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ABSTRACT
This study reports the spatio-temporal changes in river and canal water quality of peat swamp forest and oil
palm plantation sites of Sarawak, Malaysia. To investigate temporal changes, 192 water samples were
collected at four stations of BatangIgan, an oil palm plantation site of Sarawak, during July-November in
2009 and April-July in 2010. Nine water quality parameters including Electrical Conductivity (EC), pH,
Turbidity (TER), Dissolved Oxygen (DO), Temperature (TEMP), Chemical Oxygen Demand (COD), fiveday Biochemical Oxygen Demand (BOD5), ammonia-Nitrogen (NH3-N), Total Suspended Solids (TSS)
were analysed. To investigate spatial changes, 432water samples were collected from six different sites
including BatangIgan during June-August 2010. Six water quality parameters including pH, DO, COD,
BOD5, NH3-N and TSS were analysed to see the spatial variations. Most significant parameters which
contributed in spatio-temporal variations were assessed by statistical techniques such as Hierarchical
Agglomerative Cluster Analysis (HACA), Factor Analysis/Principal Components Analysis (FA/PCA) and
Discriminant Function Analysis (DFA). HACA identified three different classes of sites: Relatively
Unimpaired, Impaired and Less Impaired Regions on the basis of similarity among different
physicochemical characteristics and pollutant level between the sampling sites. DFA produced the best
results for identification of main variables for temporal analysis and separated parameters (EC, TER, COD)
and identified three parameters for spatial analysis (pH, NH3-N and BOD5). The results signify that
parameters identified by statistical analyses were responsible for water quality change and suggest the
possibility the agricultural and oil palm plantation activities as a source of pollutants. The results suggest
dire need for proper watershed management measures to restore the water quality of this tributary for a
healthy and promising terrestrial and aquatic ecosystem.
Keywords: Water Quality, Multivariate Analysis, Oil Palm Plantation, Peat Swamp Forest, Malaysia
water quality include precipitation rate, weathering
processes and sediment transport. The anthropogenic
activities may include exploitation of forest resources by
human activities, conversion of pristine peat swamp
forest into oil palm plantation by the traders,
deforestation for mitigating wood demand, urban

1. INTRODUCTION
The surface water quality is affected by both the
anthropogenic activities and natural processes
(Carpenter et al., 1998; Mokaya et al., 2004; Melina et al.,
2005; Singh et al., 2005). Natural processes influencing
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delineate the monitoring sites, (Singh et al., 2005;
Shrestha and Kazama, 2007) used CA and DFA to
identify the significant parameters and optimize the
monitoring network. However, CA and DFA were not
comprehensively applied in the analysis of surface water
quality in oil palm and peat swamp forests of Sarawak,
Malaysia. The main objectives of the present study was
to classify the monitoring sites into groups with similar
levels of water quality parameters and to use multivariate
statistical techniques to assess the spatial and temporal
variations in water quality in order to establish baseline
study of water quality. Water quality parameters were
subjected to Hierarchical Agglomerative Cluster
Analysis
(HACA),
Factor
Analysis/Principal
Components Analysis (FA/PCA) and Discriminant
Function Analysis (DFA) to extract latent information
about the similarities or dissimilarities among the
monitoring periods or sites, to identify water quality
variables responsible for temporal and spatial variations
in water quality and to test of the validity of the results in
temporal and spatial DFA.

development and expansion, industrial and agricultural
practices. These activities often results in the degradation
of water quality, physical habitat and biological integrity
of lotic system (Yayýntas et al., 2007). The effects of
timber harvesting on stream water quality and efficiency
of alternate streamside management zones has been
studied in Pockwock Lake of Nova Scotia, Canada
(Vaidya et al., 2008). In Sarawak, Malaysia, the
tropical peat swamp forest is under threat of
aforementioned anthropogenic activities which may in
turn lead to deterioration of river water quality, loss of
biodiversity and ecosystem dysfunctions.
The assessment of environmental quality is mostly
based on vast amounts of physical, chemical and
biological data, which if processed using descriptive
univariate methods is of little value to decision
makers. Simple assessments can be made using
descriptive
statistics
and
some
graphical
representations. However, the problem of derivation
of information on possible influences of the
environment on water quality with these simple
approaches becomes more and more complicated as
the number of parameters is increased. Accordingly,
multivariate techniques are needed to achieve
satisfactory results. These techniques offer greater
possibilities to managers in terms of aiding the
decision-making process and have been proven as
suitable for environmental quality assessment
(Sanchez Lopez et al., 2004).
Various multivariate statistical methods, such as
Cluster Analysis (CA) and Discriminant Function
Analysis (DFA), help in the interpretation of complex
data sets, such as those created by long-term water
quality monitoring programs, allowing a better
understanding of the temporal and spatial variations in
water quality and in the identification of discriminant
parameters that are of use in optimizing monitoring
network (Shrestha and Kazama, 2007; Simeonov et al.,
2003). In the last decade, multivariate statistical methods
have been applied to characterize and evaluate
freshwater (Astel et al., 2006; Kowalkowski et al., 2006;
Papatheodorou et al., 2006; Shin and Fong, 1999;
Shrestha and Kazama, 2007; Simeonov et al., 2002;
2003; Simeonova et al., 2003; Singh et al., 2004;
Vega et al., 1998; Wunderlin et al., 2001), groundwater
(Adams et al., 2001; Helena et al., 2000; Lambrakis et al.,
2004; Singh et al., 2005; Suk and Lee, 1999) and seawater
(Reghunath et al., 2002; Yeung, 1999; Yung et al., 2001).
According to previous researches, multivariate statistical
methods were proved as one of useful tools to extract the
meaningful information from data set, for example,
(Simeonov et al., 2003; Astel et al., 2006) applied CA to
Science Publications

2. MATERIALS AND METHODS
2.1. Monitoring Area and Sampling
Two sets of experiments had been conducted to
investigate temporal and spatial variations of surface
water quality.

2.1.1. Experiment 1 (EXP-1)
The study has been conducted in BatangIgan, Sibu,
Sarawak (central coordinates: 2°15´N and 111°58´E).
The BatangIgan is anoil palm plantation site of
Sarawak, Malaysia. This site experiences tropical
climate with high humid air and annual rainfall is
more than 4000 mm (SMD, 2014). The wet season
(September to December), intermediate season
(January to April) and dry season (May to August)
contribute 46, 31 and 23% of the annual rainfall,
respectively. The site is crisscrossed by different river
networks. The quality of the river water is influenced
by the BatangIganoil palm plantation activities.
To study temporal variations of water quality, surface
water samples were collected from four stations. Station
1 was located in a small river which runs along the main
road; also the entry point of palm oil plantation. This
river water discharges water to the palm oil plantation
through irrigated canals connected to this river. Thus
palm oil plantation activity has influence on this river
water quality. Station 2 is located inside this palm oil
plantation. The depth of river at these stations varies
392
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Six water quality parameters monitored during JuneAugust 2010. The parameters included pH, DO, COD,
BOD5, NH3-N and TSS (Table 1). All the water quality
parameters are expressed in mg L-1, except pH, EC
(µS·cm−1), Turbidity (NTU) and TEMP (°C).

from 2-3 m. The station 3 and station 3 and 4 are located in
a canal which is an artificial irrigation canal built inside the
palm oil plantation area. Depth of those canals is about 1 m.
Sampling stations and rivers are shown in Fig. 1.

2.1.2. Experiment 2 (EXP-2)

2.3. Statistical Analysis

To investigate the spatial variation of surface water
quality, another set of experiments were being conducted
at six sites, namely, Batang Igan Sibu Sarawak (BISS),
Sepadok Bintulu Sarawak (SBS), Pandan Sebauh Bintulu
Sarawak (PSBS), Ladang Semanok Tatau Sarawak
(LSTS), Sungai Parit Scheme (SPS) and Sungai Sibuti
(SS). The PSBS and SBS are natural peat swamp forest
areas, whereas, the BISS and LSTS is converted into oil
palm plantation site which were covered with peat
swamp forest until 2008.
The SPS and SS are located at Sibuti Wildlife Sanctuary
Mangrove Forest, Miri, Sarawak (central coordinates:
3°58´60”N and 113°43'60”E). The SS is a natural river
while the SPS is an artificial drainage built by Sarawak
Forestry Corporation (SFC) in the mangrove area. The
mangrove reserve is dominated by Rhizophora species.

2.2. Monitored
Methods

Parameters

and

The multivariate statistical techniques have been
widely used in various studies for the explanation of
patio-temporal variations and interpretation of
chemical/physical characteristics of water quality
parameters (Simeonov et al., 2000; Wunderlin et al.,
2001; Singh et al., 2005) in comparison to univariant
techniques that usually fail to give adequate information
on multivariate dataset (Santos-Roman et al., 2003). In
the present study three multivariate techniques such as
HACA, PCA/FA and DFA were used for the water
quality assessment and interpretation of the results.

2.3.1. HACA Analysis
HACA was used for grouping of data set on the basis of
spatial similarities (Kent and Coker, 1992; Angeler et al.,
2007; Sánchez-Carrillo et al., 2007). It is an unsupervised
pattern recognition method that divides a large group of
cases into smaller groups or clusters of relatively similar
cases that are dissimilar to other groups. Hierarchical CA,
the most common approach, starts with each case in a
separate cluster and joins the clusters together step by step
until only one cluster remains (Lattin et al., 2003;
McKenna, 2003). The Euclidean distance usually gives the
similarity between two samples and a distance can be
represented by the difference between transformed values
of the samples (Otto, 1998). In this study, HACA was
performed on the mean values of all water quality
parameters studied at different sampling stations over the
whole period. The Ward’s method with squared Euclidean
distances was used as a measure of similarity. Ward’s
method uses Analysis of Variance (ANOVA) to
calculate the distances between clusters to minimize the
sum of squares of any two possible clusters at each
step. Euclidean distances were chosen as a measure of
similarity that uses analysis of variance to evaluate the
distances between clusters, attempting to minimize the
sum squares ofany two clusters that can be formed at
each step (Kent and Coker, 1992). Spatial and temporal
variations in water quality were determined from
HACA using the linkage distance. A similar approach has
been successfully applied to the assessment of water
quality in (Wunderlin et al., 2001; Simeonov et al.,
2003; Singh et al., 2004; 2005; Shrestha and Kazama,
2007; Kowalkowski et al., 2006; Astel et al., 2006).

Analytical

2.2.1. EXP-1 (Temporal Variations of Water
Quality)
To study temporal variations of water quality, 192
surface water samples in 8 replicates were collected
from four stations during July, August and November
in 2009 and April, June and July in 2010 (Table 1). Nine
water quality parameters were monitored during above
mentioned six months. The parameters included
Electrical Conductivity (EC), pH, Turbidity (TER),
Dissolved Oxygen (DO), Temperature (TEMP),
Chemical
Oxygen
Demand
(COD),
five-day
Biochemical Oxygen Demand (BOD5), AmmoniaNitrogen (NH3-N), Total Suspended Solids (TSS).

2.2.2. EXP-2 (Spatial
Quality)

Variations

of

Water

To study spatial variations, 432 water samples were
collected from 4 stations of the six study sites (Table 1).
Water samples were collected about 10 cm below water
using plastic bottles (500 mL) and BOD bottles. The
water samples for physico-chemical analysis were kept
in ice for further analysis in the laboratory. In situ data
measurement was recorded using Water Quality Meter
(Model WQC-24). The sampling, preservation,
transportation and analysis of the water samples were
performed according to standard methods (APHA, 2005).
Science Publications
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Fig. 1. Water sampling locations, A = BISS, B = SBS, C = PSBS, D = LSTS, E = SPS and SS
Table 1. Summary of water sample collection site, duration and parameters under EXP-1 and 2
EXP Observed variations Study Site
Nos. of replicates
Sample collection time
1
Temporal
BISS
192 (4 stations ×8
Wet (Nov. 2009),
replicates ×6 months)
intermediate (Apr. 2010)
and dry seasons (Jul.-Aug.
2009 and May-Jun. 2010)
2
Spatial
BISS, SBS,
432 (4 stations ×6
Jun.-Aug. 2010
PSBS, LSTS, replicates ×6
SPS and SS
sites ×3 months)

pH, DO, COD, BOD5,
NH3-N and TSS

used to classify a set of data into a given group, wj is
the weight coefficient, assigned by DFA to a given
parameter (p j). In this study, DFA was performed on
original data using the standard, forward stepwise and
backward stepwise modes to evaluate the temporal
variation in water quality. The best discriminant
functions for each mode were constructed considering
the quality of the classification matrix and the number
of parameters. The monitoring periods were the
grouping variables and the measured parameters were
the independent variables.

2.3.2. DFA Analysis
A second technique DFA was used to determine the
water quality parameters that best discriminate between
groups identified by HACA. It’s a method of analyzing
dependence that is a special case of canonical correlation
and one of its objectives is to determine the significance
of different variables, which can allow the separation of
two or more naturally occurring groups. DFA operates
onoriginal data and the method constructs a discriminant
function for each group (Johnson and Wichern, 1992;
Lattin et al., 2003; Wunderlin et al., 2001) as follows:

2.3.3. PCA/FA Analysis

n

f (Gi ) = ki + ∑ wi j . pij

Third technique used was PCA based on DFA to
identify the important physio-chemical parameters which
affect the water quality/chemistry of surface water and to
investigate the possible sources of different pollutants.

j =1

where, i is the number of Groups (G), ki is the constant
inherent to each group, n is the number of parameters
Science Publications

Water quality parameter
pH, EC, TER, DO, TEMP,
COD, BOD5, NH3-N and TSS
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PCA/FA was performed of on three regions of sites
separately classified by HACAas RUR, IR and LIR. This
method has been used by (Singh et al., 2005; Hill and
Lewicki, 2006) to extract lower dimensional linear
structure from the water quality data set and has been
applied for source identification (Voutsa et al., 2001).
PCA is powerful pattern recognition technique that
attempts to explain the variance of a large set of
intercorrelated variables with a smaller set of
independent variables (principal components). The
PCA technique starts with the covariance matrix
describing the dispersion of the original variables and
extracting the eigen values and eigenvectors. An
eigenvector is a list of coefficient by which original
correlated variables is multiplied to obtain new
uncorrelated or orthogonal variables (principal
components) which are weighted linear combinations
of the original variables. A Principal Component (PC)
is the product of original data and an eigenvector is
the result of the data projected on to anew axis. There
are as many PCs as original variables, but provides
information about the most meaningful parameters
(Vega et al., 1998; Wunderlin et al., 2001). The initial
set of components generated by PCA is not readily
interpreted; therefore it is usually transformed by
Varimax rotation. FA reduces the contribution of less
significant variables obtained from PCA and the new
groups of variables known as Varimax Factors (VFs)
are produced by rotating the axis defined by PCA.

Most multivariate statistical methods require
variables to conform to the normal distribution. Thus,
Shapiro-Wilk test was used to examine whether or not
variables are normally distributed and also to
investigate homogeneity of covariance matrices.
Results revealed that generally the data set does not
represent a sample from a multivariate normal
distribution and variance/covariance matrices of
variables are not homogeneous across groups (p<0.05;
Table 3). Therefore, logarithmic transformation was
used to stabilize the variance of data sets and to render
the data dimensionless (Liu et al., 2003; Singh et al.,
2004) before DFA was applied.
In order to understand the distribution modes of
different water parameters in water samples and
discriminate the different seasons, PCA was carried
out. The first two factor loadings (accounting for a
cumulative variance of ~93%) are shown in Table 4,
giving the two main groups of variables: (1) TSS,
COND, TEMP, TURB and BOD (characterised by
very negative factor 1 values) and (2) COD, pH and
DO (characterised by very negative factor 2 values).
The grouping images (dendro grams) from the
analysis Fig. 2 show variables (sampling stations)
ordered in similar clusters, while the distances
between the points on the horizontal axis represent the
order of affinity or proximity. The dendro gram shows
seasonal variations with different characteristics with
respect to the measured water quality parameters in
four different stations of BISS.
After segregating raw data into three seasonal
groups (dry, wet and intermediate), DFA was applied
for the evaluation of temporal variations. The goal of
the DFA was to find one or two functions of the
observed data (called discriminant functions) that best
separate the two known groups (seasons). Stepwise
DFA was applied to water parameter variables and
results revealed that EC, TUR and COD were
statistically significant to discriminate seasons. The
first two functions (linear combinations) that provide
the largest separation among dry, intermediate and wet
seasons are the first and second Discriminant Functions
(DF) as given below Equation 1 and 2, respectively:

3. RESULTS
3.1. Temporal Variations of Water Quality
To investigate seasonal variations of water quality,
descriptive statistics (mean, median, standard deviation)
of each data set is given in Table 2.
Median values which are not affected by extreme
values were taken into consideration as characteristics
values to see the differences in the two different
seasons (Table 2). Comparing the median values, it
can be concluded that EC, TER, NH3-N and TSS were
highest and BOD and pH were lowest in the
intermediate among the three seasons. On the other
hand, the median concentration of DO and BOD were
clearly higher in the dry season compared to
intermediate and wet seasons. The pH and COD median
concentration were highest in the wet season compared to
other two seasons and showed a clear-cut temporal effect.
Science Publications

395

DF1 = 0.642 EC − 0.811TUR + 1.295COD

(1)

DF 2 = 1.082 EC − 0.281TUR − 0.032COD

(2)
AJES

Seca Gandaseca et al. / American Journal of Environmental Sciences 10 (4): 391-402, 2014

placed in RUR group that represent area under Sibuti
Wildlife Sanctuary Mangrove Forest. Sites at BISS and
LSTS were included in IR group representing the oil
palm plantation sites which were converted from the peat
swamp forest. Sites PSBS and SBS were grouped in LIR
cluster and were present natural peat swamp forest areas.
For spatial variations among different sites, DFA was
applied on raw data after grouping into three main
groups defined by HACA. Groups (RUR, IR and LIR)
were treated as dependent variables, while water quality
parameters were treated as independent variables. The
results revealed that pH, NH3-N and BOD were
statistically significant to discriminate spatial variations.
The first two functions (linear combinations) that
provide the largest separation among RUR, IR and
LIR are the first and second DF Equation 3 and 4
respectively:

Each of the samples obtained in wet, intermediate and
dry seasons were transformed to discriminant scores using
these two discriminant functions separately for all water
parameter variables (Fig. 3). Inspecting Fig. 3, the data
from the three seasons appear to have been well
separated by the discriminant functions. Predicted values
of discriminant functions were also revealed that 95.5%
of original group cases for water parameter variables
were correctly classified. Thus, water quality variables
(naturally found in surface water and also pollutants)
were distinctly different for the three seasons.

3.2. Classification of Sampling Sites Based on
Water Quality Parameters
HACA performed on the water quality data set to
evaluate spatial variation among sampling sites resulted
in grouping of sampling stations into three groups (Fig.
4). The sites within each group showed similar water
quality parameters. These groups were coded based upon
impairment by different pollutants as Relatively
Unimpaired Region (RUR), Impaired Region (IR) and
Less Impaired Region (LIR). Sites SS and SPS were

DF1 = 8.171 pH + 15.108 NH 3 − N + 13.290 BOD

(3)

DF 2 = 0.618 pH + 0.655 NH 3 − N + 0.263BOD

(4)

Fig. 2. Cluster analysis of three different seasons based on the water quality parameters collected
Science Publications
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Fig. 3. Discriminant scores for water parameter variables

Fig. 4. Dendrogram showing different clusters of sampling sites based on the water quality. parameters collected under EXP-2
Science Publications
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Table 3. Shapiro-wilk test results
Water parameters
pH
TEMP
EC
DO
TER
NH3-N
BOD
COD
TSS

present study, DO level in the polluted river of peat
swamp forest at BISS and LSTS found very low (3.373.86 mg L−1) which could be due to discharge of high
organic matter content that eventually caused lack of
oxygen in the water. Low level DO (0.54-1.76 mg L−1)
was also found in the Bebar River, Pehang (Gasim et al.,
2007) and in the peat swamp forest of
LoaganBunutMarudi Sarawak DO ranges from 0.75 to
4.33 mg L−1 (Lau et al., 2005). The shallow and stagnant
water available in the river water also contributes to the
low level of DO (Lau et al., 2005).
In aquatic systems, excessive organic and inorganic
input (from industrial and urban waste) with limited
mixing may reduce the availability of oxygen, in severe
cases, environmental hypoxia (<2.8 mg O2 L−1) or anoxia
(0.0 mg O2 L−1), where oxygen is completely unavailable
for aquatic respiration (Mcneil and Closs, 2007). The
effect of oxygen in such waters can sometime depends
entirely on production from algae and macrophytes and
severe hypoxia or anoxia may occur, most commonly
overnight, if the rate of oxygen diffusion or production
by photosynthesis is insufficient to meet the rate of
oxygen consumption by aquatic organisms (Mcneil and
Closs, 2007). According to Department of Environment
Malaysia (DEM, 2009) under the National Water Quality
Standards for Malaysia (INWQS), 5-7 mg L−1of DO is
recommended for optimum fish health, below this level
harmful effects have been recorded. Low level of DO (less
than 2 mg L−1) has been reported in fish mortality.
Sensitivity to low level is a species specific; however, most
species are distressed when it falls between 2 and 4 mg L−1.
Behaviour of COD was opposite to DO. In the
present study minimum value of COD was recorded in
SBS (8.91 mg L−1) under LIR category whereas BISS
showed higher COD level (38 mg L−1) under IR. The
COD level in IR exceeded the recommended limit of 1015 mg L−1of NWQS. The agricultural and oil palm
plantation activities may have caused pollution through
higher COD in the river water of BISS and LSTS.
Excessive logging activities, forest clearing and
conversion for other land uses such as oil palm
plantation might have reinforced the pollution in those
sites. On the contrary, water quality of PSBS and SBS
representing LIR is influenced by the natural peat swamp
forest. Khan et al. (2003) observed similar trend in COD
values in Huderia drain, Pakistan which was polluted
from industrial and municipal waste.
Suspended solids consist of inorganic particles (clay,
silt) and organic materials (algae, bacteria,
phytoplankton, plantfiber) in water (Abdullah, 2008;
Makhlough, 2008). Other sources of suspended solids

P value
0.139
0.026
0.000
0.036
0.260
0.002
0.002
0.000
0.000

Table 4. Loadings and water parameters on the first two otated
Principal Components (PC) for water samples
Component
----------------------------------------Water parameter
PC 1
PC 2
pH
0.108
0.607
TEMP
0.512
0.347
EC
0.944
-0.136
DO
-0.129
-0.799
TER
0.725
0.433
NH3-N
0.716
-0.479
BOD
0.923
0.165
COD
0.101
0.993
TSS
0.986
-0.084

4. DISCUSSION
Pollutants discharged into peat swamp forest affect
the water quality such as acidification of downstream
water bodies that increase BOD of the river water. BOD
level found to be high both in river water of BISS (3.60
mg L−1) and LSTS (3.55 mg L−1). Whereas, this BOD is
one of the essential parameter that indicates the pollutant
level as a consequence of discharged domestic and
agricultural wastes. Moreover, high level of BOD could
be because of excessive use of fertilizer in the palm oil
plantation. The BOD level increases with enhanced natural
plant decaying process (Hamzah, 2007; Hoai et al., 2006).
Researchers have frequently used BOD and DO to
evaluate the water quality on different reservoirs, bays and
rivers. Rudolf et al. (2002) used DO content as an index
of water quality to estimate the effect of industrial and
municipal effluents on the waters of San Vicente Bay in
Chile. Sanchez et al. (2006) used the Water Quality
Index (WQI) and the dissolved oxygen Deficit (D) as
indicators of the environmental quality of watersheds
located in Las Rozas, Madrid (Spain). DO is utilized in
the process of respiration and decomposition and only
slightly soluble in water and it is most significant
parameter for respiration of aerobic microorganism and
other aerobic life forms in water (Smith, 2004). In the
Science Publications
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In this study, different multivariate statistical
methods were used to assess temporal and spatial
variations in water quality of watercourses of Sarawak,
Malaysia. Hierarchical CA analysis grouped one year
data into three periods (dry, intermediate and wet) and
classified 6 sampling sites (peat swamp forest and oil
palm plantation sites converted from peat swamp forest)
into three groups (IR, LIR and RUR) based on the
similarity of water quality characteristics. The temporal and
spatial similarities and groupings could facilitate the
design of an optimal future monitoring strategy that
could decrease monitoring frequency, the number of
sampling stations and the corresponding costs for the
Sarawak province. Moreover, DFA provided better
results both temporally and spatially with great
discriminatory ability, according to significance tests.
DFA rendered an important reduction in the required
amount of data for the six groups of monitoring sites,
because it only used three parameters (pH, NH3-N and
BOD) for spatial analysis and three parameters (EC,
TUR and COD) for temporal analysis. Therefore, DFA
allowed a reduction in the dimensionality of the large
data set and indicated a few significant parameters
responsible for large variations in water quality that
could reduce the number of sampling parameters. Hence,
this study indicates that multivariate statistical tools and
methods are an excellent exploratory tool for interpreting
complex water quality data sets and for understanding
temporal and spatial variations, which are useful and
effective or water quality management.
This study also revealed that due to conversion of
peat swamp forest into palm oil plantation water
quality had deteriorated significantly as was evident
from spatial variation of water quality parameters.
Therefore, the mangrove forests of Sarawak should be
conserved and protected from other land uses and
point source of pollution.
With the rapid development taking place in Malaysia,
where vast peat swamp forest areas have been identified
as potential development areas, there is an urgent need to
formulate a holistic, integrated and comprehensive multisectoral plan for peat swamp forest management and
conservation. In particular, greater attention should now
be focused on conserving some of what is left, for, inter
alia, biodiversity, water resources, recreation, climate
regulation and hydrological regimes. This will ensure
that peat swamp forest is utilized wisely to generate
economic benefits for the state and at the same time to
ease resource use conflicts. We need to explore
strategies and applications of new technologies to
minimise the adverse impacts of peat and oil palm

are natural and human activities such as soil erosion
from agriculture, urban run-off or forestry (US EPA,
2005). Sunlight penetrating through high suspended
solids in the water hinders aquatic life forms and growth
of phytoplankton (Makhlough, 2008). The present study
shows lower TSS level (less than 30 mg L−1) in PSBS and
SBS than BISS and LSTS. However, TSS level ranging
from 25-50 mg L−1 is still acceptable for the river water
in Malaysia (Gasim et al., 2006). This indicates that
there was no significant pollution through erosion
occurred any of the six study sites.
Conversion of peat swamp forest to other land uses
generates both positive and negative impacts in
Malaysia. Development of peat swamp forests provides
employment and business opportunities to local
communities, reducing rural-urban migration, providing
market access for local products and provision of
amenities and infrastructure as well as generation of
revenues for the state. On the other hand conversion of
peat swamp forests to other land uses will affect both
human health and environmental quality and the extent
of these impacts varies, ranging from local to regional and
global. They include the loss of biodiversity, water and air
pollution, flooding and micro-climate changes. Some of
these impacts are reversible, while others are semipermanent or sometimes irreversible. For converting
mangrove forests into other land uses such as for
planting rice, coconut and palm oil, Sarawak has already
lost 4,000 ha of mangrove reserve (Chan, 1987). The
conversion of peat swamp forest to other land uses affect
the peat and impair its functions is also reported by
(Peter, 2003). But the present study showed that water
quality has deteriorated due to such agricultural
activities. Sawal and Mamit (1998) has reported that
major agricultural and non-point source pollution
occurred due to activities such as agrochemical
application, irrigation, planting and harvesting that
discharge various types pollutants such as sediments,
nutrients, pathogens, pesticides and salts.

5. CONCLUSION
Surface waters quality depends not only on natural
processes but also on anthropogenic influences. The
assessment of the quality and understanding the possible
influences is mostly based on vast amounts of physical,
chemical and biological data, which if processed using
descriptive univariate methods is of little value to
decision makers. Multivariate statistical methods have
been proven as suitable for assessment of data sets
having multidimensional complex characteristics.
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plantation development on the surrounding environment
and maintain water quality. Further more, through
implementing decentralized coastal zone management
that requires a shift in management regimes from
conventional management, with its maximizing and
balancing the exploitation of peat swamp and palm oil
resources, into a more participative decision-making and
interactive development process to sustain the coastal
zones of Malaysia. Raising awareness in the field of
watershed and environmental managements and
education programmes to promote better understanding
of peat and oil palm plantation management and their
ecosystems could be one of the national initiatives of
Malaysian Government. Strategic research and
development to explore various options to sustainably
manage peat and oil palm in Sarawak should be initiated.
Follow-up input is needed so that strategies and action
plans to address issues related to the conservation and
management of the watershed areas can be developed.
This should be done irrespective of the status and
condition of peat swamp forests, so that these
resources will continue to play a vital role in socioeconomic development, environmental quality
protection and ensuring that future generations will be
able to enjoy the benefits derived from these oil palm and
peat swamp forests as much as at present.
Due to lack of fund, the present study failed to
investigate spatial and temporal variations in same river
water running through different peat swamp and oil palm
plantation sites. Thus, without setting two separate
experiments for investigating the spatial and temporal
variations of water quality a single experiment would
bring about precise information. Further research on
continuous monitoring of same river water quality in
different seasons in different sites to estimate the
spatial and temporal variations could be suggested.
However, the present study would give better
understanding involved in forestry and environmental
development and research to expedite ways and means
for the peat swamp for conservation and maintaining
water quality for the sustainable management of
ecosystem resource and human life as a whole.

Department of Forestry, Universiti Putra Malaysia
Bintulu Sarawak Campus for their help and assistance.
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