. Ag enters to the 

environment through anthropogenic activities such as manufacturing, household waste, 

agriculture, sewage, mining and motor vehicle emissions [43-47]. 

VF7 accounts 7.67% of the total variance was highly correlated to Ag and Mg. Fertilizer 

usage and cattle feeds allows Mg to enter the environment. Decomposition of calcium and 

magnesium aluminosilicates and dissolution of limestone at high concentration causes Mg to 

be released to the environment [48]. 
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Table 2. Factor loading for selected halogen and heavy metal parameters in drinking water 

 

 

3.2. PLS-DA 

PLS-DA is the supervised statistical approach that can provide the variety and detailed 

variation assessment of biochemical sources for drinking water quality in Klang Valley. There 

are two major types of water quality present in this study which are Raw Water (Type-RAW) 

and Treated Clean Water (Type-TPO). Fig. 4 shows the halogen and heavy metal content in 

two types of water. The Type-RAW show that the high concentration of biochemical content 

are BOD, TDS, COD, Fe and Cl. Then, for Type-TPO the biochemical content detected are 

pH, Hardness, NO3-N and Temperature which are higher in concentration. While NTU, E. 

coli, Al, Mn and TC were detected moderately at this two types of water quality. 

 

Fig.4. PLS-DA clustering water quality parameter and types of water 
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This shows the effectiveness of treatment process in reducing the biochemical contain from 

Type-RAW which are the source of intake water to be treated before supplied into consumers. 

The biochemical that highly detected by output at Type-TPO such as pH, Fl, Temperature and 

Hardness due to the chemical reaction used the reagent or catalyst for treated the raw water 

and preserved in water contained and pipelines. The reasons pH and Fl higher in Type-TPO in 

this region were to prevent the contamination and microorganism’s growth while flowed into 

the pipelines and maintain the water quality supplied. Table 3 illustrates the high correlation 

matrix of analysis involved this two types of water biochemical quality. The percentages 

about 99.43% were the significant value to evaluate and monitor the quality of water for 

future monitoring activities due to the environmental changes and human activities that can 

affect the biochemical quality of water. The need of more concerned for Type-RAW (99.58%) 

for detection of concentration value for each water parameter for preparing the exact amount 

of reagent and catalyst used in treatment process in reducing and eliminating its harmful 

biochemical contains. 

Table 3. Correlation matrix for type-raw and type-tpo 

 

 

4. CONCLUSION  

Based on the prolonged observations of the concentration of the biochemical levels and 

halogens and heavy metals in the water distributed to the water supply in Selangor, the 

chemometric statistical technique helped to provide significant input on the spatial variability 

of a large and multifaceted drinking water quality data. The application of PLS-DA in this 

drinking water study has managed to distinguish the drinking water parameters. The PCA 

managed to reveal that the TC, E-Coli, Turbidity, COD, Colour, F, pH and BOD are responsible 

for drinking water quality variations which mainly from microorganisms, non-point source 

pollution, biological waste, mineral salts, acidity of water conditions and anthropogenic 

compounds. The statistical analysis shown a strong basis for the identification and 

classification of various sources of contamination and the correlation between the drinking 

water parameters and drinking water quality. Finally, it is concluded that for the future and 
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effective management of the Malaysian drinking water quality, efforts should be placed as a 

priority in controlling point and non-point pollution sources by ensuring the human activities 

are in compliance with the environmental laws and legislations set by the Selangor Department 

of Environment (DOE) as well as the Ministry of Health Malaysia (MOH). Moreover, this 

research findings may serve as a reference for other related studies carried out in the future. 
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