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Use of principal component analysis, factor analysis
and discriminant analysis to evaluate spatial and
temporal variations in water quality of the Mekong River
Sangam Shrestha, Futaba Kazama and Takashi Nakamura

ABSTRACT
Multivariate statistical techniques, such as principal component analysis (PCA), factor analysis (FA)
and discriminant analysis (DA), were applied for the evaluation of temporal/spatial variations and the
interpretation of a large complex water quality dataset of the Mekong River using data sets generated
during 6 years (1995–2000) of monitoring of 18 parameters (16,848 observations) at 13 different sites.
The results of PCA/FA revealed that most of the variations are explained by dissolved mineral salts
along the whole Mekong River and in individual stations. Discriminant analysis showed the best
results for data reduction and pattern recognition during both spatial and temporal analysis. Spatial
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DA revealed 8 parameters (total suspended solids, calcium, sodium, alkalinity, chloride, iron, nitrate
nitrogen, total phosphorus) and 12 parameters (total suspended solids, calcium, sodium, potassium,
alkalinity, chloride, sulfate, iron, nitrate nitrogen, total phosphorus, silicon, dissolved oxygen) are
responsible for significant variations between monitoring regions and countries, respectively.
Temporal DA revealed 3 parameters (conductivity, alkalinity, nitrate nitrogen) between monitoring
regions; 3 parameters (total suspended solids, conductivity, silicon) in midstream region; and 2
parameters (conductivity, silicon) in upstream, lower stream and delta region which are the most
significant parameters to discriminate between the four different seasons (spring, summer, autumn,
winter). Thus, this study illustrates the usefulness of principal component analysis, factor analysis and
discriminant analysis for the analysis and interpretation of complex datasets and in water quality
assessment, identification of pollution sources/factors, and understanding of temporal and spatial
variations of water quality for effective river water quality management.
Key words

| discriminant analysis, factor analysis, Mekong River, principal component analysis,
transboundary river, water quality

INTRODUCTION
A river is a system comprising both the main course and the

Municipal and industrial wastewater discharge constitutes a

tributaries, carrying the one-way flow of a significant load of

constant polluting source, whereas surface runoff is a seasonal

matter in dissolved and particulate phases from both natural

phenomenon, largely affected by climate within the basin

and anthropogenic sources. The quality of a river at any point

(Singh et al. 2004). Seasonal variations in precipitation, surface

reflects several major influences, including the lithology of the

runoff, interflow, groundwater flow and pumped in and

basin, atmospheric inputs, climatic conditions and anthropo-

outflows have a strong effect on river discharge and, sub-

genic inputs (Bricker & Jones 1995). On the other hand, rivers

sequently, on the concentration of pollutants in river water

play a major role in assimilation or transporting municipal and

(Vega et al. 1998). Therefore, the effective long-term manage-

industrial wastewater and runoff from agricultural land.

ment of rivers requires a fundamental understanding of
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hydro-morphological, chemical and biological characteristics.

sampling sites, identification of water quality variables respon-

However, due to spatial and temporal variations in water quality

sible for spatial and temporal variations in river water quality,

(which are often difficult to interpret), a monitoring program,

the hidden factors explaining the structure of the database, and

providing a representative and reliable estimation of the quality

the influence of possible sources (natural and anthropogenic)

of surface waters, is necessary (Dixon & Chiswell 1996).

on the water quality parameters of the Mekong River.

The application of different multivariate statistical techniques, such as principal component analysis (PCA), factor
analysis (FA) and discriminant analysis (DA), helps in the

STUDY AREA

interpretation of complex data matrices to better understand
the water quality and ecological status of the studied systems,

The Mekong River (see Figure 1) is the longest in Southeast Asia

allows the identification of possible factors/sources that

and the twelvth longest in the world, with a length of 4800 km, a

influence water systems and offers a valuable tool for reliable

drainage area of 80,5604 km2 (WRI et al. 2003) and an annual

management of water resources as well as rapid solution to

runoff of 475 billion m3. It originates from the Tanggula

pollution problems (Helena et al. 2000; Lee et al. 2001; Adams

Mountains at an altitude of about 5000 m a.s.l. on the Tibetan

et al. 2001; Wunderlin et al. 2001; Reghunath et al. 2002;

plateau, flows southwards through Tsinghai, Tibet and Yunnan

Simeonova et al. 2003; Simeonov et al. 2004; Papatheodorou

provinces of China, Myanmar, Laos, Thailand, Cambodia and

et al. 2007). Multivariate statistical techniques has been applied

Vietnam, and discharges into the South China Sea. The upper

to characterize and evaluate surface and freshwater quality,

Mekong River, called the Lancang River in China, flows by a

and it is useful in verifying temporal and spatial variations

series of giant mountain ranges, such as Ta Nian Ta Weng, Ning

caused by natural and anthropogenic factors linked to

Jing, Heng Duan and Yun Ling. Therefore, the upper basin is

seasonality. For example, Zou & Yu (1996) have used a general

extremely slender consisting of deep and narrow valleys, some

dynamic factor model to reduce the high dimensionality of the

as high as 1200 m above the river, e.g. the Lancang River in

original matrix variables in order to detect trends in time series.

Tibet. In the upper 1600 km (from the Tibetan plateau to the

Meng & Maynard (2001) used cluster and factor analysis to

Thailand–Myanmar border), the river drops rapidly by about

identify geochemical regions within a watershed in Brazil. Silva

4500 m a.s.l., and then an additional 200 m a.s.l. along 830 km

& Williams (2001) combined multivariate statistical analyses

between the Thailand–Myanmar border and Vientiane in Laos.

with GIS analysis to determine if a correlation existed between
water quality and landscape characteristics in a watershed in
southern Ontario (Canada). Singh et al. (2004, 2005) used
multivariate statistical techniques to evaluate spatial and
temporal variations in water quality of the Gomti River
(India). Similarly, Shrestha & Kazama (2007) also used
multivariate statistical techniques to assess the surface water
quality of the Fuji River Basin in Japan. These techniques,
especially PCA, have also been used to evaluate the water
quality monitoring stations (Ouyang 2005). Furthermore, longterm hydrochemical data of shallow water bodies has been
evaluated using factor analysis and discriminant analysis
(Medina-Gomez & Herrera-Silverira 2003; Solidoro et al.
2004; Parinet et al. 2004).
In the present study, a large data matrix, obtained during a
6-year (1995–2000) monitoring program, is subjected to
different multivariate statistical techniques to extract information about the similarities or dissimilarities between
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Map of study area and water quality monitoring stations (listed 1–13) in the
Mekong River.
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After coming out of China and entering the Golden Triangle, it is

The selected water quality parameters includes pH, dissolved

called the Lower Mekong River and turns gentler, where most

oxygen, chemical oxygen demand (manganese), calcium,

of it is navigable (Kite 2001). The climate of the upper Mekong

magnesium, potassium, sodium, chloride, sulfate, iron, silicon,

basin is featured as the high mountainous cold weather in

total suspended solids, electrical conductivity, alkalinity, nitrate

Tsinghai, Tibet and Yunnan in China. The lower Mekong basin

nitrogen, ammonical nitrogen and inorganic dissolved phos-

is situated in the tropical zone and is dominated by two distinct

phorus and total phosphorus. The water quality parameters,

monsoons: the rainy southwest and the dry northeast. The

their units and the basic statistics of the monthly measured

southwest monsoon from the Indian Ocean brings proper

6-year dataset on river water quality are summarized in Table 1.

rainfall and lasts from mid-May to mid-October. During this
period the basin experiences frequent rainfall (around 85–90%
of annual rainfall), high humidity, maximum cloudiness and
tropical temperatures. The northeast monsoon from China
remains active from mid-October to April and causes a dry spell
over the basin. The summer starts in mid-February and ends

METHODS
Data treatment and multivariate statistical methods

around mid-May. The weather in summer is rather hot with

The Kolmogorov–Smirnov (K–S) statistics were used to test

high temperature, low rainfall and low humidity. Lowest rainfall

the goodness-of-fit of the data to log-normal distribution.

occurs in December and January. The flood season starts June–

According to the K–S test, all the variables are log-normally

July and ends in November–December, with a peak in

distributed with 95% or higher confidence. Similarly, to

September, and accounts for 85–90% of the total annual

examine the suitability of the data for principal component

runoff. During the dry season, the monthly flow accounts for

analysis/factor analysis, Kaiser–Meyer–Olkin (KMO) and

only 1–2% of annual flow. Mean annual flow at different

Bartlett’s test were performed. KMO is a measure of sampling

locations from upstream to downstream shows a great change,

adequacy that indicates the proportion of variance which is

3

3

from Nong Khai (4490 m /s) to Kratie (13,700 m /s). Two

common variance, i.e. which might be caused by underlying

general categories of soil have been identified in the MRB:

factors. High values (close to 1) generally indicate that principal

(i) upland soils: podsols, red and black soils, lateritic and mountain

component/factor analysis may be useful, which is the case in

soils and (ii) lowland soils: located in the Korat plateau in

this study: KMO ¼ 0.80. Bartlett’s test of sphericity indicates

Northeast Thailand, the Mekong plain and delta. Theses soils are

whether the correlation matrix is an identity matrix, which

coastal complex, delta, flood plain and groundwater complex soils

would indicate that variables are unrelated. The significance

(MRC & UNEP 1997). Forestry, agriculture and fisheries are the

level, which is 0 in this study (less than 0.05), indicates that there

major land uses of the Mekong River basin. Intrusion of saline

are significance relationships among variables.

water into the Mekong Delta and water quality degradation

The water quality parameters were grouped into four

due to growing populations and increasing economic develop-

seasons: spring (March–May), summer (June–August),

ment are among the emerging issues regarding water usage in the

autumn (September–November) and winter (December–

Mekong River basin (MRC 2001).

February), and each was assigned a numerical value in the
data file (spring ¼ 1; summer ¼ 2; autumn ¼ 3 and
winter ¼ 4), which, as a variable corresponding to the season,

MONITORED PARAMETERS AND ANALYTICAL
METHODS

was correlated (pair by pair) with all the measured parameters.
River water quality datasets were subjected to three
multivariate

techniques:

principal

component

analysis

The datasets of 13 water quality monitoring stations which

(PCA), factor analysis (FA) and discriminant analysis (DA).

covers the Lower Mekong River of ,2400 km from its river

DA was applied to raw data, whereas PCA and FA were applied

mouth, comprising 18 water quality parameters monitored

to experimental data, standardized through z-scale transform-

monthly as a grab samples over 6 years (1995–2000), were

ation to avoid misclassifications arising from the different

obtained from the Mekong River Commission (MRC).

orders of magnitude of both numerical values and variance of
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Means of different water quality parameters at different locations of the Mekong River during 1995–2000

Region

Upstream

Country

Thailand

Laos

S.N

Parameters

St. 1

St. 2

1

pH

2

TSS (mg l21)

287.73

3

EC (mS m21)

23.98

23.37

22.74

21.18

19.40

18.49

4

Ca (mg l21)

1.41

1.54

1.48

1.21

1.18

1.15

0.77

0.85

0.87

0.77

0.73

0.75

0.86

5

Mg (mg l21)

0.53

0.50

0.49

0.44

0.41

0.42

0.33

0.37

0.34

0.34

0.38

0.40

1.30

6

Na (mg l21)

0.41

0.20

0.17

0.44

0.36

0.17

0.30

0.30

0.32

0.29

0.28

0.28

2.46

7

K (mg l21)

0.05

0.03

0.03

0.05

0.04

0.03

0.04

0.04

0.04

0.04

0.04

0.04

0.12

8

Alk (mg l21)

1.83

1.77

1.61

1.59

1.54

1.35

1.03

1.12

1.16

1.02

1.09

1.11

1.06

9

Cl (mg l21)

0.25

0.16

0.19

0.30

0.23

0.25

0.14

0.15

0.16

0.15

0.21

0.18

2.78

10

SO4 (mg l21)

0.31

0.50

0.51

0.22

0.20

0.41

0.19

0.20

0.20

0.18

0.14

0.12

0.81

11

Fe (mg l21)

0.05

0.03

0.04

0.04

0.07

0.02

1.14

0.34

0.15

0.37

0.62

0.97

1.43

12

NO3-N (mg l21)

0.33

0.17

0.16

0.32

0.28

0.10

0.14

0.16

0.18

0.18

0.25

0.31

0.41

13

NH4-N (mg l21)

0.05

0.03

0.04

0.04

0.04

0.03

0.03

0.04

0.03

0.04

0.01

0.02

0.05

14

PO4-P (mg l21)

0.02

0.02

0.03

0.02

0.02

0.02

0.01

0.02

0.02

0.01

0.02

0.02

0.06

15

TP (mg l21)

0.06

0.03

0.05

0.05

0.05

0.03

0.02

0.03

0.03

0.03

0.12

0.10

0.24

16

Si (mg l21)

5.09

6.33

6.52

4.95

5.00

5.98

5.33

4.85

4.83

4.37

5.84

5.97

5.99

17

DO (mg l21)

8.07

3.91

6.81

7.51

8.06

3.90

7.32

6.70

6.74

6.24

6.69

6.65

6.53

18

COD (mg l21)

1.79

1.24

1.11

1.34

1.38

1.25

2.03

1.94

1.83

2.28

2.56

2.20

2.93

7.88

Midstream
Thailand
St. 3

7.76

St. 4

7.93

7.76

186.25 298.03 127.32

St. 5

7.77

Lower stream

Delta

Laos

Cambodia

Cambodia

Vietnam

St. 6

St. 7

St. 10

St. 11

7.78

7.38

St. 8

7.58

St. 9

7.54

7.48

134.35 154.23 119.23 86.98 100.59 93.00
14.01 15.12

15.57 14.10

7.42

St. 12

7.35

St. 13

7.23

93.75 67.51 60.94
13.41 13.85 47.92

the parameters analyzed. The z-scale transformation converts

components, which are linear combinations of the original

Pearson’s r’s to the normally distributed variable z. All

variables. The new axes lie along the directions of maximum

mathematical and statistical computations were made using

variance. PCA provides an objective way of finding indices

Microsoft Office Excel 2003 and STATISTICA 6.

of this type so that the variation in the data can be
accounted for as concisely as possible (Sarbu & Pop 2005).

Principal component analysis/factor analysis

PC provides information on the most meaningful parameters, which describes a whole dataset affording data

PCA is designed to transform the original variables into

reduction with minimum loss of original information

new, uncorrelated variables (axes), called the principal

(Helena et al. 2000). The principal component (PC) can
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discriminant function for each group, which operates on

be expressed as
zij ¼ ai1 x1j þ ai2 x2j þ ai3 x3j þ … þ aim xmj

ð1Þ

raw data (Johnson & Wichern 1992; Wunderlin et al. 2001;
Singh et al. 2004, 2005), as in the equation below:

where z is the component score, a is the component
loading, x is the measured value of variable, i is the
component number, j is the sample number and m is the
total number of variables.

fðGÞi ¼ ki þ

n
X

wij pij

ð3Þ

j¼1

where i is the number of groups (G), ki is the constant

FA follows PCA. The main purpose of FA is to reduce

inherent to each group, n is the number of parameters used

the contribution of less significant variables to simplify even

to classify a set of data into a given group, wj is the weight

more of the data structure coming from PCA. This purpose

coefficient, assigned by DA to a given selected parameter

can be achieved by rotating the axis defined by PCA,

(Pj). The weight coefficient maximizes the distance between

according to well-established rules, and constructing new

the means of the criterion (dependent) variable. The

variables, also called varifactors (VF). PC is a linear

classification table, also called a confusion, assignment or

combination of observable water quality variables, whereas

prediction matrix or table, is used to assess the performance

VF can include unobservable, hypothetical, latent variables

of DA. This is simply a table in which the rows are the

(Vega et al. 1998; Helena et al. 2000). PCA of the normalized

observed categories of the dependents and the columns are

variables was performed to extract significant PCs and to

the predicted categories of the dependents. When predic-

further reduce the contribution of variables with minor

tion is perfect, all cases will lie on the diagonal. The

significance; these PCs were subjected to varimax rotation

percentage of cases on the diagonal is the percentage of

(raw) generating VFs. As a result, a small number of factors

correct classifications.

will usually account for approximately the same amount of

In this study, DA was performed on each raw data matrix

information as does the much larger set of original

using standard, forward stepwise and backward stepwise

observations. The FA can be expressed as

modes in constructing discriminant functions to evaluate both

zji ¼ af1 f 1i þ af2 f 2i þ af3 f 3i þ … þ afm f mi þ efi

ð2Þ

the spatial and temporal variations in river water quality of the
basin. The site (spatial) and the season (temporal) were the

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

grouping (dependent) variables, whereas all the measured

loading, f is the factor score, e is the residual term

parameters constituted the independent variables.

accounting for errors or other source of variation, i is the
sample number and m is the total number of variables.

RESULTS AND DISCUSSIONS
Discriminant analysis

Temporal variations in water quality

Discriminant analysis (DA) is used to classify cases into

Temporal DA was performed on raw data after dividing the

categorical-dependent values, usually a dichotomy. If

whole dataset into four seasonal groups (spring, summer,

discriminant analysis is effective for a set of data, the

autumn and winter). The temporal variations in water quality

classification table of correct and incorrect estimates will

were evaluated between monitoring regions and within

yield a high correct percentage. In DA, multiple quantitative

monitoring regions (upstream (UR), midstream (MR), lower

attributes are used to discriminate between two or more

stream (LR) and delta (DR) regions). The upstream and the

naturally occurring groups. DA provides statistical classifi-

midstream consists of the water quality monitoring stations in

cation of samples and it is performed with prior knowledge

Thailand and Laos; the lower stream consists of stations in

of membership of objects to a particular group or cluster.

Cambodia and delta consists of stations in Cambodia and

Furthermore, DA helps in grouping samples sharing

Vietnam. Discriminant functions (DFs) and classification

common properties. The DA technique builds up a

matrices (CMs) were obtained from the standard, forward
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stepwise and backward stepwise modes of DA. In forward

discriminant parameters with little difference in the match for

stepwise mode, variables are included step by step, beginning

each season compared with the forward stepwise mode. Thus,

with the more significant until no significant changes are

the temporal DA results suggest that total suspended solids,

obtained, whereas, in backward stepwise mode, variables are

electrical conductivity and silicon are the most significant

removed step by step, beginning with the less significant until

parameters to discriminate between the four seasons, which

no significant changes are obtained. The standard DA mode-

means that these three parameters account for most of the

and forward stepwise DA mode-constructed DFs, including 18

expected temporal variations in the river water quality in the

and 17 parameters, respectively. Both the standard and

midstream of Mekong River basin. In the lower stream region

forward stepwise mode DFs using 18 and 17 discriminant

of the Mekong River (LR), the standard DA mode- and forward

variables, respectively, yielded the corresponding CMs, assign-

stepwise DA mode-constructed DFs, including 18 and 12

ing 53% of the cases correctly. However, in backward stepwise

parameters, respectively. Both the standard and forward

mode, DA gave CMs with 46% correct assignations using only

stepwise mode DFs using 18 and 12 discriminant variables,

three discriminant parameters with little difference in the

respectively, yielded the corresponding CMs, assigning 79% of

match for each season compared with the forward stepwise

the cases correctly. However, in backward stepwise mode, DA

mode. Thus, the temporal DA results suggest that electrical

gave CMs with 65% correct assignations using only three

conductivity, alkalinity and nitrate nitrogen are the most

discriminant parameters with little difference in the match for

significant parameters to discriminate between the four

each season compared with the forward stepwise mode. Thus,

seasons, which means that these three parameters account

the temporal DA results suggest that electrical conductivity and

for most of the expected temporal variations in the river water

sodium are the most significant parameters to discriminate

quality between monitoring regions of the Mekong River basin.

between the four seasons, which means that these two

Temporal variations in river water quality were also

parameters account for most of the expected temporal

performed within the monitoring regions. In the upstream

variations in the river water quality in the lower stream region

region of the Mekong River (UR), the standard DA mode- and

of the Mekong River basin. In the delta region (DR), the

forward stepwise DA mode-constructed DFs, including 18 and

standard DA mode- and forward stepwise DA

10 parameters, respectively. Both the standard and forward

constructed DFs, including 18 and 15 parameters, respectively.

stepwise mode DFs using 18 and 10 discriminant variables,

Both the standard and forward stepwise mode DFs using 18

respectively, yielded the corresponding CMs, assigning 68% of

and 15 discriminant variables, respectively, yielded the

the cases correctly. However, in backward stepwise mode, DA

corresponding CMs, assigning 63% of the cases correctly.

gave CMs with 63% correct assignations using only two

However, in backward stepwise mode, DA gave CMs with 65%

discriminant parameters with little difference in the match for

correct assignations using only two discriminant parameters

each season compared with the forward stepwise mode. Thus,

with little difference in the match for each season compared

the temporal DA results suggest that electrical conductivity and

with the forward stepwise mode. Thus, the temporal DA results

silicon are the most significant parameters to discriminate

suggest that total suspended solids and electrical conductivity

between the four seasons, which means that these two

are the most significant parameters to discriminate between the

parameters account for most of the expected temporal

four seasons, which means that these two parameters account

variations in the river water quality in the upstream region of

for most of the expected temporal variations in the river water

the Mekong River basin. In the midstream region of the

quality in the delta region of the Mekong River basin.

mode-

Mekong River (MR), the standard DA mode- and forward

As identified by DA, box and whisker plots of the selected

stepwise DA mode-constructed DFs, including 18 and 8

parameters showing seasonal trends are given in Figure 2. The

parameters, respectively. Both the standard and forward

temporal DA results suggest that electrical conductivity,

stepwise mode DFs using 18 and 8 discriminant variables,

alkalinity and nitrate nitrogen account for most of the

respectively, yielded the corresponding CMs, assigning 62% of

expected temporal variations in the river water quality

the cases correctly. However, in backward stepwise mode, DA

between monitoring regions of the Mekong River basin. The

gave CMs with 55% correct assignations using only three

electric conductivity and alkalinity are lower in the summer

Downloaded from https://iwaponline.com/jh/article-pdf/10/1/43/386248/43.pdf
by guest

49

S. Shrestha et al. | Use of PCA, FA and DA

Figure 2

|

Journal of Hydroinformatics | 10.1 | 2008

Temporal variations in water quality of the Mekong River: (a) –(c) between monitoring regions; (d), (e) in upstream region; (f) –(h) midstream region; (i), (j) lower stream
region; (k), (l) delta region. (EC ¼ electrical conductivity; iron, Si ¼ silicon, TSS ¼ total suspended solids, Alk ¼ alkalinity, NO3-N ¼ nitrate nitrogen, Na ¼ sodium).
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and autumn seasons, which reflects the dilution effect.

chloride is observed in the delta region. Similarly a higher

However, the concentration of nitrate nitrogen is higher in

concentration of iron is observed in the lower stream and

the summer season, which can be attributed to the non-point

delta regions. The higher concentration of nitrate nitrogen

source pollution, i.e. agricultural runoff. In the upper region,

and total phosphorus is observed in the delta region.

electrical conductivity and silicon are lower in the summer and

The standard DA mode- and forward stepwise DA mode-

autumn seasons as compared to the winter and spring seasons,

constructed DFs, including 18 parameters, respectively.

which also suggest the dilution effect. In the midstream region

Both the standard and forward stepwise mode DFs using

also electric conductivity and silicon are lower but total

18 discriminant parameters, respectively, yielded the corre-

suspended solids are higher in these seasons, which suggest

sponding CMs assigning 80% of cases correctly, whereas the

erosion and transport from riparian areas. In the lower stream

backward stepwise mode DA gave CMs with 79% correct

region, electrical conductivity and sodium are lower in the

assignations using only 12 discriminant parameters. Back-

summer and autumn seasons, which suggest the dilution effect.

ward stepwise DA shows that total suspended solids,

In the delta region, total suspended solids and alkalinity are

calcium, sodium, potassium, alkalinity, chloride, sulfate,

lower in the summer and autumn seasons as compared to the

iron, nitrate nitrogen, total phosphorus, silicon and dis-

winter and spring seasons.

solved oxygen are the discriminating parameters between
the countries.

Spatial variations in water quality

Box and whisker plots of discriminating parameters
identified by spatial DA (backward stepwise mode) were

Spatial DA was performed with the same raw dataset

constructed to evaluate different patterns associated with

comprising 18 parameters after grouping into four major classes

variations in river water quality between the countries

of monitoring regions (UR, MR, LR and DR) and countries

(Figure 4). The concentrations of total suspended solids,

(Thailand, Laos, Cambodia and Vietnam). The monitoring

calcium, silicon and sulfate are comparatively higher in

regions and countries were the grouping (dependent) variable,

Laos as it includes one sampling station, Chiang Saen,

while all the measured parameters constituted the independent

upstream of Thailand. The concentrations of alkalinity and

variables. Discriminant functions (DFs) and classification

dissolved oxygen are comparatively higher in Thailand. The

matrices (CMs) were obtained from the standard, forward

concentrations of sodium, chloride, potassium, iron, nitrate

stepwise and backward stepwise modes of DA. Similarly to

nitrogen and total phosphorus are comparatively higher in

temporal DA, the standard DA mode- and forward stepwise DA

Vietnam. The results of the spatial variations can be used to

mode-constructed DFs, including 18 parameters. Both the

select the polluted areas and set the priority areas for the

standard and forward stepwise mode DFs using 18 discriminant

river water quality management in the study area.

parameters yielded the corresponding CMs, assigning more
than 71% cases correctly, whereas the backward stepwise mode
DA gave CMs with 69% correct assignations using only eight

Data structure determination and source identification

discriminant parameters. Backward stepwise DA shows

Principal component analysis/factor analysis was performed

that total suspended solids, calcium, sodium, alkalinity,

on the normalized datasets (18 variables) separately for

chloride, iron, nitrate nitrogen and total phosphorus are the

individual sampling stations and for the whole Mekong River

discriminating parameters in between the monitoring regions.

to compare the compositional pattern between analyzed water

Box and whisker plots of discriminating parameters

samples and identify the factors influencing each one. The

identified by spatial DA (backward stepwise mode) were

input data matrices (variables £ cases) for PCA/FA were

constructed to evaluate different patterns associated with

[18 £ 72] for each sampling stations and [18 £ 855] for the

variations in river water quality between the monitoring

whole river. PCA of the 13 datasets of the individual stations

regions (Figure 3). The decrease in total suspended solids,

yielded four PCs for station 9 (Phnom Penh); five PCs for

alkalinity and calcium is observed from the upstream region

station 1 (Chiang Saen), station 2 (Luang Prabang), station 5

to the delta region. The higher concentration of sodium and

(Khong Chiam), station 8 (Kampong Chiam) and station 10
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Figure 3

|
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Spatial variations: (a) TSS, (b) Alk., (c) Ca, (d) Na, (e) Fe, (f) NO3 2 N and (g) TP river water quality between monitoring regions of the Mekong River.

(Neak Luong); six PCs for station 3 (Vientine), station 4

Equal numbers of vari-factors (VFs) were obtained for all

(Nakhon Phanom), station 6 (Pakse), station 7 (Kratie) and

cases through FA performed on the PCs. Corresponding VFs,

station 12 (Mythuan); seven PCs for station 13 (Mytho); and

variable loadings and explained variance are presented in

eight PCs for station 11 (Tan Chau) with eigenvalues . 1,

Table 2. Liu et al. (2003) classified the factor loadings as ‘strong’,

explaining 68, 66, 73, 68, 71, 69, 68, 73, 72, 77, 65, 80 and 71%

‘moderate’ and ‘weak’, corresponding to absolute loading

of the total variance in the respective water quality datasets.

values of .0.75, 0.75–0.50 and 0.50–0.30, respectively.

Similarly, PCA of the whole Mekong River dataset yielded six

In the case of the whole river, the VF1, which explained

PCs with eigenvalues . 1, explaining 72% of the variance in

26.3% of the whole dataset, has strong positive loadings on EC,

the water quality datasets. An eigenvalue gives a measure of the

sodium and chloride. This factor can be named as the salinity

significance of the factor: the factors with the highest

factor. There are two reasons for the salinity problem in the

eigenvalues are the most significant. Eigenvalues of 1.0 or

Mekong River. The first, mainly in Northeast Thailand

greater are considered significant (Kim & Muller 1987).

(upstream and midstream), has resulted from deforestation
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Figure 4

|
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Spatial variations: (a) TSS, (b) Ca, (c) Si, (d) Alk., (e) DO, (f) Na, (g) Cl, (h) K, (i) Fe, (j) Fe, (k) NO3 2 N and (l) TP river water quality between countries of the Mekong River.
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Water quality variables associated with strong factor loadings, variance explained by each factors and total variance explained by the datasets of the whole Mekong River and individual sampling stations

1

Factor
2

Factor
3

Factor
4

Factor
5

Factor

Factor

Factor

Total

6

7

8

variance (%)

EC, Na, Cl
4.73
26.30

PH, Ca, Alk
3.07
17.05

Mg, K, SO4
1.44
8.00

TP, PO4
1.42
7.89

TSS
1.11
6.18

DO
1.10
6.12

–
–
–

–
–
–

72

Chang Saen
E.V
Variance (%)

EC, Ca, Na, Alk, K, Cl
5.89
32.70

TP
1.76
9.79

pH
1.53
8.49

Si
1.49
8.25

Fe
1.24
6.87

–
–
–

–
–
–

–
–
–

66

Luang Prabang
E.V
Variance (%)

ECp, Cap, SOp4
4.36
24.24

Na, K
2.63
14.62

TP, PO4
2.20
12.22

pH
1.51
8.39

NHp4
1.24
6.91

–
–
–

–
–
–

–
–
–

73

Vientiane
E.V
Variance (%)

Ca, Mg
4.15
23.06

SOp4
2.35
13.07

Na, K
1.98
11.00

DO
1.44
8.00

TPp, POp4
1.23
6.81

EC, Alk
1.03
5.70

–
–
–

–
–
–

68

Nakhon Phanom
E.V
Variance (%)

EC, Ca, Mg, Alk
5.71
31.70

Na, K, Cl
2.39
13.28

NO3
1.62
9.03

Sip, DOp
1.30
7.25

POp4
1.05
5.86

TPp
1.01
5.59

–
–
–

–
–
–

73

Khong Chiam
E.V
Variance (%)

PH, TSSp, EC, Ca, Mg, Alk, CODpMn
6.23
34.63

Si
1.71
9.49

Fe
1.65
9.18

DOp
1.53
8.48

Cl
1.08
6.02

–
–
–

–
–
–

–
–
–

68

Pakse
E.V
Variance (%)

TSSp, EC, Ca, Alk
4.85
26.93

Na, K
2.40
13.31

TP, PO4
1.91
10.64

NOp3, CODpMn
1.39
7.70

Si
1.31
7.26

Fe
1.04
5.77

–
–
–

–
–
–

72

Kratie
E.V
Variance (%)

EC, Ca, Alk, Cl, Fep
7.07
39.28

pHp, CODpMn
1.72
9.55

K
1.53
8.49

Si
1.24
6.91

TPp, POp4
1.21
6.74

NOp3
1.05
5.84

–
–
–

–
–
–

77

Kampong Chiam
E.V
Variance (%)

EC, Ca, Mg, SO4
6.86
38.09

CODMn
1.98
11.00

K
1.50
8.36

Si
1.36
7.55

NOp3
1.05
5.81

–
–
–

–
–
–

–
–
–

71

Phnom Penh
E.V
Variance (%)

TSS, ECp, Cap,Mgp, Alkp,Clp, TP, PO4
7.31
40.60

K
2.23
12.39

Fep
1.64
9.12

DOp
1.53
8.48

–
–
–

–
–
–

–
–
–

–
–
–

71

Neak Leang

EC, Ca, Na, Mg, Alk, Cl, SO4

NO3

Si

Fep

NH4

–

–

–

69
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Whole River
E.V
Variance (%)

S. Shrestha et al. | Use of PCA, FA and DA

Factor
Location

53

Table 2

S. Shrestha et al. | Use of PCA, FA and DA

80

65

71

exacerbated where there are underlying salt domes. The second
set of salinity problems arises in the delta, where saline intrusion

–
–
–

–
–
–

In the upstream region, the VF1 of station 1 and station
Sip
1.06
5.87

Fep
1.01
5.61
CODpMn
1.05
5.83

out to keep tidal seawater at bay (Hirsch & Cheong 1996).
2, which has strong positive loadings of mineral salts,

–
–
–

–
–
–
–

Total

and associated rises in water tables. The problem has been

variance (%)
8

Factor
Factor
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occurs during the dry season as insufficient fresh water flows

7

54

explained the 32.70% and 24.24% variance of the whole

NOp3
1.23
6.83

SO4
1.14
6.32

POp4
1.09
6.06

–
–

of hardness component and explained 23.06% of variance.
6

Factor

dataset. But the VF1 of Vientine has strong positive loadings
This factor accounts for the temporary hardness of water.
5 and station 6) have strong positive loadings of mineral salts
and hardness components. Moreover, in station 5 VF1 is also

TSS
1.32
7.34

NH4, Sip
1.31
7.27

Mg
1.15
6.39

1.11
6.18

5

Factor

In the middle stream region, all stations (station 4, station

associated with organic matter loadings. The negative correin the river from the loading of high dissolved organic matter,
which results in formation of ammonia and organic acids,

DOp
1.50
8.35

TSS, PO4
1.53
8.50

DOp
1.24
6.87

1.35
7.51

4

Factor

lation between CODMn and pH is due to anaerobic conditions

leading to a decrease in pH.
strong loadings of mineral salts composition, weathering

TP, PO4
1.67
9.30

NO3
1.76
9.75

NH4
1.87
10.38

1.51
8.38

3

Factor

In the lower stream region, VF1 is associated with
and anthropogenic source of pollution. In station 7, apart
from mineral salts, iron also has strong loadings. This

Mg, K, SO4
1.86
10.34

CA, Mg, Alk
2.36
13.12

Na, K, Cl
2.41
13.40

1.95
10.83

2

Factor

station receives water from three other tributaries, Se Kong,
Se Sang and Sre Pok. The highest loadings of iron can be
attributed to the soils containing pyrite (iron sulfide). The
loading of iron is also observed in stations located in the
lower stream and delta regions either as a single factor or
associated with other variables. Pyrite is usually found in
deltaic areas where rising sea levels have flooded mangroves
and estuaries (Hirsch & Cheong 1996). In station 9, VF1 has
strong loadings of TP and PO4 which indicates the influence
of an anthropogenic source of pollution. Phnom Penh is a
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the Great Lake through the Tonle Sap River during the
down water drains out from the Lake into the Mekong
River and the Bassac River, one of the two main branches of
the Mekong River. The reversal of the flow of the Tonle Sap
River is a unique hydrological phenomena that ensures a

p

negative loadings

flood season, and as the water level in the Mekong goes

E.V ¼ eigenvalue,

EC, Ca, Na, Cl
5.78
32.11
Mytho
E.V
Variance (%)

EC, Na
3.54
19.66
Mythuan
E.V
Variance (%)

PH, Ca
3.32
18.44
Tan Chau
E.V
Variance (%)

6.42
35.69
E.V
Variance (%)

1
Location

Table 2

|

(continued)

Factor

transition area where the Mekong River drains water into

higher dry season flow for the delta than if it only received
water from the Mekong River. This causes the year-round
mixing of sewage water from Bassac River and Tonle Sap
River areas (Sokha 2004).

55
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In the delta region (station 10, station 12 and station

quality at different sampling sites. The results of PCA/FA,

13), the VF1 is associated with strong loadings of mineral

while considering the only factors that explain the highest

salts. This is due to saline intrusion occuring during the dry

variance in the dataset and with the highest eigenvalues

season as insufficient fresh water flows out to keep tidal

revealed that most of the variations are explained by

seawater at bay (Hirsch & Cheong 1996).

dissolved mineral salts along the whole Mekong River
and in individual stations as well. But, in two sites
(Khong Chiam and Phnom Penh) organic components

CONCLUSIONS

(chemical oxygen demand) and nutrients (phosphorus) are
also included. Thus, this study illustrates the usefulness of

In this study, multivariate statistical techniques such as

multivariate

statistical

techniques

for

analysis

and

discriminant analysis (DA), principal component analysis

interpretation of complex datasets, and in water quality

(PCA) and factor analysis (FA) were used to evaluate spatial

assessment, identification of pollution sources/factors and

and temporal variations in surface water quality of the

understanding temporal/spatial variations in water quality

Mekong River using six years (1995 –2000) datasets of 18

for effective river water quality management.

water quality variables covering 13 sampling stations. The
analysis was conducted for a whole river including all
stations and dividing the whole Mekong River into four
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