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Abstract 
 
The objectives of this paper are to review the status of Klang River Basin and to investigate the most significant pollutant using 

chemometric techniques. The extraction of secondary physico-chemical water quality data by Department of Environment, Malaysia 
from 2003 to 2007 were taken. Principal Component Analysis (PCA) used to identify the significant water quality parameters and Abso-
lute Principal Component Scores-Multiple Linear Regression (APCS-MLR) was applied to evaluate which pollution source contributed 
the most significant from the other factors. Then, Hierarchical Agglomerative Cluster Analysis (HACA) was used to find which monitor-
ing station of Klang River provided the most significant pollutant. The result shows 9 PCs (75% of the total variance) which extracted 
from PCA. APCS-MLR model revealed anthropogenic activities which NH3-N as the main parameter is the most significant in Klang 
River. Based on HACA specified 1K16 has the highest amount of NH3-N concentration in Klang River.  Therefore, the utilization of 
envirometric techniques achieved the research objectives which will beneficial for present and future river water quality management. 

 
Keywords: Chemometric; Water Quality; Principal Component Analysis; Absolute Principle Component Scores- Multiple Linear Regressions; Hierar-

chical Agglomerative Cluster Analysis. 

 

1. Introduction 

Malaysian rivers and their tributaries are the main medium of 
transportation before the establishment of tarmac roads, railways 
and air transportation in Malaysia. In the past, until the advent of 
the 20th century, the main method of transportation, river banks 
and estuaries were usually the main meeting point and place for 
marker and business trade. From the river upstream (highlands and 
mountains), the river flow continuously especially during the wet 

monsoon bringing with them alluvial soils that enrich the lowlands 
and gives benefits in agricultural activities. Fishing, agricultural 
activities and barter trade were the main business occupation of 
the village folks in the beginning. Fruits, paddy and other crops 
were planted in the interior (helped by irrigation from the river 
waters), the crop yields were transported by waterways, using rafts 
and boats to sold and trade at the markets. Settlements then started 
and slowly expanded and grew from the river mouths and along 
the river banks. Village developed into towns, towns into cities 

and cities into metropolitans. According to an article [1], using 
these parameters, a set of guidelines is established. These guide-
lines may have arranged in which the water must fall, a maximum 
value of a pollutant, or a minimum value of a necessary substance 
(such as dissolved oxygen). The quality of a water is then deter-
mined based on whether it meets all of the requirements. Table 1 
provides an example of chemical water quality criteria: 
 

 

Table 1: Typical fresh surface water quality criteria for general use. 

Parameters Value 

pH 5.0 - 9.0 

Total Ammonia Nitrogen < 9.0 mg/L 

Dissolved Oxygen > 5.0 mg/L 

Fecal Coliform < 200/100 mL 

Orthophosphate < 0.01 mg/L 

 
The water quality index (WQI) has been considered to give crite-
ria for surface water classification based on the use of standard 

parameters for water characterization [2]. The purpose of an index 
is not to describe separately a pollutant’s concentration or the 
changes in a certain parameters. It was reported that WQI devel-
opment is the biggest challenge in to synthesize a complex reality 
in a single number since it is directly affected by a large number 
of environmental variables [3]. The water quality index (WQI) 
was use as a basis for assessment of watercourse in relation to 
pollution load categorization and designation of classes of benefi-

cial uses as stipulated in the National Quality Standard of Malay-
sia (NWQS). Therefore, the NWQS has applied to the surface 
waters as a guideline to the classification of the different state of 
the river water quality. For references, the standards of related 
parameters are given in Table 2. Description of the classes, in 
terms of the utility, is also given in this section [4]. 
 
Table 2: Excerpt of National Water Quality Standards (NWQS) for Ma-

laysia. 

Parameter Unit 
Limit of Classes 

I II III IV V 
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Ammonical  

Nitrogen (NH3-N) (mg/l) 

< 

0.1 

0.1 - 

0.3 

0.3 - 

0.9 

0.9 - 

2.7  

> 

2.7 

BOD (mg/l) < 1                 

      

12 

> 

12 

COD (mg/l) 

< 

10 

       

25 

       

50 

       

100 

> 

100 

Dissolved Oxygen 

(DO) (mg/l) > 7 

 

                < 1 

pH              

> 

7.0 

         

7.0 

         

6.0 < 5.0 

< 

5.0 

Total Suspended 

Solids (mg/l) 

< 

2.5 

        

50 

        

150 

        

30 

> 

300 

Notes: 

CLASS I: Represent water bodies of excellent quality. Standards are set 

for the conservation of natural environment in its undisturbed state.  

CLASS IIA: Represent water bodies of good quality. Most existing raw 

water supply sources come under this category. Class IIA standards are 

set for the protection of human health and sensitive aquatic species. 

CLASS IIB: The determination of Class IIB standard is based on criteria 

for recreational use and protection of sensitive aquatic species. 

CLASS III: Is defined with the primary objective of protecting common 

and moderately tolerant aquatic species of economic value. Water under 

this classification may be used for water supply with extensive/advanced 

treatment. 

CLASS IV: Defines water quality required for major agricultural irriga-

tion activities which may not cover minor applications to sensitive crops. 

CLASS V: Represents other water, which does not meet any of the above 

uses. 

 
Malaysian rivers can be classified as Class II/III Rivers. In this 
study, secondary data were taken into consideration to extract the 
spatio-temporal information of Klang River Basin. The secondary 

data used in this study were collected from monitoring stations 
under the river water quality monitoring program by the Depart-
ment of Environment (DOE) from 2003 to 2007. Practically, 30 
physico-chemical parameters were involved in this study. Signifi-
cant Parameters which contributed to Potential Pollution Source 
from PCA were determined by developed Multiple Linear Regres-
sion model which is to evaluate the most significant pollution 
source of those rivers. 

2. Methodology 

2.1. Site description 

Klang River Basin (Fig.1) is a fourth and the largest basin between 
the Langat River Basin, Selangor River Basin and Bernam River 
Basin. Alignment of Klang River is approximately 120 km of 80 
km in the Selangor and 40 km in the Kuala Lumpur City Hall 
(DBKL) area. Estimated total area of Klang River Basins covers 
1.290 square kilometers [5]. The basin is located in the  west  
coast of Peninsular  Malaysia  between  latitudes 2°55'N-3°25'N  
and  longitudes  101°I5'E -  101°55'E.  The river starts on the 

western slopes of the Main Range of Peninsular Malaysia, at an 
altitude of about 1200 meters and flows southwestwards before 
being joined by the Gombak River at the heart of Kuala Lumpur.  
Two main estuaries of the Kelang arc the Gombak and Batu rivers 
with basin areas of 260 km2 and 145 km2 respectively. Other large 
estuaries are the Keroh, Jinjang, Ampang, Damansara, Kuyoh and 
Kerayong [6]. Klang River which flowed in the middle of Klang 
Town separate to two parts – North Klang and Klang South.  
Klang River is the pulse of the development of Klang City which 

river mouth become as the main Klang Valley doorway to foreign 
traders. Thus early on Klang River is a catalyst and the role on the 
development gives high impact for the State of Selangor in the 
future entirely [5].  
The Klang River Basin is the most important, urbanized, and most 
populous and most muted river basin in Malaysia. The basin of the 
river, known for its murky waters and floating debris is part of the 
Klang Valley Metropolitan area, which is the most important re-

gion of the country in terms of economy, the institution and popu-
lation [ ]  The     ’s Census shows the population of Malaysia 

was 28.3 million, compared with 23.3 million in 2000. This gives 
an average annual population growth rate of 2.0 percent for the 
period 2000-2010. This rate is lower than the 2.6 per cent for the 
period 1991-2000 [7]. The Klang River facing enormous threats 
from various sources, more than ten years, due to the different 
types of industries such as food and beverage, chemical, semicon-
ductor and electronics industries, etc. In fact, the river flows 
through a densely populated area are often with point and non-

point sources make it difficult to track the pollutants’ loading in 
the river [8]. Today, the public realized that serious effort has to 
be done to improve in several rivers in the Klang Valley. In Ulu 
Klang, leafy trees along Klang River have been spared for slope 
stabilization works. Where Kerayong River flows through Cheras, 
a water treatment plant is under construction. In Selayang, the 
banks of Sungai Gombak have prettified.  The main problems 
which are polluting Klang River are: effluent from sewerage 

treatment plants (80%), commercial and residential centers (9%), 
industries and workshops (5%) and in the food industry, wet mar-
kets and restaurants (4.2%) and squats other (1.8%) [9]. 
 

 
Fig. 1: Map of Klang River Basin. (Source: modified from Alam Sekitar 

Malaysia Sdn Bhd). 

2.2. Chemometric Techniques 

2.2.1. Pre-Processing Data 

Preliminary work has been done in the data matrix that involved 
gathering and data transformation. The data that were lower the 
detection limit were unified with values equal to half the detection 
limit. Normal distribution tests were carried out with the support 

of the W (Shapiro-Wilk) test; the agreement of the distribution of 
the physico-chemical parameters of water with the normal distri-
bution was tested [10, 11, 12]. Different variables with normal 
distribution were subjected to a transformation. The data pre-
treatment is following the equation [13, 14] as cited in [15]: 
 

    (     - µ) / σ                                     (1) 

 

Where     is the jth value of the standard score of the measured 

variable I;     is the jth observation of variable i; µ is the varia-

ble’s mean value; and σ is the standard deviation  
The raw water quality parameters were standardized through z-
scale transformation to a mean of 0.0 and variance of 1.0 to certify 
that the dissimilar water quality parameters had equivalent weights 

in statistical analyses which can be found from Equation (1) [15].  
The analysis results will be influenced most strongly by the vari-
ables having the highest magnitudes [14, 15, 16]. Furthermore, 
these transformations homogenize the variance of the distribution 
[13] and prevent any classification errors that may result from 
groups or classes described by variables of completely different 
sizes [15, 17]. 

2.2.2. Principal Component Analysis (PCA) 

PCA has been designed to reduce the dimension of large data 
matrix to a lower dimension by retaining most of the original vari-
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ability in the data [18, 19, 20, 21, 22]. This is achieved by convert-
ing a set of observational variables to a possible set of uncorre-
lated variables linearly called the principal components (PCs) [20, 
21, 22]. The first principal component accounts for as much of the 
variation in the original data. Then, each succeeding component 
accounts for as much of the remaining variation subject to being 
uncorrelated with the previous component. 
The covariance or correlation matrices obtained from data matri-

ces play an important role in PCA to calculate the eigenvalues and 
eigenvectors to obtain relevant components that include most 
variations in data [23]. To achieve the objective in this study, cor-
relation matrix was employed in the data set. At least 70% of cu-
mulative percentage of total variation was recommended as a 
benchmark to cut off the eigenvalues in a large data set for extract-
ing the number of components [22, 24, 25]. The reduced matrix is 
the component matrix of eigenvector loadings which defines the 

new variables consisting of linear transformation of the original 
variables that maximizes the variance in the new axes. 
In this study, Pearson correlation was used in PCA for calculating 
eigenvectors and eigenvalues [26, 27]. Pearson correlation coeffi-
cient between two variables is defined as the covariance of the two 
variables divided by the product of their standard deviations. In 
this case, Pearson correlation is used to measure the distance (or 
similarities) before implementing a clustering algorithm. The 

Pearson correlation coefficient between two vectors of observa-
tions is as follows: 
 

    
                 

 
   

          
          

  
   

 
   

             

 

Where    and     refer to the vectors of observations in matrix 

data   with   observations, with    and     refer to the mean of the 

vectors. 
The steps involved in PCA algorithm are as follows: 

Step 1 : Obtain the input matrix. 

Step 2 : Calculate the correlation matrix. 
Step 3 : Calculate the eigenvectors and eigenvalues of the     

  correlation matrix. 
Step 4 : Select the most important principal components based 

on cumulative percentage of total variation. 
Step 5 : Derive the new data set 
This analysis is based on eigenvalue criteria by which a value >1 
is deliberate significant, and a new group of variables was pro-
duced based on the similarity of the entire data set [28, 29]. Factor 

loading gives the correlation between the original variables and 
the varifactors (VFs), while the individual transformed observa-
tions are called factor scores [21, 22, 30]. The VF coefficients 
having a correlation 0.49–     are considered ‘weak’ significant 
factor loadings, correlations in the range of 0.74–0.50 are consid-
ered ‘moderate’ and those in the range of >0.75 are considered 
‘strong’ [ 9,   ,   ]  

2.2.3. Absolute Principal Component Scores-Multiple Linear 

Regressions (APCS-MLR) 

Quantitative contribution of the various identified sources was 
determined based on Multiple Linear Regression (MLR) of the 
Absolute Principal Component Scores (APCS) from PCA. In 
APCS-MLR, the predicted influence of each pollution source to 

the total concentration was determined using MLR with the de-
normalized APCS values produced by PCA as the independent 
variables and the measured concentrations of the particular pollu-
tant [17, 21, 29, 33]. APCS–MLR model is based on the assump-
tion that the total concentration of each contaminant is made up of 
the linear sum of the elemental contribution from each pollution 
component collected [21, 32]. Source contributions was calculated 
after grouping the water quality parameters for each basin in this 
study into number of factors and identify the possible sources by 

PCA. Therefore, in order to find the source of contribution, MLR 
is used to calculate sample mass concentration on the APCS [21, 
34]. 
The contribution from each factor was estimated using MLR using 
APCS values as independent variables and measured water quality 
parameters as dependent variables. The quantitative contributions 
of each source of individual contaminants were compared with 
their measured values. A combination of PCA and MLR to form 

APCS-MLR is employed to find the source of apportionment us-
ing the equation as expressed in equation (3) [8]: 
 
                                  (3) 

 
Where     is the contaminant’s concentration;     is the average 

contribution of the nth contaminant from the sources not deter-
mined by PCA,    is the linear regression contaminant and the 

bth factor and          is the absolute factor score for the bth 

factor with the nth measurement.  
Coefficient of determination, R², Adjusted R² and Root Mean 
Square Error (RMSE) are the values that need to be considered in 
the best fitting regression linear equation [20]. R² is defined as the 

proportion of the variability in the dependent variable the funda-
mental measurement of the goodness of the fit of a linear model 
and is the fundamental measurement of the goodness of the fit of a 
linear model which is accounted for by the regression equation [20, 
22, 35, 36]. The performance of the MLR model was assessed 
using correlation coefficient R², adjusted correlation coefficient R², 
Schwarz Bayesian Criteria (SBC) and Akaike’s Information Crite-
ria (AIC). The best model performance happens when the R², 

adjusted R², AIC and SBC values are close to unity. The minor 
difference in AIC and SBC indicate the MLR model fit for the 
prediction of possible pollution sources [1, 11, 32]. 

2.2.4. Hierarchical Agglomerative Cluster Analysis (HACA) 

Hierarchical Agglomerative Cluster Analysis (HACA) is an inde-
pendently pattern recognition technique that exposes constitutional 

structure or fundamental behavior of a data set deprived of creat-
ing an assumption about data, to categorize the items of the system 
into categories or clusters based on their closeness or similarity 
[21, 30]. HACA was accomplished on the normalized data set by 
means of the Ward’s method, using Euclidean distances as a 
measure of similarity and usual have gathering items into groups 
so that items in a cluster are like each other while things located in 
other groups are dissimilarities with each other. Euclidean method 

is based on a single linkage (known as nearest neighbor) described 
as the ratio between the linkages distances divided by the maximal 
distance which can be seen in equation (4):      
 

                                       (4) 
 
The linkage distance represented by the y-axis is standardized by 
multiply it with 100 [20, 37, 38, 39]. The result is showed by a  
dendrogram, representing the clusters and their proximity. 

3. Results and Discussion 

3.1. Principal Component Analysis (PCA) 

PCA was primarily applied to the normalized datasets to compare 
between the compositional patterns of the analyzed water samples 
[8, 32, 40]. Besides, PCA was also utilized to identify the factor 
that influenced significantly to each of the variables [20]. Projec-
tions of the original variables on the subspace of the principal 
component (PCs) are called loadings and coincide with the alter-
nation coefficients between the PCs and variable [22, 30, 40]. In 
the PCA, variables having loadings more than one are susceptible 

to the complex and difficult interpretation; therefore, it is advisa-
ble to conduct a varimax rotation that may ultimately group and 
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changes the factor loadings values spanning around 0 and 1 [41]. 
Furthermore, varimax rotation of the axis defined by PCA pro-
duced a new set of factors. Each one the factor involves primarily 
as a subset of the original variable and is divided into groups of 
variables that are independent towards each other [38]. In the PCA, 
the eigenvalue promotes as a measure of the factor loadings. Ei-
genvalues of one or greater are considered as significant [21, 22, 
 9]  In addition, the factor loading is classified as ‘strong’, ‘mod-

erate’ and ‘weak’, corresponding to the absolute loading values of 
greater than 0.75, 0.75-0.50 and 0.50-0.30, respectively [8, 21, 22, 
29, 30, 39, 42]. In this study, the concentrations of 30 water quali-
ty parameters for each of the river basin are used as variables for 
the PCA.  

The results revealed that pollution pattern the resemblance in geo-
graphical structure and surrounding factors that contributed to the 
variation of variable concentrations. The PCA stipulated nine PCs 
with eigenvalues greater than one explaining 75 % of the total 
variance in the water-quality are described in Table 3. The results 
show that factor 1 (VF1) exhibit 29.9 % out of the total variance 
with strong positive loadings posed by count, Sal, DS, TS, Cl, Ca, 
K, Mg and Na. The direct relationship between these parameters 

coincides with the study that has been conducted by [30, 41]. 
Therefore, the VF1 are corresponded as a source of the mineral 
component that are overlying in the river water. 

 
Table 3: Loadings of nine Varimax Factors (VFs) of Klang River Basin. 

  VF1 VF2 VF3 VF4 VF5 VF6 VF7 VF8 VF9 

DO -0.091 -0.155 -0.113 -0.041 0.161 -0.652 -0.229 0.036 -0.162 

BOD -0.064 0.830 -0.016 -0.025 -0.034 0.171 0.180 0.056 -0.048 

COD -0.006 0.828 0.174 0.033 -0.049 0.233 0.092 0.054 -0.009 

SS 0.000 0.139 0.945 0.009 0.002 -0.034 -0.022 -0.011 0.002 

pH -0.080 -0.023 -0.039 -0.001 -0.027 -0.113 -0.495 0.233 -0.341 

NH3-N -0.058 0.127 -0.089 -0.026 -0.122 0.696 -0.145 0.209 -0.097 

TEMP 0.084 0.133 0.011 0.112 0.007 0.709 -0.028 -0.016 0.002 

COND 0.992 -0.018 -0.006 -0.013 0.005 0.000 0.002 -0.009 0.006 

SAL 0.993 -0.018 -0.006 -0.013 0.004 -0.005 0.002 -0.009 0.006 

TUR -0.016 -0.012 0.944 -0.021 0.018 0.027 0.058 -0.012 -0.015 

DS 0.994 -0.018 -0.010 -0.014 -0.001 0.001 0.004 -0.008 0.005 

TS 0.989 -0.002 0.099 -0.013 -0.001 -0.002 0.002 -0.009 0.005 

NO3 0.054 -0.105 0.045 -0.032 0.842 -0.173 -0.025 -0.006 -0.022 

Cl 0.977 -0.025 -0.007 -0.016 -0.025 -0.015 0.007 -0.017 0.018 

PO4 -0.023 0.242 -0.140 0.076 0.005 0.424 -0.027 0.619 -0.041 

As 0.022 0.008 0.020 0.099 0.023 0.000 -0.006 0.716 -0.019 

Cd 0.011 -0.019 -0.014 -0.064 0.014 0.165 -0.112 -0.144 0.549 

Cr 0.096 0.358 -0.124 0.178 0.049 0.115 -0.199 -0.411 -0.284 

Pb 0.003 0.010 -0.037 0.017 0.022 -0.058 0.035 0.053 0.706 

Zn 0.032 0.188 0.060 -0.127 0.200 0.103 0.604 -0.174 -0.263 

Ca 0.921 0.072 -0.049 0.008 0.023 0.109 -0.028 -0.012 -0.035 

Fe -0.090 0.096 0.021 -0.029 -0.100 -0.092 0.738 0.150 0.057 

K 0.970 0.010 -0.026 -0.017 0.010 0.027 -0.012 0.018 -0.003 

Mg 0.978 -0.019 -0.022 -0.018 0.016 -0.009 -0.017 0.005 -0.002 

Na 0.989 -0.019 -0.006 -0.013 0.022 -0.010 -0.001 -0.005 0.003 

OG 0.001 0.677 0.090 0.107 -0.053 -0.298 -0.205 -0.044 0.110 

MBAS -0.016 0.006 -0.016 -0.010 0.866 0.035 0.027 0.012 0.032 

E-coli -0.037 0.002 0.000 0.911 -0.010 0.051 0.037 -0.007 -0.010 

Coliform -0.051 0.050 -0.012 0.922 -0.025 0.007 -0.089 0.065 0.003 

Eigenvalues 8.6852 2.873 2.1032  1.7673 1.52 1.385 1.27 1.088 1.039 

Variability (%) 29.906 7.457 6.560 6.138 5.389 6.511 4.764 4.329 3.878 

Cumulative % 29.906 37.363 43.923 50.061 55.450 61.960 66.724 71.053 74.931 

Note: Values in bold indicate the variables having strong loading >0.75 and value underline indicate the moderate loading. 

 

Meanwhile, factor 2 (VF2) signifies strong positive loadings of 
BOD and COD with 7.5 % of the total variance. This factor repre-
sents as the anthropogenic pollution sources. Theoretically, the 
BOD and COD have a strong significant correlation with one an-
other and this is confirmed by the Pearson correlation that portrays 
r= 0.745 at p < 0.001. The strong significant correlation was due 
to the high levels of dissolved organic matter that will inevitably 
consume large amounts of oxygen that undergoes anaerobic fer-

mentation processes, hence leading to the increase of COD values, 
BOD value and reducing the levels of dissolved oxygen required 
in the water column [30]. Whereas, VF3 indicates 6.56 % of the 
total variance have strong positive loadings of SS and turbidity (r= 
0.819, p = < 0.001). The direct relationship between both parame-
ters has been reported in [11]. Thus, this confirmed that suspended 
solids and turbidity does correspond to one another.  Therefore, 
this factor is categorized as the surface runoff that comes from the 

field, transporting a high load of soil and waste disposal amenities 
into the river [11]. 
VF4 shows 6.14 % of the total variance with strong positive load-
ings of E-coli and coliform. Which is consistent with other study 
[44]. The result suggests that both parameters are suspected to be 
originated from the animal faecal, surface runoffs and sewage 
treatment plant effluent discharge. On the contrary, the VF5 ac-

counted for 5.4 % of the total variance having strong positive 
loading of MBAS and NO3. The alliances between these variables 
are suspected to be derived from the municipal waste discharge 
such as detergent [45]. The surfactants that are utilized in the de-
tergents are also called as methylene-blue-active substance 
(MBAS) due to the colour changes that can be observed in aque-
ous solution of the methylene blue dye [46]. Generally, Klang 
River flows through the densely populated area in the urban city 

of Kuala Lumpur. Along the way the Klang River transported 
different kinds of particulates into the river, hence resulting in the 
variety of non-point pollution sources into the river. Therefore, 
this study confirmed that the association of these variables in VF5 
is embodied into the river water due the municipal waste discharg-
es. 
VF6 exhibited to 6.5 % of the total variance with strong positive 
loadings of NH3-N and temperature. The results suggest that it is 

potentially due to the high loading of dissolved organic matter or 
other liquid organic waste deposited into the river. This organic 
waste leads to the anaerobic conditions, hence resulted in the for-
mation of ammonia and organic acids that cause the reduction of 
pH [40]. Moreover, the pH may decrease once the temperature 
increase. Therefore, the VF6 are corresponded as the liquid organ-
ic waste, a type of pollution sources available in the Klang River 
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Basin. VF7 accounted for 4.8 % of the total variance with strong 
positive loadings of Fe. This result is consistent with [47] and [8] 
which suggested that the presence of Fe in the river water are ba-
sically derived from the industrial effluent that held near the river. 
Moreover, Fe was also enlisted as one of the elements in the metal 
group. According to [48], soluble Fe can be found in groundwater, 
dead-ends in water distribution systems, oxygen-free reservoirs 
and scale (hard mineral coatings) within pipes. VF8 described 4.3 % 

of the total variance with the strong positive loading of As. This 
VF is referred as industrial application waste from industrial areas. 
Many chemicals including heavy metals, entered the river and 
accumulate in environmental compartments [48, 49]. Based on [48] 
research on Klang River, As is discharged into the environment by 
the several sources like the fusion process of Cu, Zn and Pb, like-
wise by the industrialisation of chemicals and glasses. Other 
sources are paints, rat poisoning, fungicides, and wood preserva-

tives. 
VF9 accounted for 3.9 % of the total variance with strong positive 
loadings of Cr. This factor is explained due to the chromes, dyes 
and leather industry waste that have contributed to the production 
and generation of Cr in the river. According to [48], the most rele-
vant source of Cr in Klang River is from solid waste. Solid waste 
from processing plants chromate, when are improperly disposed of 
in landfills can be a source of contamination of the groundwater, 

the residence time of Cr may be several years. It is believed the 
leakage from topsoil and rocks is the most essential natural source 
of Cr access into water bodies [48]. The formation of Cr (VI) from 
Cr (III) happens, notably in the presence of common minerals 
containing Mn (IV) oxides. The summarization of all the possible 
pollutant sources is displayed in Table 4. 
 

Table 4: Summary of Possible Pollution Sources for Klang River Basin. 

Parameter Possible Pollution Sources 

VF1 : Cond, Sal, DS, TS,  

 Cl, Ca, K, Mg, Na 

Mineral Component 

VF2 : BOD, COD Industrial Waste/ Anthropogenic 

VF3 : SS, TUR Surface Runoff  

VF4 : E-coli, Coliform Sewage 

VF5 : MBAS, NO3 Municipal Waste (Detergent) 

VF6 : NH3-N, Temp Liquid Organic Waste Product 

VF7 : Fe Abundant of Fe Element in Earth 

Crust 

VF8 : As Pesticide/Industrial Application Waste 

VF9 : Cr Chromes/Dyes/Leather Industry Waste 

3.2. APCS-MLR for Source Apportionment 

Source apportionment is a very crucial approach in environmetric. 
This approach assists in the identification of sources that contrib-
uted to each of the parameter concentrations [34]. Although, the 
PCA provides qualitative information concerning the source of 
pollution, it was still found inadequate to support the contribution 

of each type of the sources [43]. Therefore, to acquire significant 
sets of result, MLR was employed in an attempt to determine the 
percentage of contribution for each of the sources. This approach 
calculated the weight of sources in the total sum using multiple 
regressions. The outcomes were evaluated based on the R2 values 
where if the R2 is greater than 0.75, it indicated as a good fit be-
tween the measured and predicted concentration. Meanwhile, the 
goodness of the receptor modeling approach (PCA-MLR) to the 
source apportionment of the water variables is determined based 

on the excellent correlation computed [43].  
This study revealed that the coefficient of determination (R2) for 
the APCS-MLR model in Klang River indicates that it is relatively 
accurate with R2 equivalent to 0.724 as this is displayed in Table 5. 
Although the R2 values demonstrate a slightly different value in 
comparison to Wu et al. (2009) [43], the goodness of the receptor 
modeling approach (PCA-MLR) are still managed to illustrate a 
good correlation with the source apportionment of the water quali-

ty parameters in the Klang River. 
 

Table 5: Goodness of fit statistic for regression of WQI. 

Statistics Value 

R² 0.724 

Adjusted R² 0.718 

MSE 8.413 

RMSE 2.900 

AIC 829.812 

SBC 869.344 

 
Based on Table 6, VF6 has been identified as the major contribu-
tor to the NH3-N and temperature with the percentage of 66.35%. 
The result suggests that the elevated amount of industrial activities 
near the Klang River will lead to the introduction of high pollution 
sources in the river. Therefore, the high loading of NH3-N will 
literally result to the fluctuation in the water temperature. Hence, 
the contribution of these pollutants suggests that the river must 

undergo continuous monitoring of the levels of pollutants to con-
trol and protect the river water from being continuously polluted 
due to the human negligence. 
 

Table 6: Goodness of fit statistic for regression of WQI. 

Variable R2 Diff R2
 MSE RMSE 

% contribu-

tion 

All Source 0.724  8.413 2.900  

L-VF1 0.663 0.061 10.254 3.202 8.354 

L-VF2 0.717 0.007 8.606 2.934 0.966 

L-VF3 0.688 0.037 9.503 3.083 4.986 

L-VF4 0.698 0.027 9.201 3.033 3.637 

L-VF5 0.721 0.003 8.494 2.914 0.464 

L-VF6 0.238 0.486 23.191 4.816 66.346 
L-VF7 0.663 0.061 10.248 3.201 8.326 

L-VF8 0.724 0.000 8.403 2.899 0.057 

L-VF9 0.674 0.050 9.922 3.150 6.866 

Total for 

Diff R2
 

 0.733   100 

3.3. Hierarchical Agglomerative Clustering Analysis for 

Significant Parameters 

HACA was incorporated on the water quality data set to assess the 
spatial variations of the significant water quality parameter. 
HACA is used as a grouping and classifying tool based on the 
parameter similarity level. These prior studies have denoted the 
importance of HACA in the water quality assessment [11, 38, 40]. 
The clustering procedure first reflects the individual items as sepa-
rate groups. Then, pairwise distances between groups are calculat-
ed and the pair with the minimum distance is linked to form new 

clusters [20, 50]. The dendrogram is used to illustrate the classifi-
cation of the objects which display the similarity levels then quan-
tified through Ward’s method and Euclidean distance measure-
ment. In fact, HACA has been widely used in the water quality 
assessment to identify one station in each cluster which can act as 
a reasonably accurate representation of the spatial assessment 
despite reducing the cost of monitoring and analysis [11]. The 
parameter that has been chosen for HACA analysis is based on the 

percentage of the source apportionment in the APCS-MLR.  
The secondary data from the Klang river basin were subjected into 
HACA analysis to classify the monitoring stations based on the 
concentration of NH3-N. The results revealed that the HACA 
managed to categorize the level of NH3-N concentrations into two 
clusters. The concentrations of NH3-N at each of the monitoring 
stations are categorized into two distinct groups in Fig. 2. The 
dendrogram classified IK16 as Cluster 1 shows to the highest level 
of NH3-N concentration in the river. Meanwhile, the Cluster 2 

grouped all of the other monitoring stations in Klang River as low 
level of NH3-N concentration. These findings suggest that station 
IKI6 may have been induced with high level of NH3-N concentra-
tion due to anthropogenic activities that occurred surrounding the 
area. According to [52], sedimentation is a major pollutant in 
Klang River, which high concentration of SS because of the de-
velopment of substantially due to population growth. Besides, 
disposal of sewage and industrial waste also contribute to pollute 
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the Klang River. Furthermore, Klang River is regarded as main 
waterway that flows through the capital city of Kuala Lumpur 
which is known as a densely populated and urban industrialized 
area. Based on [53] research in Kerayong River, IK16 area is ex-
ceedingly urbanize with 74 % imperviousness. The residential 
area forms the largest fraction of the impervious surface, covering 
50 % of the total catchment. The daily wash offs did not brush up 
the catchment due to the remaining pollutants washed off from an 

internal drain, which could be related with the sludge from sewer-
age treatment plant activities in the catchment [53].  The river was 
badly polluted even though the rainfall intensity was high. Theo-
retically, the improper sewerage treatment effluent and waste 
product that consist of sewage, liquid manure and other liquid 
organic waste product discharges into the running water course 
will lead to the increase of NH3-N concentration in the river water. 
Moreover, Klang River basin is categorized as Class III and Class 

IV according to the Environmental Quality Report [54]. This indi-
cates that the river is facing a current threat due to the one station 
(IK16) that emits high concentration of NH3-N into the river. 
Therefore, the urge to monitor this station constantly needs to be 
implemented in attempt to reduce the amount of pollutants despite 
positioning IKI6 as a representative station in the Klang River 
Basin.  
 

 
Fig. 2: NH3-N dendrogram showing classified sampling sites located in the 

Klang River Basin. 

4. Conclusion  

PCA in Klang River Basin involved 9 PCs eigenvalues greater 
than one explaining about 75 % of the total variance in the data set 
of water quality. The result from PCA suggested mineral compo-

nent, Industrial waste/ anthropogenic, surface runoff, sewage, 
municipal waste (detergent), liquid organic waste product, abun-
dant Fe element in the earth's crust, pesticide/industrial application 
waste, chromes/dyes/leather industry waste as possible pollution 
sources in the Klang River Basin. NH3-N has been revealed as the 
main parameters for polluting the Klang River Basin by using 
APCS-MLR model. Monitoring stations from Klang River Basin 
have been clustered by two groups which are high concentration 

of NH3-N and low concentration of NH3-N. HACA specifies 1K16 
has the highest concentration of NH3-N. SPC comes out with the 
result signifies that the mean concentration of NH3-N in 1K16 
were not in the control process. A potential clarification of this 
problem might be that the Klang River Basin is exposed to the 
anthropogenic activities in the highly industrialized area.  
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