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Abstract 
 

The objectives of this study are to determine the most significant spatial variation of drinking water pollutant and to identify the most 

significant parameters in each group of physico- chemical parameters (PCPs), Inorganic parameters (IOPs), heavy metals and organic 

parameters (HMOPs) and pesticides parameters (PPs). The Discriminant Analysis (DA) and One- Way Analysis of variance (ANO-

VA) showed spatial variation on four station categories and the variance of four group parameter in water drinking quality while 

principle component analysis (PCA) was carried out to identify the most significant of each water quality parameters base on given 

group. DA and ANOVA successfully reduced the physico and inorganic pollutants concentration with significant value 98.63% and 

96.90%. PCA revealed six most significant drinking water quality parameters for PCPs, nine significant parameters for IOPs, four-

teen parameters on HMOPs and four significant of PPs with the p value less than 0.05 (p < 0.05). Therefore, this study proves that 

chemometric method is the alternative way to explain the characteristic of the drinking water quality and could reduce several pa-

rameters and sampling points in the future sampling strategy. 
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1. Introduction 

Water acts as a substantial role in keeping the human health and 

welfare. Fresh drinking water is instantly recognized as a funda-

mental need of human organisms. Roughly 780 million people do 

not possess access to clean and safe water and around 2.5 billion 

people do not have proper sanitation. As a result, roughly 6–8 

million people drop dead each year due to water related diseases 

and calamities [1]. Consequently, water quality control is a top-

priority policy agenda in many regions of the universe [2]. Water 

quality defines the physicochemical, biological and radiological 

physiognomies of water [3]. It usually measures the condition of 

water with respect to the provisions of living fellow and any hu-

man requirement or purpose [4].To make sufficient in drinking 

water quality for human being, the flow of the treated water was 

monitored by Ministry of Health (MOH) from the raw source (R) 

until the water distributed to the consumers called Auxiliary (A). 

This monitoring was involving in the programmed call National 

Drinking Water Quality Surveillance Programme (NDWQSP) 

which is implement on 1893 with the aim to enhance the banner of 

health of the people by ensuring the safety and acceptability of the 

drinking water supplied to the consumers that complies with the 

stipulated standards, thereby cutting down the incidence of water-

borne diseases or intoxication associated with poor quality public 

water supplies. 

Several water quality (WQ) parameters have been measured and 

monitored throughout the Malaysian water supply scheme. The 

selected WQ parameters were classified into four groups, namely 

Group 1: Physico-chemical parameters (total coliform, E-Coli, 

color, pH, residual chlorine, temperature and conductivity), Group 

2: Inorganic parameter (total dissolved solids, chlorine, nitrogen- 

ammonia, nitrogen- nitrate, ferum, florine, hardness, aluminum, 

Mangan, chemical oxygen demand, biochemical oxygen demand 

and total organic carbon), Group 3: Heavy metals and organic 

parameter (mercury, cadmium, arsenic, cyanide, lead, chromium, 

zinc, natrium/ sodium, sulphate, selenium, argentum, magnesium, 
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mineral oil, chloroform, bromoform, dibromochloromethane and 

bromochloromethane) and Group 4: Pesticides (Aldrin/ dieldrin, 

DDT, H & He, methoxychlor, lindane, chlordane and endosulfan). 

All of the parameters were state in drinking water quality standard 

(DWQS) with their maximum limit. Under the NDWQSP, a na-

tional expert committee established the set of the National Drink-

ing Water Quality Standards. The criteria were prepared after 

taking into consideration the situation in Malaysia and reviewing 

recommendations made by the World Health Organization (WHO) 

as easily as the practices in other nations. A number of guidelines 

were also produced under the NDWQSP to ensure its successful 

implementation and to achieve its objective effectively [5]. 

Since NDWQSP was fulfilled, millions of WQ data were collected 

and dealing with tones of the dataset is a challenging task towards 

a comprehensive understanding how to elaborate of information 

display. Hence, the application of chemometrics technique is the 

best exercise that can be used in order to identify the most im-

portant parameter in each group. Chemometrics is the chemical 

study that uses mathematical, statistical and other methods em-

ploying Formal logic to design or select optimal measurement 

procedures and experiments, and to provide maximum relevant 

chemical data by analyzing the data [6]. In other words, chemo-

metrics solves the following projects in the area of chemistry how 

to get chemically relevant information out of measured chemical 

data, how to interpret and expose this information, and how to get 

such information into data [7]. Thus, this study aims to identify 

the most significant parameters in each group of PCPs, IOPs, 

HMOPs and PPs and to determine the most significant spatial 

variation of drinking water pollutant. 

2. Methodology 

2.1. Data Collection 

Large data set of drinking water quality was obtained from De-

partment of Engineering Services, Malaysian Ministry of Health 

(MOH). The five years data collection from 2012- 2016 base on 

four group parameters were produced from 460 operational water 

treatment plants and 548 of water courses in Malaysia. There is 

six’s intake sampling station which are raw or river catchment (R) 

followed by treatment plant outlet (TPO), two of service reservoir 

outlets (SRO) and two of distribution system also called auxiliary 

(A). Out of 44 parameters from 90 variables state in DWQS use in 

this study were grouping into four group parameters such as 

Group 1: Physico-chemical parameters namely total coliform (cfu), 

E-Coli (mg/l), colour (TCU), pH, residual chlorine (mg/l), tem-

perature (o C) and conductivity (mg/l), Group 2: Inorganic Param-

eter likes total dissolved solids (mg/l), chlorine (mg/l), nitrogen- 

ammonia (mg/l), nitrogen- nitrate (mg/l), ferum (mg/l), Florine 

(mg/l), hardness (mg/l), aluminum (mg/l), mangan (mg/l), chemi-

cal oxygen demand (mg/l), biochemical oxygen demand (mg/l) 

and total organic carbon (mg/l), Group 3: Heavy metals and or-

ganic parameter such as mercury (mg/l), cadmium (mg/l), arsenic 

(mg/l), cyanide (mg/l), plumbum/ lead (mg/l), chromium (mg/l), 

zinc (mg/l), natrium/ sodium (mg/l), sulphate (mg/l), selenium 

(mg/l), argentum (mg/l), magnesium (mg/l), mineral oil (mg/l), 

chloroform (mg/l), bromoform (mg/l), dibromochloromethane 

(mg/l) and bromochloromethane (mg/l) and last but not least 

Group 4: Pesticides namely (aldrin/ dieldrin, DDT, H & He, 

methox, lindane, chlordane and endosulfan). The secondary data 

on four group parameters of the drinking water quality of the wa-

ter treatment plants were further investigated. 

2.2. Data Pre-Treatment 

Regarding of 5 years data that we are collected from Ministry of 

Health (MOH), we conclude that all the data’s need to clean up to 

make it smooth for running an analysis. All missing data’s needs 

to remove because we only use analytical to run the data. Missing 

data excluded are the abjad’s, symbols, data blanks and typing 

error. 

2.3. Data Analysis 

After treated the data, the Multivariate statistical analysis, such as 

PCA and DA- ANOVA were performed by utilizing the XLSTAT 

2014.The purpose of PCA and DA- ANOVA in this study is to 

identified the spatial variation drinking water pollutant and to 

distinguish the 44 drinking Water parameters originating from the 

460 water treatment plants (WTPs) in Malaysia. These multivari-

ate methods predict the line of descent of the pollutants from the 

water sources in society to curb problems originating from WTPs. 

2.5. Discriminant Analysis 

Discriminant analysis (DA) gives statistical classification of sam-

ples distribution common properties and is implemented with 

prior knowledge of relationship of objects to a particular group. It 

builds up a discriminant function for each group operating on 

fresh data [11-15]. DA accepts the same discriminant ability to 

experimental data with and without calibration [11]. The discrimi-

nant function state as per below [16] 

Di = di1Z1+ di2Z2+...+ dipZp                          (1) 

where z = the score on each predictor, and di = discriminant func-

tion coefficient. The discriminant function score for a case can be 

formed with raw scores and unstandardized discriminant function 

targets. The mean discriminant function coefficient can be com-

puted for each group, these group means are called centroids, 

which are created in the scaled down space produced by the dis-

criminant function, reduced from the initial predictor variables. 

Once the discriminant functions are defined groups are differenti-

ated, the utility of these roles can be studied via their ability to 

correctly reform each data point to their a priori group. 

DAs were implemented on data matrix by using the standard, 

forward stepwise and backward stepwise modes. In forward step-

wise mode, variables are included step-by-step beginning with the 

more significant until no important modifications are found [17, 

44]. Present study, DA use to discriminate the drinking water 

pollutants for determine the most significant spatial variation. 

2.4. One-Way Analysis of Variance 

One-way analysis of variance, one- way ANOVA Is a technique 

that can be applied to compare means of two or more samples 

(using the F distribution). This technique can be utilized only for 

numerical response data, the "Y", usually one variable, and usual-

ly categorical input data, the "X", always one variable, hence 

"one-way" [10]. The generally used normal linear models for a 

finally randomized experiment are [11] 

Yi,j = μj + €ij (the mean models)                         (2) 

or 

Yi,j = μ + tj + €ij (the effect models)                        (3) 

where Yij are observations, μj is the observation for treatment 

group, μ is the grand mean of the observation, ti is a treatment 

effect, €ij is an effect of random error. 

The ANOVA tests the null hypothesis that samples in whole 

groups are drawn from populations with the same mean values. To 

perform this, two estimates are made of the population division. 

These ideas rely on several assumptions. The ANOVA produces 

an F-statistic, the proportion of the variance calculated among the 

means to the variable within the samples. If the group means are 

drawn from populations with the same mean values, the variation 

between the group means should be lower than the variance of the 

samples, following the central limit theorem [10, 46]. The hypoth-

esis can be tested as follows: 
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Ho: μ1 = μ2 = μ3......μk                          (4) 

Ha: at least one of the means is different.  

The F statistics calculate the ratio between mean square among 

and mean square within and the decision rule is rejection of Ho if 

F > Fcrit otherwise accept Ho. 

 

F = MSA/ MSW                           (5) 

 

One-way ANOVA use to confirm the discriminant analysis with 

the significant variables (p < 0.05). 

2.6. Principle Component Analysis 

Principle component analysis (PCA) is a technique common-

ly applied for decreasing the dimensions of multivariate problems 

[18]. It cuts the dimensionality of data set by clarifying the corre-

lation amongst a huge number of variables in terms of a smaller 

number of principal components or PCs without dropping much 

data [12, 19-22, 41-43]. The principles component PC have 

showed as [16] 

 

zij = ai1x1j + ai2x2j +···+ aimxmj                                    (6) 

 

where z is the component score, a is the component loading, x the 

measured value of variable, i is the component number, j is the 

sample number and m is the total number of variables. 

Rotation of the PCs by PC varimax rotation to build a better corre-

lation between the PCs and the original variables. Varimax rota-

tion guarantees that each variable is greatly correlated with only 

one component and has a close zero relationship with the other 

components [23]. PCs with eigenvalue more than 1 was used for 

the rotation [24]. The factor loadings after rotation are significant 

because they reproduce how much the variable gives to that spe-

cific PC and to what extent one variable is similar to the other. 

Range of that factor loading is greater than 0.75 called stronger, 

0.75- 0.50 as moderate and 0.49- 0.30 as weak [25]. In this study, 

PCA practice for identify the most significant parameters in each 

group of PCPs, IOPs, HMOPs and PPs. 

3. Results and Discussion 

3.1. The Most Significance Spatial Variation of Drink-

ing Water Pollutant 

After analyzed the data collection use multivariate technique, the 

finding on Figure 1 plotting the discriminant function for physico 

– chemical, inorganic, heavy metal and organic and pesticide pol-

lutants detected from four station categories. Those observe from 

DA standard mode on raw data and treated data. Meanwhile Table 

1 (physico – chemical parameter), Table 2 (inorganic parameter), 

Table 3 (heavy metal and organic parameters) and Table 4 (pesti-

cide parameters) showed the determination of spatial variation for 

all pollutants between station categories by confusion matrix of 

DA. Combination with one- way ANOVA for the statistical sig-

nificant difference for all the parameters sampled from four differ-

ent station categories (R, A, TPO and SRO) (p < 0.05) presented 

in Table 5. 

3.1.1. Physico - Chemical Parameter (PCP) 

The confusion matrix summarized the reclassification of the ob-

servations, which is the ratio of the number (54.75%) of observa-

tions that have been not well classified over the total number of 

observations. Therefor to continue the analysis of DA using for-

ward stepwise and backward stepwise mode can’t be proceed. So, 

to continue the analysis of DA the correct classification needs to 

achieve the percentage performance at least up to 70% (Table 1 

PCPs and Figure 1 first line) with eliminate all the misclassified 

data from the data set (treated data). 

 

 

 

 

 

 

 

 
Fig. 1: The plot of discriminant function for physico – chemical, inorgan-

ic, heavy metal and organic and pesticide pollutants detected from four 

station categories a) standard DA mode (treated data) b) Standard DA 
mode (raw data). 

 

The treated data contribute the accuracy of spatial classification 

using standard mode DA were 98.53% so further analysis of DA 

using forward stepwise and backward stepwise mode will be car-

ried out in order to identify the most significant water quality pa-

rameters which plays an important role in discriminating the 

drinking water quality (Table 1). Table 5 showed the analysis of 

variance of four group parameters sampled from the various sta-

tion point. All the station category is viewed after run the ANO-

VA which are station R, SRO, TPO and A. The variances of the 

station showed the significant differences (p < 0.05) in PCP pa-

rameters between the sampling station. There are seven of eight 

parameters was statistically significant except temperature (p > 
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0.05). On the other hand, for the future sampling strategy, only the 

most significant physico-chemical parameters (seven) should be 

taken into consideration for all the sampling station categories. 

Table 1: Determination of spatial variation for physico chemical pollu-
tants between station categories  

St.  

Category 

St. Category assigned by DA 
Total % correct 

A R SRO TPO 

Standard DA mode (Raw data) 

A 1278 0 497 35 1810 70.61% 

R 1 4 0 1 6 66.67% 

SRO 746 0 680 32 1458 46.64% 

TPO 56 0 295 50 401 12.47% 

Total 2081 4 1472 118 3675 54.75% 

Standard DA mode (Treated data) 

A 1197 0 4 3 1204 99.42% 

R 1 2 1 1 5 40.00% 

SRO 1 0 650 11 662 98.19% 

TPO 0 0 6 26 32 81.25% 

Total 1199 2 661 41 1903 98.53% 

Stepwise forward DA mode (Treated data) 

A 1197 0 4 3 1204 99.42% 

R 0 4 0 1 5 80.00% 

SRO 1 0 650 11 662 98.19% 

TPO 0 0 6 26 32 81.25% 

Total 1198 4 660 41 1903 98.63% 

Stepwise backward DA mode (Treated data) 

A 1197 0 4 3 1204 99.42% 

R 0 4 0 1 5 80.00% 

SRO 1 0 650 11 662 98.19% 

TPO 0 0 6 26 32 81.25% 

Total 1198 4 660 41 1903 98.63% 

3.1.2. Inorganic Parameters (Iop) 

The spatial variation of IOP which are make from four station 

categories for raw data (Table 2) shows only two station R and 

SRO was significantly discriminated (99.39% and 87.78%) com-

pared to station A and TPO entertained very similar in pattern or 

same in their characteristic that are 0.00% in other words the P 

value more than 0.05 (p > 0.05) even though the percent of correc-

tion state the high value 95.04%. Therefore, two stations (R and 

SRO) significantly discriminate (p < 0.05), due to the different 

inorganic pollutant patterns obtained respectively. The different 

pollutant patterns between these two station categories (R and 

SRO) have expected due the difference in water quality, where for 

R station considered as the untreated water, while for SRO station 

considered as the treated water. 

Table 2: Determination of spatial variation for Inorganic pollutants be-

tween station categories. 

St.  
Category 

St. Category assigned by DA 
Total % correct 

A R SRO TPO 

Standard DA mode (Raw Data) 

A 0 4 41 0 45 0.00% 

R 0 1779 11 0 1790 99.39% 

SRO 0 22 158 0 180 87.78% 

TPO 0 8 15 0 23 0.00% 

Total 0 1813 225 0 2038 95.04% 

Standard DA mode (Treated data) 

R - 1747 33 - 1780 98.15% 

SRO - 28 130 - 158 82.28% 

Total - 1775 163 - 1938 96.85% 

Stepwise forward DA mode (Treated data) 

R - 1748 32 - 1780 98.20% 

SRO - 28 130 - 158 82.28% 

Total - 1776 162 - 1938 96.90% 

Stepwise backward DA mode (Treated data) 

R - 1748 32 - 1780 98.20% 

SRO - 28 130 - 158 82.28% 

Total - 1776 162 - 1938 96.90% 

Hence, to determine the most significant inorganic pollutant due 

to spatial pattern or differences of station categories, all the mis-

classified data given by DA standard mode (raw data) was re-

moved from the data set. The data called treated data was run 

again using the standard, stepwise forward and stepwise backward 

DA modes. So, the results show not much increase the value of 

correct percentage is 95.04% for raw data and 96.90% for treated 

data (Table 2) and illustrated into the plot discriminant function 

for IOP pollutant detected from four categories station (Figure 1 

line 2). From the analysis, only two station R and SRO was under 

consideration due to the similarity of Inorganic pollutant pattern 

among to the others three station are A, TPO and SRO which is 

received treated water from the treatment plant. One- Way ANO-

VA illustrates only Chloride (Cl-) is not significant compared to 

others eleven parameters which are dissolved solids, nitrogen- 

ammonia, nitrogen- nitrate, ferum, fluoride, hardness, aluminium, 

mangan, chemical oxygen demand, biochemical oxygen demand 

and total organic carbon (p < 0.05). The variation of the various 

station points which give the similar pattern showed no significant 

among them (p > 0.05). Therefore, the water treatment plant could 

be reduced the inorganic pollutant concentration successfully and 

produced drinking water with complying the permissible limit of 

inorganic pollutant for drinking water quality standard. 

3.1.3. Heavy Metal and Organic Parameters (HMOP) 

The plot of discriminant function for HMOP was very well dis-

criminate after eliminated the misclassified data and re analyzed 

using DA standard mode compared run with the raw data (Figure 

1, line 3). The DA show the percent of correction for heavy metal 

and organic pollutant is 53.46% in the moderate value which is 

need to be increase the value of percentage correction classifica-

tion. The elimination of misclassified HMOP pattern (treated data) 

was employed in order to increase the correct classification of 

HMOP pattern. The highest correct classification was found to be 

91.45% given by the standard, stepwise forward and stepwise 

backward DA mode. Three station categories (A, R and TPO) 

were taken into the consideration as independent variables after 

removal all the misclassified HMOP pattern was done (in this case, 

100% data obtained from SRO station are misclassified and elimi-

nated). Three of station categories show statistically significant 

among them which are station A give the value is 98.11% fol-

lowed by station R is 88.10% and TPO is 63.64% the value. 10 

out of 16 individual HMOP parameters shows significant differ-

ence due to spatial variation (p < 0.05), except Hg, Cd, As, Cr, Zn 

and Ag (p > 0.05) (Table 5). Based on this result, as for the future 

sampling strategy the HMOP parameter and sampling station 

could be reduced to 10 and 6 respectively. 

 
Table 3: Determination of spatial variation for Heavy metal and organic 
pollutants between station categories  

St.  

Category 

St. Category assigned by DA 
Total % correct 

A R SRO TPO 

Standard DA mode (Raw Data) 

A 158 11 0 17 186 84.95% 

R 15 39 0 6 60 65.00% 

SRO 48 3 0 7 58 0.00% 

TPO 64 24 0 27 115 23.48% 

Total 285 77 0 57 419 53.46% 

Standard DA mode (Treated data) 

A 156 0 - 3 159 98.11% 

R 5 37 - 0 42 88.10% 

TPO 9 3 - 21 33 63.64% 

Total 170 40 - 24 234 91.45% 

Stepwise forward DA mode (Treated data) 

A 156 0 - 3 159 98.11% 

R 5 37 - 0 42 88.10% 

TPO 9 3 - 21 33 63.64% 

Total 170 40 - 24 234 91.45% 

Stepwise backward DA mode (Treated data) 

A 156 0 - 3 159 98.11% 

R 5 37 - 0 42 88.10% 

TPO 9 3 - 21 33 63.64% 
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Total 170 40 - 24 234 91.45% 

3.1.4. Pesticide Parameters (PP) 

Discriminant Analysis failed to show the significant of four station 

categories for PP (Table 4, Figure 1 line 4). The percentage of 

correction classification displayed only station A (99.98%) give 

the significant spatial variation among station R, SRO and TPO (p 

< 0.05). The output shows highly similar patterns (p > 0.05) with 

the data obtained from A station category. Failure of this standard 

DA mode analysis unable to proceed stepwise forward and step-

wise backward DA mode. So, the analyzation was confirmed that 

the water quality patterns are similar to each other for treated wa-

ter (R) and un- treated water (A, SRO and TPO).  

Table 4: Determination of spatial variation for pesticide pollutants be-

tween station categories 

St. Location 
St. location assigned by DA 

Total % correct 
A R SRO TPO 

Standard DA mode (Raw data) 

A 12944 2 1 0 12947 99.98% 

R 6849 0 0 1 6850 0.00% 

SRO 6004 0 0 0 6004 0.00% 

TPO 7000 2 0 0 7002 0.00% 

Total 32797 4 1 1 32803 39.46% 

Out of two from seven PP showed the most significant parameters 

between four station categories that is H & He and chlorodyne (P 

< 0.05) and the rest of four PP statistically showed no significant 

(Table 5). For further sampling activities therefore, the sampling 

design could have reduced to only two sampling stations out of 

four sampling stations because the pesticide patterns show the 

similarity in patterns for all the stations. It is suggested to maintain 

the sampling station R and SRO for further analysis. 

 

 

 

 

 

 

 

 

Table 5: One-way Analysis of variance of four parameters sampled from the various station point 

Parameters PCP R SRO TPO A Pr > F Significant 

TC 9824.20b 0.28a 0.00a 0.01a 0.00 Yes 

E-coli 674.40b 0.00a 0.00a 0.00a 0.00 Yes 

Turbidity 126.66b 1.63a 1.79a 1.54a 0.00 Yes 

TCU 0.02a 0.17a 0.00a 3.39b 0.00 Yes 

PH 6.73ab 7.44c 6.43a 7.24b 0.00 Yes 

Residual chlorine 5.92d 1.27b 3.13c 1.06a 0.00 Yes 

Temperature 29.76a 29.17 a 29.96a 29.54a 0.64 No 

Conductivity 264.60bc 136.89b 412.60c 97.6a 0.00 Yes 

IOP 
      

TDS 61.59b 0.00a 
  

0.00 Yes 

Cl 5.02a 6.54a 
  

0.17 No 

NH3-N 0.21b 0.08a 
  

0.00 Yes 

NO3-N 0.63b 0.04a 
  

0.00 Yes 

Fe 0.96b 0.03a 
  

0.00 Yes 

Fl 0.11a 0.367b 
  

0.00 Yes 

Hardness 21.97b 14.69a 
  

0.03 Yes 

Aluminum 0.37b 0.10a 
  

0.02 Yes 

Mangan 0.07b 0.01a 
  

0.00 Yes 

COD 7.39b 0.00a 
  

0.00 Yes 

BOD 1.69b 0.00a 
  

0.00 Yes 

TOC 2.69b 0.00a 
  

0.00 Yes 

HMOP 
      

Hg 0.00a 
 

0.01a 0.00a 0.10 No 

Cd 0.00a 
 

0.00a 0.00a 0.24 No 

As 0.04a 
 

0.06a 0.00a 0.11 No 

Pb 0.00ab 
 

0.02b 0.00a 0.01 Yes 

Cr 0.00a 
 

0.00a 0.00a 0.19 No 

Cu 0.00a 
 

0.01b 0.00a 0.00 Yes 

Zn 0.00a 
 

0.09a 0.03a 0.12 No 

Na 1.40a 
 

19.91c 4.37b 0.00 Yes 

SO4 2.05a 
 

10.05b 9.49b 0.00 Yes 

Se 0.00a 
 

0.00ab 0.00b 0.05 Yes 

Ag 0.00a 
 

0.00a 0.00a 0.24 No 

Mg 0.49a 
 

0.69a 1.10b 0.00 Yes 

Chloroform 0.00a 
 

0.04b 0.03b 0.00 Yes 

Bromoform 0.00a 
 

0.00ab 0.00b 0.04 Yes 

CHBr2Cl 0.00a 
 

0.00a 0.00b 0.00 Yes 

CHBrCl2 0.00a 
 

0.00a 0.01b 0.00 Yes 

PP 
      

Aldrin 0.00a 0.00a 0.00a 0.00a 0.72 No 

DDT 0.02a 0.02a 0.02a 0.02a 0.51 No 

H & He 0.00b 0.00a 0.00c 0.00c 0.00 Yes 

Methoxychlor 0.00a 0.00a 0.01a 0.01a 0.69 No 

Lindane 0.01a 0.01a 0.01a 0.01a 0.66 No 

Chlordane 0.03b 0.04a 0.03c 0.03c 0.00 Yes 

Endosulfan 0.01a 0.01a 0.01a 0.01a 0.15 No 
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3.2. The Most Significance Parameters in Each Group 

Using PCA. 

3.2.1. Group 1: Physico- Chemical Parameters 

After varimax rotation from eight PCs, only three VFs which rep-

resent 60.339% of the variance of data were selected due to the 

eigenvalues is greater than 1 (>1). Table 6 highlights that four out 

of eight parameters showed the most significant parameters. PC1 

or D1 give the high percentage of variance value is 29.268% and 

highlight total coliform (TC) and E- coli as the most important 

variables and Illustrate of these two variables into the Figure 2 (A) 

for more understand. The coliform bacteria which can cause seri-

ous human illness and also considered as indicator organism 

which is their occurrence informs of the potential existence of 

disease causing organisms and should aware the person in authori-

ty for the water to take defensive action in quality of drinking 

water [29]. Second higher of variance (D2) is 16.167% was 

showed colour and residual chlorine for the strong (-0.736) and 

moderate (0.539) factor loading. The positive or negative sign just 

to show the direction of the factor was loaded as per Figure 1 (A). 

At time, water can have an unpleasant colour such as green or blue 

water, black or dark brown water, brown, red, orange or yellow 

water and milky white or cloudy water which are their own classi-

fication type. So, if this colour was happened, unsafe water for 

human being will appear [30, 47]. That is why colour is one of 

most significant parameters should under caution. Different of the 

residual chlorine which one needed in the safe drinking water. 

This variable become as a treatment method call chlorination used 

to extinguish or eliminate bacteria, viruses or other organisms in 

water [29]. In the meantime, D3 describe the moderate value of 

factor loading for pH is 0.684 and conductivity is 0.588 with the 

percentage of variance value is 14.904%. The permissible limit 

from DWQS give the value range of pH is 6.5- 9.0 and usually has 

no direct impact on water consumers but alert to pH control is 

required at all stages of water treatment to ensure acceptable water 

clarification and disinfection [31]. Conductivity is the measure-

ment of a material to conduct electric current and strongly corre-

lated with conductive ions from dissolved salts and inorganic ma-

terials [32]. 

Table 6: Factor loading and percentage of variance after varimax rotation 

for Physico- chemical parameter 

Parameters D1 D2 D3 

TC 0.930 0.006 -0.051 

E- coli 0.906 0.101 -0.150 

Turbidity 0.635 -0.244 0.355 

Color (TCU) -0.043 -0.736 -0.179 

pH -0.044 -0.001 0.684 

Residual chlorine 0.492 0.539 -0.440 

Temperature -0.060 0.380 -0.034 

Conductivity 0.056 0.497 0.588 

Variability (%) 29.268 16.167 14.904 

Cumulative % 29.268 45.435 60.339 

3.2.2. Group 2: Inorganic Parameters 

PCA was describes nine of twelve variables most significant in 

group 2. These variables are TDS, Cl and Harness group in D1 

followed by D2 including nitrogen- ammonia, nitrogen- nitrate, 

D3 consist Al and Mg and lastly COD and TOC in factor loading 

V4 (table 7) illustrate into Figure 2 (B) for more cleared. The VF1 

contributes about 19.308% of the variation in the drinking water 

quality data under NDWQS from inorganic parameters. It has high 

loadings from three parameters, which are TDS (0.909), Cl (0.832) 

and Hardness (0.882). These factors can be interpreted as a miner-

al salt component which is total dissolved solids (TDS) is the term 

used to define the inorganic salts and minor sums of organic mat-

ter existing in result in water. The main elements are usually cal-

cium, magnesium, sodium, and potassium cations and carbonate, 

hydrogen carbonate, chloride, sulphate, and nitrate anions [33]. 

Hardness is definite by Standard Methods as the amount of calci-

um and magnesium concentrations, both stated as calcium car-

bonate (CaCO3), in milligrams per liter [34]. The VF2 demon-

strate 14.072% of the variance in the data. It is displays high load-

ing from NH3-N (0.868) and NO3-N (0.821). Nitrate and ammo-

nia are the most common forms of nitrogen in water systems. Ni-

trogen can be a significant factor monitoring algal growth when 

other nutrients, such as phosphate, are rich. If phosphate is not 

plentiful it may limit algal growth rather than nitrogen [35]. Factor 

loading D3 displayed that two variables (aluminium and mangan) 

had the variation 13.717% of the drinking water quality data. Both 

of them in the strong and moderate loading which are mangan is 

0.824 and aluminium is 0.669. As for the last PCs, D4 is account-

able for 13.861% of the total variance with moderate positive 

loadings on chemical oxygen demand (COD) and total organic 

carbon (TOC). At large, COD is the amount of oxygen consumed 

by chemical reaction to reduce the organic compounds in the wa-

ter column [36] whereas TOC describes the amount of carbon in 

the organic compound in certain material [37]. Therefore, the 

positive loadings on both parameters show that they are reliable to 

each other in the collected water samples. 

Table 7: Factor loading and percentage of variance after varimax rotation 

for Inorganic parameter 

Parameters D1 D2 D3 D4 

TDS 0.909 -0.010 0.031 0.093 

Cl 0.832 0.135 -0.001 -0.039 

NH3-N 0.042 0.868 0.140 0.040 

NO3-N 0.030 0.821 0.002 0.142 

Fe -0.041 0.213 0.647 0.171 

Fl -0.011 0.264 -0.204 -0.535 

Hardness 0.882 -0.034 0.003 0.029 

Aluminum 0.003 -0.009 0.669 -0.020 

Mangan 0.061 -0.020 0.824 0.042 

COD 0.042 0.214 -0.018 0.748 

BOD 0.098 0.281 0.190 0.513 

TOC -0.034 0.031 -0.058 0.700 

Variability (%) 19.308 14.072 13.717 13.861 

Cumulative % 19.308 33.380 47.097 60.959 

3.2.3. Group 3: Heavy Metal and Organic Parameters 

Figure 3 (C), explain the variances loading among all HMO pa-

rameters. Almost wholly the factor loadings located into positive 

loading. Similar to the inorganic parameter, all selected heavy 

metals and organic parameters show similar loadings on PC1 and 

PC2. There are five VFs was described after varimax rotation with 

eigenvalue more than 1 (> 1). Out of fourteen from sixteen varia-

bles showed the most significant variables on HMOP with the 

different value of variance (Table 8). D1 showed the high percent-

age of variance (33.018%) with six positive strong loading param-

eters namely mercury with value 0.968 tracked by cadmium 

(0.973), arsenic (0.976), chromium (0.887), selenium (0.782) and 

argentum (0.978). All the variables called as trace element in the 

water which is relatively in low concentration less than 0.1% 

(<0.1%) [38]. Magnesium (Mg) (0.701), dibromochloromethane 

(CHBr2Cl) (0.862) and bromodichloromethane (CHBrCl2) (0.906) 

are in the group VF2 distributes the moderate and high loading. 

The variation of these three variables is 14.753%. Mg is well 

known as one of the richest element in the upper central crust with 

the concentration of 13510 ppm [39, 45] whereas CHBr2Cl and 

CHBrCl2 are decontamination consequences in the chlorinated 

water. Those compounds were resulting from the response of chlo-

rine with natural organic matter and bromide ions [40]. Last three 

of the factor loadings of group three are D3 which load the varia-

tion is 11.491 followed by D4 is 10.195 and lastly D5 with the 

variation value is 6.918. Both of strong loading variables of D3 
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are Lead (0.919) and Copper (0.952) are come from the corrosion 

of galvanized iron pipe. The guideline required that action be tak-

en to fight the corrosion of lead and the subsequent infection of 

drinking water [41]. Sodium (Na) and chloroform have a strong 

and moderate positive loading respectively which are 0.854 and 

0.710. Bromoform is a disinfection by-product usually formed 

during the chlorination of water [42]. This variable described into 

factor loading D5 with the strong value is 0.830. 

 

 

   
Fig. 3: Four parameters in the water samples was described into PCA plot 

A) Pyisico- chemical parameters, B) Inorganic parameters, C) Heavy 

metal and organic parameters and D) Pesticide parameters 

 
Table 8: Factor loading and percentage of variance after varimax rotation 
for Heavy Metal and Organic parameter 

Parameters D1 D2 D3 D4 D5 

Hg 0.968 -0.034 0.064 -0.054 -0.069 

Cd 0.973 -0.046 0.059 -0.054 -0.052 

As 0.976 -0.029 0.063 -0.056 -0.076 

Pb 0.247 -0.013 0.919 -0.024 0.045 

Cr 0.887 -0.149 0.069 0.116 0.033 

Cu 0.009 0.019 0.952 -0.045 0.054 

Zn -0.016 -0.033 0.204 -0.151 0.409 

Na -0.039 -0.246 0.011 0.854 -0.125 

SO4 -0.046 0.182 -0.120 0.563 0.419 

Se 0.782 -0.025 0.033 -0.034 0.158 

Ag 0.978 -0.079 0.080 -0.037 -0.017 

Mg -0.150 0.701 0.046 -0.051 0.075 

Chloroform -0.018 0.419 -0.035 0.710 -0.062 

Bromoform 0.029 -0.022 -0.060 0.099 0.830 

Dibromochloromethane -0.025 0.862 -0.015 0.057 -0.034 

Bromodichloromethane -0.041 0.906 -0.037 0.118 -0.070 

Variability (%) 33.018 14.753 11.491 10.195 6.918 

Cumulative % 33.018 47.771 59.262 69.457 76.375 

3.2.4. Group 4: Pesticide Parameters 

Two (2) PCs were obtained for pesticide parameter with the total 

variance in the data set sums up about 46.102% (Table 9). All 

selected inorganic parameters show like loadings on PC1 and PC2 

(Figure 2 D). D1 is described for 27.701% of the pesticide param-

eter with strong factor loadings on chlordane, H & He. D2 high-

light 18.401% of the total variance with strong positive loadings 

on methoxychlor and endosulfan. The four presented pesticides 

are classified as organochlorine insecticides. However, Chlordane, 

H and He are in the form of viscous liquid whereas Methoxychlor 

and endosulfan are in the form of solid, namely crystal shape 

[Based on the Pesticide Action Network (PAN) Pesticide Data-

base]. 

 
Table 9: Factor loading and percentage of variance after varimax rotation 
for Pesticide parameter 

Parameters D1 D2 

Aldrin/Dieldrin 0.270 -0.015 

DDT 0.152 0.132 

H & He 0.959 0.087 

Methoxychlor -0.033 0.792 

Lindane 0.041 0.065 

Chlordane 0.959 0.088 

Endosulfan -0.043 0.790 

Variability (%) 27.701 18.401 

Cumulative % 27.701 46.102 

4. Conclusion 

Based on the prolonged explanations of the concentration of the 

physico chemicals, inorganic, heavy metal and organic and pesti-

cide parameters in the water distributed to the water supply in 

Malaysia, the chemometric statistical technique assisted to deliver 

significant effort on the spatial variability and the most important 

of parameters of a huge and complicated drinking water quality 

data. The application of DA in this study has succeeded to dis-

criminate or distinguish the spatial location among four station 

categories while One – way ANOVA has managed to discriminate 

the drinking water parameters. I) PCP; the variances of the station 

showed the significant differences (p < 0.05) in PCP parameters 

between the sampling station while ii) IOP; the variation of the 

various station points which give the similar pattern showed no 

significant among them (p > 0.05). Therefore, the water treatment 

plant could be reduced the inorganic pollutant concentration suc-

cessfully and produced drinking water with complying the permis-

sible limit of inorganic pollutant for drinking water quality stand-

ard followed by iii) HMOP; based on this result, as for the future 

sampling strategy the HMOP parameter and sampling station 

could be reduced to ten (10), and six (6), respectively lastly iv) PP; 

for further sampling activities therefore, the sampling design could 

have reduced to only two sampling stations out of four sampling 

stations because the pesticide patterns show the similarity in pat-

terns for all the stations. It is suggested to maintain the sampling 

station R and SRO for further analysis.  

The PCA achieved to expose the most significant parameters in 

each group where is Group 1; six variables from the eight respec-

tively which are responsible to drinking water quality variations. 

There are Total coliform, E- coli, color, residual chlorine, pH and 

conductivity. Same with group 2, the variables that accountable to 

drinking water quality variations has 9 the most significant param-

eters out of twelve. While for group 3 resulted five VFs with each 

VFs has their strong and moderate variables which are out of four-

teen from sixteen variables. Last group 4 is pesticide parameters 

that including four the most important parameter out of seven. 

Thus, for the future and effective management in sampling task 

recommended to select only significant parameters in each group 

to be collected and analyzed as it may reduce the cost of sample 

collection and analysis. Hence, the sampling design could be re-

duced the sampling point which are no variation each other or 

same pattern in their characteristic for example is only two sam-

pling stations out of four sampling stations for pesticides parame-

ter. It is suggested to maintain the sampling station R and SRO for 

further analysis. Moreover, this research discoveries may assist as 

a reference for other related studies carried out in the future. 
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