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Abstract

Regional water quality is a hot spot in the environmental sciences for inconsistency of pollutants. In this paper,
the surface water quality of the Gharasoo River in western Iran is assessed incorporating multivariate statistical
techniques. Parameters like EC, TDS, pH, HCO5, CI', SO,*, Ca*", Mg®* and Na* were analyzed. Principal
component and factor analysis is showed the parameters generated 3 significant factors, which explained
73.06% of the variance in data sets. Factor 1 may be derived from agricultural activities and subsequent release
of EC, TDS, SO4* and Na" to the water. Factor 2 could be influenced by domestic pollution and explained the
deliverance of HCO5', CI" and Mg?" into the water. Factor 3 contains hydro-geochemical variable Ca** and pH,
originating from mineralization of the geological components of bed sediments and soils of watershed area.
Likewise, the clustering analysis generated 3 groups of the stations as the groups had similar characteristic
features. Pearson correlation analysis showed significant correlations between HCO;™ and Mg®* (0.775), Ca®*
(0.552) as well as TDS and Na* (0.726). With reference to multivariate statistical analyses it can be concluded
that the agricultural, domestic and hydro-geochemical sources are releasing the pollutants into the Gharasoo
River water.
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1 Introduction

The surface water quality is truly a sensitive issue today because of its effects on human health and aquatic
ecosystems. Rivers are highly vulnerable to pollution attributing to their role in carrying off the municipal and
industrial wastewater and runoff from agriculture in their vast drainage basins. Anthropogenic influences, as
well as natural processes, deteriorate surface water and impair their use for drinking, industrial, agricultural
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and recreational purposes (Sayadi et al., 2010; Sayadi and Sayyed, 2011; Sayyed and Sayadi, 2011; Sayadi and
Rezaei, 2014).

The environmental impacts of agricultural runoff, municipal wastewater and industrial effluent discharge
on receiving water are numerous and inputs of contaminants can be hazardous to the environment. Surface
water is most vulnerable to pollution due to natural processes, such as precipitation inputs, erosions,
weathering of crystal materials, and anthropogenic influences (Sundaray et al., 2006).

From many methods available, Cluster Analysis (CA) and Principal Component Analysis (PCA) are
widely used, being capable of detecting similarities among samples and/or variables (Acque et al., 1995; Wang
et al., 2006; Wenning and Erickson, 1994). In this work, PCA and hierarchical cluster analysis have been used
to investigate the Gharasoo river water quality and discriminate relative magnitude of anthropogenic and
natural influences on the river water quality. The objective of the study is to extract information about; (1) the
similarities or dissimilarities between monitoring periods and monitoring sites, (2) the influence of possible
sources (natural and anthropogenic) on water quality parameters, and (3) source identification for estimating
possible sources determining water quality parameters of the Gharasoo River.

2 Material and Methods

2.1 Study Area

The Gharasoo River system forms with joining of two main branches of Merek and Raz Avar Rivers. Its length
is approximately 20.7 kilometers and runs through the city of Kermanshah. Kermanshah city is located in the
diplomatic area in western Iran. Gharasoo River is one of the most important tributaries of Saymareh River. It
collects water from Kermanshah and Kurdistan provinces and delivers it to Saymareh River. The study area
lies between latitudes 46° 36" - 47° 37" N and longitudes 34° 00~ 34° 91" E with the height of 1322 meters
above sea level (Fig. 1). The mean annual temperature and rainfall are 14°C and 456.8 mm, respectively.
Rainfall occurs during the autumn and winter (December to March).
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Fig. 1 Location of sample sites on the Gharasoo River.
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Data sets of 9 parameters of the water quality were monitored monthly over a period of 2009-2010.
Monitoring stations are shown in (Fig. 1). The selected parameter for the determination of water quality
characteristics were EC, PH, TDS, bicarbonate (HCO3), chloride (CI), sulfate (SO,%), calcium (Ca?"),
magnesium (Mg?") and sodium (Na®). The parameters were analyzed according to standard methods (APHA-
AWWA-WPCF, 1985; APHA, 1999). The results were evaluated via multivariate statistical analysis
techniques. All statistical computations were made using SPSS statistical software.

2.2 Principal Component Analysis (PCA)

PCA is designed to transform the original variables into new and uncorrelated variables called the principal
components, which are linear combinations of the original variables (Zhang, 2011; Vieira, 2012). It provides
information on the most significant parameters due to spatial and temporal variations that describes the whole
data set by excluding the less significant parameters with minimum loss of the original information (Helena et
al., 2000; Kannel et al., 2007). The principal component can be expressed as

Zij=aj1 Xqj + aip Xoj + ... + im Xmj (1)

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

Factor analysis follows principal component analysis. The main purpose of factor analysis is to reduce the
contribution of less significant variables and to simplify even more the data structure coming from the
principal component analysis. This purpose can be achieved by rotating the axis defined by principal
component analysis according to well established rules, and constructing new variables, also called vary
factors. A small number of factors will usually account for approximately the same amount of information as
does the much larger set of original observations (Shrestha and Kazama, 2007). The Factor analysis can be
expressed as:

Zi=an fyj+ap fo +ap fai + ... + amfmi + €5 )

where z is the measured value of a variable, a is the factor loading, f is the factor score, e is the residual term
accounting for errors or other sources of variable number, and m is the total number of factors.

2.3 Cluster Analysis (CA)

CA is a multivariate technique, whose primary purpose is to classify the objects of the system into categories
or clusters based on their similarities (Zhang, 2012), and the objective is to find an optimal grouping for which
the observation or objects within each cluster are similar, but the cluster is dissimilar to each other.
Hierarchical clustering is the most common approach in which clusters are formed sequentially. The most
similar objects are first grouped, and these initial groups are merged according to their similarities. Eventually
as the similarity decreases all subgroups are merged into a single cluster. CA was applied to surface water
quality data using a single linkage method. In the single linkage method, the distances or similarities between
two clusters A and B are defined as the minimum distance between a point A and a point in B:

D (A, B) = min {d (xj+x;), for x; in A and x; in B} 3)

where d (x; +X;) is the Euclidean distance in (3). At each step the distance is found in every pair of clusters and
the two clusters with smallest distance are merged. When over two clusters are merged the procedure is
repeated for the next step: the distances between all pairs of clusters are calculated again, and the pair with the
minimum distance is merged into a single cluster. The result of a hierarchical clustering procedure can be
displayed graphically using a tree diagram, also known as a dendrogram, which shows all the steps in the
hierarchical procedure (Alkarkhi et al., 2008; Johnson and Wichern, 2002).
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3 Results and Discussion

Table 1 summarizes briefly the mean, maximum and minimum values besides standard deviation and variance
of the 9 measured parameters in the river water samples from the five stations. It is interesting to note that the
high standard deviations of the parameters indicating changeability in chemical composition between the
samples, shows the temporal variations which appears by lithogenic and anthropogenic sources.

Table 1 Simple statistical analysis of water quality parameters at different locations on the Gharasoo River.

Station EC pH TDS HCO; Cl SO, Ca Mg Na
Stationl Mean 372 7.8 2.4 3.3 0.52 0.49 2.7 1.3 0.36
Std. 53.8 046 352 055 022 027 042 038 0.17

Variance 290 021 124 031 0.05 0.07 0.18 0.15 0.03
Minimum 172 6.53 108 2.31 0.16 0.1 191 056 0.09
Maximum 437 8.57 280 5.06 110 1.29 341 224 091

Station2 Mean 437 1.7 280 3.73 0.56 0.49 2.9 1.47 043
Std. 96 0.46 61 0.8 0.25 0.27 043 065 0.31
Variance 91.70 0.22 3745 0.6 0.06 0.07 0.19 0.42 0.09

Minimum 329 6.70 211 2.56 0.16 0.14 201 0.78 0.16
Maximum 661 8.52 423 5.43 096 0.92 355 280 116

Station3  Mean 404 779 285 3.43 0.66 0.59 294 142 038
Std. 56.61 036 36.18 0.68 0.14 0.28 042 042 0.08
Variance 321 0.13 130 0.46 0.02 0.081 0.18 018 0.01
Minimum 320 7.04 205 2.30 0.38 0.20 237 081 025
Maximum 540 8.40 346 5.11 091 136 3.37 240 059

Station4  Mean 434 7.86 275 3.58 052 0.72 277 156 0.55
Std. 111 037 7151 093 0.22 0.52 0.50 0.58 053
Variance 124 0.13 5114 0.87 0.05 0.28 025 034 0.28
Minimum 312 719 199 2.10 0.22 0.16 141 056 0.06
Maximum 663 8.66 424 6.46 1.00 271 349 3.00 220

Station5  Mean 494 7.37 336 4.00 043 091 3.00 194 045
Std. 491 0.13 199 0.29 0.04 0.14 0.08 041 0.03
Variance 241 0.02 397 0.08 0.01 0.02 0.01 0.17 0.00
Minimum 340 732 320 3.44 0.36 0.64 280 100 0.39
Maximum 520 7.80 390 4.38 050 111 3.13 250 0.49

3.1 Application of PCA to Gharasoo River data set

A particular problem in the surface water quality monitoring is the complexity associated with analyzing a
large number of measured variables (Saffran et al., 2001). Therefore, in this study, surface water quality data
were grouped using FA. The correlation matrix of variables was generated and factors were extracted by the
centroid method, rotated by Varimax. From the results of the FA, the first three eigenvalues were found to be
bigger than 1 (Fig. 2). According to the Fig. 2 and a subsequent interpretation of the factor loadings, the first
three components were extracted and the other components have been eliminated.
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Fig. 2 Screen plot of the eigenvalue and component number.

Table 2 presents the total variance explained by the first three factors for both related and unrelated factor
loadings. The parameter loading three factors in the two from FA associated with each factor stations are well
defined and contribute slightly to other factors, which help not only in the interpretation of the results but also
in the identification of anthropogenic sources of pollution from the surface water quality data. FA generated
three significant factors, which explained 73.06% of the variance in data sets, where a correlation greater than
0.75 is considered “strong”; 0.75-0.50, “moderate”; and 0.50-0.30, as “weak” significant factor loading (Liu et
al., 2003).

Table 2 Extracted values of various FA parameters.

Extraction Sums of Squared Loadings | Rotation Sums of Squared Loadings
Component

Total | % of Variance | Cumulative % | Total | % of Variance | Cumulative %
1 3.85 | 42.86 42.86 2.81 | 31.23 31.23
2 153 |17.03 59.89 2.47 | 27.49 58.72
C 1.18 | 13.16 73.06 1.29 | 14.33 73.06
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Table 3 Loadings of 9 experimental variables on 3 significant Principal components,
rotated factor loadings matrix

Variables Factor 1 Factor 2 Factor 3
EC 0.831 0.360 0.087
pH -0.180 0.180 -0.687
TDS 0.858 0.306 0.102
HCOs 0.102 0.844 0.422
Cl 0.220 0.720 -0.221
S04~ 0.740 -0.184 0.198
Ca -0.040 0.389 0.716
Mg 0.240 0.820 0.046
Na 0.829 0.361 -0.136
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As shown in tables 2 and 3, the first factor (Factor 1), accounted for 31.23 of the total variance, was high
positive loading in EC, TDS, SO,%and Na* which were 0.831, 0.858, 0.740 and 0.829 respectively. This factor
represents the contribution of nonpoint pollution from agricultural areas. In these areas, farmers use sulfate
fertilizers, and the stream receives sulphate via surface runoff and irrigation waters. As a result shown increase
in SO,* concentrations may be due to agricultural activities (Krouse, 1997). The contribution of Na* to this
factor can be considered a result of action-exchange processes in soil-water interface (Guo and Wang, 2004).
Factor 2 explains 27.49% of the total variance and is the positively correlated with HCO", Cl and Mg?*. This
factor represents the contribution of point pollution and the physico-chemistry of the stream. While point
pollution is from domestic wastewater, nonpoint pollution is from agricultural and livestock farms. Mg®* is a
basic metal which increases alkalinity of the environment (Razmkhah et al., 2010). This factor may also be due
to anthropogenic activities such as domestic waste water or influents. Nevertheless, the release of domestic
effluents into the river water caused the dramatic CI” increase. The loading for factor 3 was 18.92% with Ca?*
and pH. Thus, this factor contains hydro-geochemical variable Ca®', originating, at a first glance, from
mineralization of the geological components of soils as well as moderate decrease of pH concentration. The
contribution of Ca®* to this factor can be considered a result of action-exchange processes in soil-water
interface (Guo and Wang, 2004) as the results demonstrated an increase in EC, TDS, SO,* and cl
concentrations due to agricultural and domestic waste water activities. Sources of dissolved SO42' in natural
river waters may include dissolution of sedimentary sulfates, oxidation of both sulfide minerals and organic
materials, and anthropogenic inputs.

3.2 Pearson correlation

Statistical analysis using Pearson correlation showed that the parameters in the water samples collected from
Gharasoo river were weak and moderately correlated to each other at p <0.01 and p <0.05 levels. A significant
positive correlation was found to exist between EC and TDS (0.918), HCO3 (0.432), cl (0.381), SO, (0.411),
Mg?* (0.421), and a positive correlation was found between EC and Na* (0.721) at p <0.01 (Table 4).
Similarly, there were significant correlations between TDS and HCOj3 (0.387), cl (0.369), SO,%(0.434),
Mg?®* (0.385) and a positive correlation between TDS and Na* (0.726) at p <0.01 in the collected water
samples of the study region. The level of TDS reflects the pollutant burden of the water. High levels of
dissolved and suspended solids in water systems increase the biological and chemical oxygen demand
(Jonnalagadda and Mhere, 2001). Similarly, some correlations were also observed (Table 4) between HCO3
and CI" (0.373), Na* (0.387) and a positive strong correlation was found between HCO5 and Mg®* (0.775)
and Ca?* (0.552) at p <0.01. Likewise, Li and Zhang (2009) indicated a strong positive correlation between
HCO3, Ca*" and Mg*'in Geochemistry of the upper Han River basin, China. There were as well significant
positive correlations between CI - Mg?* (0.506), CI'-Na* (0.453), SO, 2- Na* (0.529), and Mg®" - Na* (0.459)
at p <0.01 level (Table 4). Chloride concentration is higher in wastewater than raw water because sodium
chloride, the commonest component of the human diet passes unchanged through the digestive system (WHO,
2008).

It is interesting to note that in this study there is no significant correlation between pH and other
parameters. Similarly, Chigor et al. (2012) exhibited nil correlation between pH and other contaminated
parameters in surface water sources used for drinking and irrigation in Zaria, Nigeria.

3.3 Hierarchical cluster analysis (HCA)
Spatial similarity and monitoring stations grouping is shown in Fig. 3. In this study, the classification of
monitoring stations was performed incorporating HCA, and a dendrogram was composed.
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Table 4 Pearson correlation between different water quality parameters of the study site.
Discrimin  EC pH TDS HCO;  ClI S0,4° Ca Mg Na
ate
variables
EC 1.00
pH -0.126 1.00
TDS 0.918™ -0.177  1.00
HCO4 0.432" -0.140 0.387  1.00
cl 0.381" 0.070 0.3697 0.3737  1.00
S0, 0.4117 -0.086 0.4347  -0.039 0014 1.00
Ca 0.169 -0.096 0.148 05527 0175 0.204 1.00
Mg 0.421" -0.017 0.385°  0.775 0506  0.166 0.180°  1.00
Na 0.721" -0.017 0.7267 03877 04537 05297 0.000 04597 1.00
**_ Correlation is significant at the 0.01 level (2-tailed).
*. Correlation is significant at the 0.05 level (2-tailed).
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Fig. 3 Dendrogram of the CA according to single linkage method.

The clustering procedure generated 3 groups of stations in a very convincing way, as the sites in these
groups have similar characteristic features and natural background source types. Cluster 1 (Stations 2, 3 and 4),
Cluster 2 (Station 1) and Cluster 3 (Station 5) correspond to a relatively low to high polluted regions. Hence,
the temporal variation in the Gharasoo river water quality was greatly determined by agricultural and
municipal activities as well as lithogenic sources which confirm the result of the PCA. In fact, Fig. 3 shows
that the patterns of pollution sources of Gharasoo river water.

4 Conclusion

In this study, multivariate statistical methods including factor, principal component and cluster analysis were
applied to surface water quality data sets obtained from the Gharasoo River in Iran. The results suggest that
anthropogenic activities such as agricultural and domestic pollution sources and lithogenic activities had
significant effects on water quality. Three factors explaining the 73.06% of the total variance in the surface
water quality data set were determined. Based on the above results, Factor 1 may be derived from agricultural

IAEES WWW.iaees.org



Proceedings of the International Academy of Ecology and Environmental Sciences, 2014, 4(3): 114-122 121

activities and release the EC, TDS, SO42' and Na' to the environment. Factor 2 could be influenced by
domestic pollution and explained the deliverance of HCO'3, Cl and Mg?* into the surface water of Gharasoo
River. Factor 3 contains hydro-geochemical variable Ca?* and pH, originating from mineralization of the
geological components of bed sediments and soils of watershed area. Cluster analysis grouped the monitoring
stations into 3 clusters of similarity based upon water quality characteristics at different stations. These results
reveal that agricultural, domestic and hydro-geochemical sources are responsible for pollutions in terms of
water quality in Gharasoo River.
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