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Assessment of Surface Water Quality using Multivariate Statistical
Analysis Techniques: A Case Study from Tahtali Dam, Turkey
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In this paper, the surface water quality of the Tahtali dam and tributaries
in Izmir, Turkey are assessed by using multivariate statistical analysis
techniques known as cluster analysis (CA), factor analysis (FA) and
principal component analysis (PCA). Multivariate statistical analysis
techniques were applied to the physical and inorganic chemical parameters
including Cl–, NO3

–, NH4
+–N, oxygen saturation, colour, Na+, SO4

2-, total
phosphorus, dissolved oxygen, BOD5 and COD obtained from the seven
different surface water quality observation stations. These analyses results
represent that domestic waste and nutrient pollution caused differences
in terms of water quality in the northwest part of the area. Thus, this
study show that the usefulness of multivariate statistical analysis techniques
for analysis and interpretation in the water quality problem.
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INTRODUCTION

The surface water quality is a matter of serious concern today. Rivers, due to
their role in carrying off the municipal and industrial wastewater and runoff from
agricultural land in their vast drainage basins are among the most vulnerable water
bodies to pollution. The surface water quality in a region is largely determined both
by the natural process and the anthropogenic influence of water quality1-3. Many
different sources and processes are known to contribute to the deterioration in quality
and contamination of surface water. Thus, a thorough understanding of the nature
and extent of contamination in an area requires detailed hydrochemical data4,5. Few
studies have so far been undertaken combining the effect of multiple water quality
variables in order to evaluate the water quality and the extent and nature of contami-
nation6.

Multivariate statistical analyses are used to incorporate larger numbers of variables
measured in water systems7. The application of different multivariate statistical
techniques, such as cluster analysis (CA), principal component analysis (PCA) and
factor analysis (FA), help in the interpretation of complex data matrices to better
understand the water quality and ecological status of the studies systems, allows
the identification of possible factors that influence water systems and offers a valuable
tool for reliable management of water resources as well as rapid solution to pollution



problems8-13. The intention underlying the use of multivariate statistical analysis is
to achieve great efficiency of data compression from the original data, add to gain
some information useful in the interpretation of the environmental geochemical
origin. This method can also help indicate natural associations between samples
and/or variables14. This multivariate treatment of environmental data is widely success-
fully used to interpret relationship a variables so that the environmental system
could be better managed15.

Some studies conducted in environmental sciences by using multivariate statis-
tical analyses are as follows, Spears and Zheng16 used single linkage cluster method
for relationships between major elements in some UK coals. These relationships
are illustrated on a dendrogram. Silicon, Al, K and Ti are closely associated and
reflect the influence quartz and clay minerals. There is greater separation on the
dendrogram for calcium. Muri17 has investigated basic physical and chemical charac-
teristics of water in lakes using cluster analysis. The condition of lakes was assessed.
Although the water quality has deteriorated in some lakes, most of the lakes are still
in a good condition. Simeonov et al.18 show a description of multivariate statistical
assessment of water quality of northern Greece based on the evaluation of a large
and complex dataset. Cluster analysis were used for site similarity analysis, whereas
for the identification of sources of pollution, PCA followed by absolute principal
component scores were applied.

In this study, a large data matrix obtained during a 5 year monitoring program
is subjected to cluster analysis (CA), principal component analysis (PCA) and factor
analysis (FA) to extract information about the similarities between observation stations,
identification of water quality variables for variations in Tahtali dam and tributaries
in Izmir (Turkey).

EXPERIMENTAL

The Tahtali dam is located in the southwestern part of Izmir city, southwest
Turkey (Fig. 1). The construction of the Tahtali dam was completed in 1996. The
watershed of the Tahtali dam covers a surface area of 515 km2, extending along the
Cuma plain. The watershed is the water collection area of the Tahtali dam and
tributaries, which runs in the northeast-southwest direction, through the Cuma plain19.
About 50 % of the area is covered by forests and 30 % of the land is used for
agricultural purposes, whereas, the remaining area represents urban area20.

Dataset: Surface water quality dataset covers for the length of 5 years and
contains the values of selected pollution indicators for 7 observations stations from
the Tahtali dam and tributaries in Izmir (Turkey). Locations of the observations
stations were depicted in Fig. 1 and selected pollution indicators were given in
Table-1, respectively. Descriptive statistics of the data set were presented in Table-2.

Multivariate statistical analysis techniques: In this study, surface water quality
dataset were performed multivariate statistical analysis techniques including cluster
analysis (CA), principal component analysis (PCA) and factor analysis (FA).
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Fig. 1. Location of observation stations

TABLE-1 
SURFACE WATER QUALITY DATA DESCRIPTION 

Parameter Symbol Units 
Chloride Cl– mg/L 
Nitrates NO3

––N mg/L 
Ammonium NH4

+–N mg/L 
Oxygen saturation OS % 
Colour Col Pt-Co 
Sodium Na+ mg/L 
Sulfate SO4

2- mg/L 
Total phosphorus P-tot mg/L 
Dissolved oxygen DO mg/L 
Biochemical oxygen demand BOD5 mg/L 
Chemical oxygen demand COD mg/L 

 

TABLE-2 
DESCRIPTIVE STATISTICS OF WATER QUALITY DATA 
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Mean 44.04 4.07 0.28 79.41 14.71 27.82 41.78 0.10 7.05 2.85 8.90 
Median 38.00 3.10 0.00 79.70 10.00 20.75 40.00 0.00 7.01 2.00 8.00 
Mode 36.00 3.00 0.00 75.00 10.00 15.00 45.00 0.00 6.00 2.00 8.00 
SD 22.26 3.41 0.65 12.17 11.30 18.18 13.17 0.22 1.00 1.94 4.02 
Variance 495.72 11.65 0.43 148.20 127.70 330.66 173.50 0.05 0.99 3.75 16.16 
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Cluster analysis (CA): Cluster analysis is an exploratory data analysis tool for
solving classification problems. Its objective is to sort cases into groups or clusters,
so that the degree of association is strong between members of the same cluster and
weak between members of different clusters. Each cluster thus describes, in terms
of the data collected, the class to which its members belong and this description
may be abstracted through use from the particular to the general class type21,22. It is
evident that the cluster analysis is useful in offering reliable classification of surface
water in the whole region and would make possible to design a future spatial sampling
strategy in an optimal manner. Thus, the number of observation stations in the
monitoring network will be reduced, hence cost without loosing any significance
of the outcome3.

In this case of cluster analysis, the similarities-dissimilarities are quantified
through Euclidean distance measurements, the distance between two objects, i and
j, is given as:

( )
2m

2
ij ik jk

k 1

d z z
=

= −∑ (1)

where dij
2 donates the Euclidean distance, zik and zjk are the values of variable k for

object i and j, respectively and m is the number of variables22. Euclidean distance
and the Ward method were used to obtain dendrograms.

Principal component analysis (PCA) and factor analysis (FA): Principal
component analysis is designed to transform the original variables into new,
uncorrelated variables (axes), called the principal components, which are linear
combinations of the original variables. The new axes lie along the directions of
maximum variance. Principal component analysis provides an objective way of
finding indices of this type so that the variation in the data can be accounted for as
concisely as possible. Principal component (PC) provides information on the most
meaningful parameters, which describes a whole data set affording data reduction
with minimum loss of original information13. The principal component can be expressed
as in eqn. 2.

ij i1 i1 i2 i2 i3 i3 im imz a x a x a x ... a x= + + + + (2)

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

The main purpose of factor analysis is to reduce the contribution of less significant
variables to simplify even more of the data structure coming from principal com-
ponent analysis13. This can be achieved by rotating the axis defined by principal
component analysis, according to well established rules and constructing new variables,
also called varifactors. Principal component is a linear combination of observable
water quality variables, where as varifactors can include unobservable hypothetical,
latent variables was performed to extract significant principal components and to
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further reduce the contribution of variables with minor significance. As a result, a
small number of factors will usually account for approximately the same amount
of information as do the much larger set of original observations. The factor analysis
can be expressed as in eqn. 3;

jk f1 1i f 2 2i f 3 3i fm mi fiz a f a f a f ... a f e= + + + + + (3)

where z is the measured variable, a is the factor loading, f is the factor score, e the
residual term accounting for errors or other source of variation, i the sample number
and m the total number of factors, respectively.

RESULTS AND DISCUSSION

In this study, cluster analysis was performed in order to determine the similarities
between the observation stations by using surface water quality data. In addition to
this, surface water quality data belonging to Tahtali dam and its tributaries were
classified by using principal component analysis and factor analysis. These multi-
variate analyses were performed by using SPSS statistical software.

Cluster analysis was used to determine similarity groups between the observation
stations. The dendrogram which was obtained by using cluster analysis is given in
Fig. 2. It was observed from the dendrogram that surface water quality parameters
were formed into two different clusters. Cluster I is formed of Stations 1, 3, 4, 5 and
6. These stations are located in the north and northeast sections of the Tahtali dam.
Stations 1 is at the inlet of Tahtali dam reservoir and Stations 3, 4, 5 and 6 are
remote points which feeding the inlet of reservoir. Cluster II is formed of Stations 2
and 7 and are located in the northwest section of the Tahtali dam reservoir. Stations
7 is at the inlet of Tahtali dam and Station 2 are remote points which feeding the
inlet of Tahtali dam.

Station4
Station5
Station1
Station3
Station6
Station2
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4
5
1
3
6
2
7

0          5         10         15         20        25C A S E 
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Fig. 2. Dendrogram of the Ward method

Principal component analysis was actually performed on the correlation ma-
trix between the different parameters followed by varimax rotation, with the same
being used to examine the relationship between them23. Principal component analysis
screen plot is presented in Fig. 3. When this screen plot is examined, it is observed
that the number of basic component is 2. Principal component analysis results are
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given in Table-3. In view of this analysis, it was determined that PCA1 is composed
of Stations 1, 3, 4, 5 and 6 whereas PCA2 is composed of Stations 2 and 7.

Fig. 3. Screen plot for the PCA by stations

TABLE-3 
PRINCIPAL COMPONENT ANALYSIS (PCA) WEIGHTS 

Station No. PCA 1 PCA 2 
Station 1 -0.391 – 
Station 2 – 0.657 
Station 3 -0.388 – 
Station 4 -0.387 – 
Station 5 -0.379 – 
Station6 -0.372 – 
Station 7 – 0.492 

 
The factor analysis generated two significant factors, which explained ca. 94 %

of the variance in observation stations dataset. The correlations matrix of observation
stations was generated and factors extracted by the centroid method, rotated by
varimax. Results obtained from factor analysis are given in Table-4.

TABLE-4 
FACTOR LOADINGS FOR OBSERVATION STATIONS 

Station No. Factor 1 Factor 2 
Station 1 00.876 – 
Station 3 00.856 – 
Station 4 00.828 – 
Station 5 00.799 – 
Station 6 00.763 – 
Station 7 – 00.883 
Station 2 – 00.825 

% Total variance 88.340 05.660 
% Cumulative variance 88.340 94.000 
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When the results of the analyses are examined, it is observed that principal
component analysis and factor analysis support cluster analysis. it is observed that
observation stations form 2 different groups. It was determined that, among these
groups, Factor1 is composed of Stations 1, 3, 4, 5 and 6 whereas Factor 2 is composed
of Stations 2 and 7. An assessment of the cause of the connected accumulate of
stations 2 and 7 seen during analysis being different from that of the other stations may
be supported by the different environmental effects that the stations are exposed to.

Human activities near the Tahtali dam site have had direct and indirect effects
on the contamination rates of surface in the Tahtali watershed area. Direct effects
include dissolution and transport of excess quantities of fertilizers with associated
materials and hydrologic alterations related to irrigation and drainage. Indirect effects
include changes in water-rock reactions in soils and aquifers caused by increased
concentrations of dissolved oxidants, protons and major ions14. The results of the
study revealed different properties. After the statistical grouping of the observation
stations, water quality parameters were separately examined by using factor analysis.
Factor loadings belonging to water quality parameters are given in Table-5. Liu
et al.24 presented the factor loading as strong, moderate and weak balancing to
loading values of > 0.75, 0.75-0.50 and 0.50-0.30, respectively.

TABLE-5 
MATRIX OF FACTOR LOADING BY WATER QUALITY PARAMETERS 

Parameters F1 F2 F3 F4 
Cl– 0.848 – – – 
NH4

+–N 0.790 – – – 
Na+ 0.893 – – – 
SO4

2- 0.628 – – – 
P-tot 0.682 – – – 
NO3

––N – – 0.835 – 
Col – – -0.748 – 
DO – 0.813 – – 
OS – 0.789 – – 
BOD5 – – – 0.924 
COD – – – 0.483 

% Total variance 29.46 14.32 11.97 9.60 
% Cumulative variance 29.46 43.78 55.75 65.35 

 
The first factor (F1) is related to the parameters Cl–, NH4

+–N, Na+,  SO4
2-, P-tot

and explained 29.46 % of the total variance. This factor represents pollution from
domestic waste and nutrient. The second factor (F2) is positively loaded with para-
meters DO and OS. This factor accounts for 14.32 % of the total variance and is
strongly and positively loaded with this factor. Factor 3 (F3) explained 11.97 % of
the total variance and related to the parameters NO3

––N  and Col. While the parameter
Col is negatively loaded with this factor, NO3

––N is strongly and positively loaded
with this factor. Factor 4 (F4) is related to the parameters BOD5 and COD. COD is
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widely used for determining waste concentration and is applied primarily to pollutant
mixtures such as domestic, agricultural and industrial waste. BOD5 is the local
anthropogenic pollution and also addition of local domestic waste of this site25. The
discharges of the surface water from many factors and especially from municipal,
fertilizers and factories waste contribute to the pollution of the Tahtali dam and
tributaries.

The data of the F1 were calculation into mean value to compare the aspects of
the variation in surface water quality data collected from seven different sites as
shown in Fig. 4. Among the mean value, all parameters were found to be high at
Stations 2 and 7 showing high pollution of these sites. Thus, the figure is supported
multivariate statistical analysis results.

Fig. 4. Sodium, chloride, ammonium, total phosphorus and sulphate mean value at
observation stations

Conclusion

Tahtali dam is an important drinking water source of Izmir (Turkey). The multi-
variate statistical analysis techniques including cluster analysis, principal component
analysis and factor analysis generally confirmed surface water classification. In
this study, multivariate statistical analysis techniques were applied to surface water
quality dataset.

Cluster analysis, principal component analysis and factor analysis were used to
classify observation stations. Cluster analysis results show that, Cluster II stations
locations are at the northwest of the dam and Cluster I stations locations are at the
north and northeast of the dam. Afterwards, these analyses were supported by principal
component analysis and factor analysis. Based on the above results, it may be results
that of the observation stations explained by the four factors, it is the F1 (Cl–, NH4

+–
N, Na+, SO4

2-, P-tot) that best observed variances in the data.
The study enabled us to show similarities among the observation stations that

were not clearly visible from an examination of the data in the tables. These results
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represent that domestic waste and nutrient pollution caused differences in terms of
water quality in the northwest part of the area. Finally, it was determined that the
multivariate statistical analysis techniques usefulness for analysis and interpretation
of water quality dataset.
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