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Abstract

The application of different multivariate statistical approaches for the interpretation of a large and complex data
matrix obtained during a monitoring program of surface waters in Northern Greece is presented in this study. The
dataset consists of analytical results from a 3-yr survey conducted in the major river systems (Aliakmon, Axios,
Gallikos, Loudias and Strymon) as well as streams, tributaries and ditches. Twenty-seven parameters have been
monitored on 25 key sampling sites on monthly basis (total of 22,350 observations). The dataset was treated using
cluster analysis (CA), principal component analysis and multiple regression analysis on principal components. CA
showed four different groups of similarity between the sampling sites reflecting the different physicochemical
characteristics and pollution levels of the studied water systems. Six latent factors were identified as responsible for the
data structure explaining 90% of the total variance of the dataset and are conditionally named organic, nutrient,
physicochemical, weathering, soil-leaching and toxic-anthropogenic factors. A multivariate receptor model was also
applied for source apportionment estimating the contribution of identified sources to the concentration of the
physicochemical parameters. This study presents the necessity and usefulness of multivariate statistical assessment of
large and complex databases in order to get better information about the quality of surface water, the design of
sampling and analytical protocols and the effective pollution control/management of the surface waters.
© 2003 Elsevier Ltd. All rights reserved.
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1. Introduction

The quality of surface waters is a very sensitive issue.
Anthropogenic influences (urban, industrial and agri-
cultural activities, increasing consumption of water
resources) as well as natural processes (changes in
precipiation inputs, erosion, weathering of crustal
materials) degrade surface waters and impair their use
for drinking, industrial, agricultural, recreation or other
purposes [1,2]. Due to spatial and temporal variations in
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water chemistry a monitoring program that will provide a
representative and reliable estimation of the quality of
surface waters is necessary. Thus, monitoring programs
including frequent water samplings at many sites and
determination of a large number of physicochemical
parameters are usually conducted resulting in a large data
matrix, which needs a complex data interpretation [3].
The application of different multivariate approaches
(cluster analysis (CA), principal components analysis,
source apportionment by multiple regression on princi-
pal components) for the interpretation of these
complex data matrices offers a better understanding of
water quality and ecological status of the studied
systems, allows the identification of the possible
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factors/sources that influence the water systems and
offers a valuable tool for reliable management of water
resources as well as rapid solutions on pollution
problems [4-6].

A 3-yr survey (February 1997-January 2000) aiming
to establish national databases on surface water quality
has been performed in surface waters in Northern
Greece. The procedure established by the European
Community to assess pollution levels in rivers and lay
down guidelines for the control of pollution and
nuisance of the environment was followed [7,8]. Results
on the speciation of nitrogen and phosphorus, the
eutrophication status and the distribution of heavy
metals—toxic elements in surface waters are presented in
previous papers [9,10].

In the present article, the large data matrix obtained
during the 3-yr monitoring program (22,350 observa-
tions) subjected to different multivariate statistical
approaches in order to extract information about: (a)
the similarities or dissimilarities between sampling sites
and/or river systems, (b) the latent factors explaining the
structure of the dataset, (c¢) the influence of possible
sources (natural and anthropogenic) on the physico-
chemical parameters and (d) source apportioning for the
estimation of the contribution of possible sources on the
concentration of determined parameters.

2. Experimental
2.1. Monitoring sites

The region of sampling covers a wide range of
catchments and surface water types (rivers, streams,
tributaries, ditches). The main river systems are Aliak-
mon, Axios, Loudias, Strymon and Gallikos. These
rivers drain the major rural, agricultural, urban and
industrial areas of Northern Greece and discharge into
the North Aegean Sea (Fig. 1). The main pollutant loads
include domestic wastewaters, agricultural runoff, ani-
mal husbandry and industrial effluents.

Aliakmon river is the longest Greek river with a total
length of nearly 310 km and mean flowrate 42m>®s~'. It
originates from northwestern Greece and after traver-
sing a basin of about 5600km? discharges into the
Thermaikos Gulf. Significant pollution loadings are
discharged into the lower stream of Aliakmon river due
to its confluence with Ditch-66. This ditch, which also
receives water from smaller streams, is a major recipient
for the effluents produced by a number of local
industries, principally vegetable, fruit and juice can-
neries. The ditch water is expected to be highly polluted
with organic matter. Axios river originates from
FYROM and flows into Thermaikos Gulf. Of its total
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Fig. 1. Map of the sampling site locations.
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length (nearly 300km) only the lowest 75km flow
through Greece with a mean flowrate 65m’s™'. The
estuaries of the river form an extended delta, which is
protected by the Ramsar convention. Loudias river with
a length of 38 km starts from the mountainous area of
northern Greece and drains an intensively cultivated
area with a flow rate of about 20m>s~'. This river was
found in the past to be relatively polluted by organic
substances and heavy metals released from food proces-
sing, sugar and diary industries [11]. Strymon river
originates from Bulgaria and flows into the northern
Aegean Sea. The river has a total length of 330 km, of
which 115km flow through Greece. The mean flowrate
is 28 m?s~!. It is used to irrigate an extensive cultivated
plain. Gallikos river is characterized by very low flowrate
(less than 10m>s~" at the upper part) which periodically
drops to zero in the lower part of its route, thus usually
the water never reaches the mouth of the river. The river
is not used for irrigation, however is supplies aquifers
used for drinking purposes.

2.2. Sampling and chemical analysis

The sampling strategy was designed in such a way to
cover a wide range of determinants at key sites that

accurately represent the water quality of the river
systems and account for tributary inputs that can
have important impacts upon downstream water qual-
ity. Samples were taken from upper, mid and down-
stream sites. Samples were also collected from
tributaries, small streams and open channels-ditches
(Fig. 1).

Monthly sampling was carried to monitor changes
caused by the seasonal hydrological cycle. Sampling,
preservation and analytical protocols were conducted by
standard methods for surface waters and have been
previously reported [9,10,12]. The measured parameters
include field pH, electrical conductivity (EC), dissolved
oxygen (DO), total suspended solids (TSS), nitrate
(NO3), nitrite (NO;), ammonium (NHj), orthopho-
sphate (PO?[), chemical oxygen demand (COD), biolo-
gical oxygen demand (BODs), organic (Kjeldahl)
nitrogen (TON), acid-hydrolysable (total) phosphorus
(TP). The acid-available fraction of metals and other
toxic elements (Ag, As, B, Ba, Cd, Cr, Cu, Hg, Fe, Mn,
Ni, Pb, Se and Zn) was also determined. The data
quality was checked by careful standardization, proce-
dural blank measurements, spiked and duplicate sam-
ples [9,10]. In Table 1 the summarized basic statistics of
the dataset is presented.

Table 1

Summary basic statistics (concentration units in mgL ™! or pgL™! for metal ions; conductivity in pscm™")

Component Mean Stand. dev. Minimum Maximum
COD 12.2 11.6 4.0 94.0

BODs 11.4 9.3 2.0 8.0

TON 0.62 0.71 0.02 2.55

TP 0.57 0.63 0.14 1.97

PO}~ 0.22 0.26 0.06 0.53

NO3y 0.21 0.27 0.01 1.56

NOy 0.38 0.34 0.3 10.2

NO; 1.22 1.06 0.03 3.08

pH 8.1 0.26 7.7 8.6

DO 7.4 1.2 3.7 12.3

EC 421 193 126 690

TSS 17.7 144 6.2 45.8

B 52.3 38.1 19.0 104.0

Ba 47.2 17.1 31.0 78.0

Cu 4.2 2.4 2.0 7.0

Cr 6.5 5.5 1.0 18.0

Ni 4.1 2.9 2.0 12.0

Mn 155.4 102.3 45 291

Fe 326.6 211.9 113 833

Pb 34 3.1 1.0 16.0

Zn 57.2 44.8 20 157

Cd 0.26 0.19 0.1 0.6

Se Less than 0.1 — Less than 0.1 Less than 0.1
As Less than 0.1 — Less than 0.1 Less than 0.1
Hg Less than 0.2 — Less than 0.2 Less than 0.2

Ag

1.1

0.02

1.0 3.0
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2.3. Multivariate statistical methods

Multivariate statistical methods for classification,
modeling and interpretation of large datasets from
environmental monitoring programs allow the reduction
of the dimensionality of the data and the extraction of
informations that will be helpful for the water quality
assessment and the management of surface waters [13].
Thus, various environmetric approaches for the assess-
ment of water quality are frequently employed
[3-6,10,14-18]. In the present study, CA, principal
component analysis (PCA) and source apportionment
by multiple regression analysis on principal components
(PC/MR) are employed in a dataset of almost twenty
thousand values (21 parameters determined at 25
sampling sites for a period of 36 months). The elements
As, Hg, Ag and Se, which exhibited values usually lower
than the detection limit of the method were excluded.
Missing data were completed by mean values of the
neighbor data. The STATISTICA 5.0 software package
was employed for data treatment.

3. Results and discussion
3.1. Site similarity

CA was applied to detect similarity groups between
the sampling sites. The dataset was treated (after

data scaling by z-transformation) by the Ward’s
method of linkage with squared Euclidean distance
as measure of similarity. The significance of the
clusters obtained was tested by the Sneath’s index of
disjunction [19].

Four statistically significant clusters are formed:
Cluster 1 (sampling sites 12, 14-16, 20-22) corresponds
to Axios and Loudias rivers, Cluster 2 (sampling sites 1—
6, 11) corresponds Aliakmon river and Ditch-66, Cluster
3 (sampling sites 17-19, 23-25) corresponds to rivers
Strymon and Gallikos, both used mainly for irrigation
and Cluster 4 (sampling sites 7-10, 13) corresponds to
streams discharged into Ditch-66. The clustering proce-
dure reveals the groups of similar sites in a quite
convincing way. These clusters include sampling sites
with similar characteristics features and natural back-
ground that are affected by sources of similar type/
strength.

The CA carried out using our data indicates that this
approach makes possible the design of a future spatial
sampling strategy in an optimal way and offers a reliable
classification of surface waters in the whole region. For
instance, the number of the sampling site could be
optimized in such a way that for rapid quality
assessment studies only representative sites from each
cluster (not all monitoring sites) can be used. This
reduces the number of analysis and the cost of the risk
assessment procedure.

Table 2

Varimax rotated factor matrix for the whole data set®

Variable PC 1 PC2 PC 3 PC 4 PC 5 PC 6
COD 0.91 0.38 —0.26 0.09 0.11 0.06
BODs 0.84 0.29 —0.18 0.10 0.12 0.08
TON 0.73 0.41 0.11 0.21 0.09 0.23
TP 0.70 0.61 0.19 0.31 0.11 0.13
PO?{ 0.67 0.58 0.22 0.29 0.34 0.08
NO; 0.33 0.88 0.26 0.24 -0.09 0.18
NOy 0.36 0.71 0.29 0.16 0.11 0.24
NO; 0.38 0.86 0.14 0.16 0.21 0.26
pH 0.16 0.29 0.84 0.08 —0.17 0.11
DO 0.21 0.22 0.86 0.14 0.25 0.28
EC 0.34 0.27 0.82 0.07 0.11 0.16
TSS 0.42 0.28 0.33 0.01 0.79 0.14
B 0.23 0.19 0.07 0.71 0.30 0.24
Ba 0.19 0.31 0.12 0.72 0.28 0.26
Cu 0.28 0.23 —0.08 0.36 0.84 0.39
Cr 0.16 0.19 0.11 0.27 0.72 0.43
Ni 0.09 0.16 0.07 0.28 0.70 0.39
Mn 0.23 0.18 0.14 0.29 0.74 0.34
Fe 0.31 0.15 0.05 0.34 0.73 0.27
Pb 0.06 0.15 0.12 0.23 0.35 0.78
Zn 0.11 0.08 0.14 0.29 0.37 0.70
Cd 0.06 0.09 0.07 0.37 0.25 0.77
Expl. Var. 22.1% 19.8% 15.5% 13.0% 10.9% 8.2%

#Significant factor loadings are bold faced.
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3.2. Data structure determination and source
identification

PCA is a powerful pattern recognition technique that
attempts to explain the variance of a large dataset of
intercorrelated variables with a smaller set of indepen-
dent variables (principal components) [20]. PCA was
employed on our dataset to compare the compositional
patterns between the examined water systems and to
identify the factors that influence each one.

Six principal components were obtained with eigen-
values > | summing almost 90% of the total variance in
the water dataset (Table 2). The first PC, accounting for
22.1% of the total variance was correlated with COD,
BODjs, TON, TP and PO; . This “organic” factor may
be interpreted as representing influences from point
sources such as municipal and industrial effluents. The
second PC, accounting for 19.8% of the total variance
was correlated primarily with water soluble N-species,
NO;, NH; and NO3 and secondarily with PO?[ or TP.
This “nutrient” factor represents influences from non-
point sources such as agricultural runoff and atmo-
spheric deposition. The third PC was weighted on pH,
DO and EC and represents the ‘“physicochemical”
source of the variability. The fourth PC was loaded on
B and Ba, probably represent ‘“‘weathering” processes
from rocks, deposits of marine origin, salt intrusion etc.

Table 3
Source contribution to surface waters in Northern Greece

The fifth PC was highly loaded with TSS, Cu, Cr, Ni,
Mn and Fe and is likely to represent “soil leaching”
processes. Finally the sixth factor was correlated with
Pb, Zn and Cd and is considered as representing
“anthropogenic-toxic” pollution from metal activities/
industrial effluents.

3.3. Source apportionment

The source apportionment is an important environ-
metric approach aiming to the estimation of contribu-
tion of identified sources to the concentration of each
parameter. After the determination of the number and
identity of possible sources affecting surface waters by
using PCA, source contributions were calculated next by
using multiple regression of sample mass concentration
on the absolute principal component scores (APCS). A
detailed description of the modeling approach can be
found elsewhere [21]. It makes it possible to apportion
the component mass among various source components
obtained by PCA (six PCs in our case). The PCA
assumes that the total concentration of each element is
made up of the sum of elemental concentrations from
each identified polluting or natural source component.
The approach calculates the weight of source in the total
sum using multiple regression.

Variables Intcpt Source types
1 Organic 2 Nutrient 3 Nutrient 4 Weathering 5 Soil-leaching 6 Toxic 2

COD 3.8 72.3 23.9 — — — — 0.54
BODs 4.2 83.3 12.5 — — — — 0.56
TON — 66.8 23.8 — 5.0 — 4.4 0.64
TP 2.8 70.1 20.4 — 6.7 — — 0.59
PO3~ 7.0 45.1 30.2 5.2 6.0 6.5 — 0.67
NO; 2.5 29.1 59.9 4.0 4.5 — — 0.49
NO3 6.7 30.2 60.3 — — — 2.8 0.57
NH, 2.4 28.0 62.6 — — 4.0 3.0 0.62
pH 39 — — 96.1 — — 0.38
DO 6.2 3.8 32 86.8 — — — 0.44
EC 5.8 11.2 10.3 72.7 — — — 0.49
TSS 4.4 15.5 6.1 8.0 — 66.0 — 0.61
B 7.2 — 11.2 — 69.6 6.2 5.8 0.64
Ba 9.0 — 10.6 — 72.0 4.8 4.0 0.59
Cu 4.9 4.1 3.9 — 8.2 68.7 10.2 0.72
Cr 1.6 — — — 5.1 72.9 20.4 0.74
Ni — — — — 12.4 79.6 8.0 0.62
Mn 6.0 — — — — 75.5 18.5 0.55
Fe 44 7.2 — — 16.4 72.2 9.8 0.64
Pb 4.1 — — — — 21.1 74.8 0.66
Zn 5.5 — — — 16.6 77.9 0.71
Cd 8.8 — — — 9.4 — 81.8 0.53

Intcpt: intercept of the multiple regression.
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The contribution of the possible sources in each
physicochemical parameter is presented in Table 3. The
multiple regression exhibited relatively good adequacy
between observed and predicted values for most para-
meters, as shown by the correlation coefficients. A
significant biased part of the total concentration is
present for almost all parameters. Results showed that
point (municipal and industrial effluents) and nonpoint
sources (agricultural runoff) are the main contributors
to organic and nutrient parameters. Soil leaching
appeared to be the main source of most elements
whereas anthropogenic activities contribute highly to
Pb, Zn and Cd concentrations. It is believed that these
apportionment results could be very useful to the local
authorities for the pollution control/management of the
examined surface waters.
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