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[1] The dynamic of biogeochemical properties in a coastal area of the northern Adriatic
Sea (Gulf of Trieste) is analyzed through (1) identification of a small number of water
typology classes and classification of samples, obtained by means of a novel multivariate
classification procedure based on a combination of Artificial Neural Networks (ANN) and
‘‘traditional’’ clusterization algorithms, (2) interpretation of each class based on
biogeochemical properties and ecological phenomena likely to occur in the water body,
and (3) discussion of time evolution and spatial distribution of water classes which
summarized and provided indications on the system’s space and time evolution. Basing
itself on a multivariate comparison, the Self-Organizing Map (SOM) grouped 1292
samples collected in a 3-year-long monitoring program in 187 sets and identified a
representative synthetic sample for each group. These groups were further classified in
seven clusters, which identified the water typology. The complexity of the space and time
coevolution of 12 variables was so reduced to variation of one categorical variable.
Results included an objectively derived typology of water masses and their typical
temporal succession, a spatial dividing based on biogeochemical processes, a conceptual
scheme of biogeochemistry in the Gulf. Results clearly indicated the importance of
river input in triggering plankton blooms and pointed out that trophodynamics followed
current paradigms of marine ecosystem functioning, with shifts from conditions
dominated by classical food chain to situations in which most of the energy flowed
through the autotrophic and heterotrophic parts of the microbial food web.
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1. Introduction

[2] Artificial Neural Networks (ANNs) are nonlinear
mapping structures. Originally they were developed to
resemble biological functions, but in the last 20 years the
applications of ANNs covered a variety of fields, from
pattern recognition to chemistry and biology, and it has been
proved that they are powerful tools for data prediction/
approximation, especially when the relationships among
explanatory variables and phenomena under analysis are
unknown and possibly nonlinear. Indeed, with the spread of
computers and the increase in computational power,
research in ANNs has been steadily increasing, and since
the 1990s applications of this methodology have been
reported also in ecological and environmental sciences
[see Lek and Guégan, 1999, and references therein].

[3] Such studies mostly use a particular kind of ANNs,
namely the multilayer perceptron with back propagation
learning algorithm [Zupan and Gasteiger, 1999], which is a
supervised network particularly suitable for relating envi-
ronmental variables and community characteristics, and
therefore can be used as empirical, black-box, habitat
suitability model [Guégan et al., 1998]. In this context
ANNs evidenced very good predictive capabilities and
proved to be fairly more efficient than multiple regression
models [Lek et al., 1996; Scardi, 1996]. Nonetheless, ANNs
can be also used as a support for identifying patterns and
understanding ecosystem interactions, providing a tool for
both ordination and classification of a large multivariate
data set. Self-organizing maps (SOMs), in particular, are a
kind of unsupervised ANNs that have been becoming
increasingly popular for the analysis of a large multivariate
data set, since they provide a topology preserving nonlinear
projection of the data set in a regular two-dimensional
space, and therefore constitute a methodology for nonlinear
ordination analysis [Kohonen, 2001]. Moreover they are a
natural choice for graphical representation of similarity
among groups of samples and for clusterization. SOMs,
while extensively used in many areas, have only recently
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been used in ecological applications [Giraudel and Lek,
2001]. Applications can be found in ecological community
ordination and gradient analysis [Brosse et al., 2001; Park
et al., 2003], and in characterization and prediction of water
quality in rivers [Brodnjak-Vončina et al., 2002] and coastal
areas [Aguilera et al., 2001]. Applications of SOMs in
oceanography are quite recent, too, and regard mostly
features extractions from monovariate data sets [Richardson
et al., 2002; Liu and Weisberg, 2005; Liu et al., 2006a,
2006b].
[4] In this paper a SOM was applied to a multivariate data

set collected during a 3-year-long monitoring program, in
order to explore time evolution and space variability of
biogeochemistry dynamic in a coastal area in the northern
part of the Adriatic Sea, as it is described by the simulta-
neous variations of the whole multivariate ensemble of
water quality parameters rather than by a comparison of
single variables evolution. Our analysis is based on the
classification of observed samples in a small number of
water typology classes and on the discussion regarding
frequency distribution of occurrence of such classes in time
and space. The classification is obtained by using a novel
multivariate two-step procedure which included, as the first
and fundamental step, the application of an intermediate
size SOM to original data and, as the second and final step,
the application of traditional partitive cluster algorithms on
SOM results. The paper also aims to explore and exemplify
the application potentialities of this technique in multivar-
iate analysis of oceanographic and biogeochemistry data
sets.

2. Methods

2.1. Case Study

[5] The Gulf of Trieste (Figure 1) is the northernmost
basin of the Mediterranean Sea. It is small, semi-enclosed

and surrounded by heavily inhabited littorals. The area
includes important harbors and tourist, fishing and aquacul-
ture activities. The morphology of the Gulf is asymmetrical:
depth increases slowly from the northern and northwestern
coast to the south. The most profound depths are found in
the central south half of the Gulf. The sea bottom rises up
sharply along the eastern and southern coast. General
circulation is mainly counterclockwise, but in the surface
layer wind driven anticyclonic circulation is often observed
[Stravisi, 1983], which generates a decoupling between
surface and bottom water in the deeper part of the Gulf
where also a seasonal thermocline is commonly observed.
During winter time strong chill winds blowing from north-
east frequently break the stratification and commonly cause
formation of dense water [Artegiani et al., 1997].
[6] The main river flowing in the Gulf is the Soča-Isonzo,

which presents a variable outflow, and carries on nutrients
and pollutants from a drainage basin of about 3500 km2.
The highest river discharges are generally observed in late
spring and autumn, whereas the lowest discharge occurs
during winter and summer. However, high interannual
variability has been observed [Malej et al., 1995]. River
waters affect mostly the surface layers and, depending on
wind conditions, either follow a cyclonic circulation and
quickly flow out of the Gulf or spread within the Gulf
enriching its water in nutrients and buoyancy.
[7] The superimposition of the effects of the river inputs,

of the ingression of southern marine waters, wind effects
and anthropogenic influences, generates a great interannual
and seasonal variability in most physical and chemical
parameters [Malej et al., 1995; Mozetič et al., 1998].

2.2. Sampling and Sample Analyses

[8] Sampling was carried out monthly from January 1999
to December 2001 at 12 hydrological stations and at 3 or
4 depths, depending on site (Figure 1). The data set includes

Figure 1. Map of the study area showing the Soča-Isonzo river location, the sampling stations (black
circles) and water depth contours (gray lines).
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measurements of temperature (TEMP), salinity (SAL),
dissolved oxygen (both as concentration (OXYP) and
percentage of saturation (OXYSP)), chlorophyll a (CHLA),
phaeopigments (PHAEO), dissolved organic carbon (DOC),
nitrogen (DON), and phosphorus (DOP), particulate organic
carbon (POC), nitrogen (PON), phosphorus (POP), and
inorganic nutrient concentrations (N-NH4, N-NO2, N-NO3,
P-PO4, SiO2).
[9] Water samples were collected with Niskin bottles.

Pressure, temperature, conductivity, and oxygen data were
recorded using an Idronaut Ocean Seven (model 401)
multiparametric probe, calibrated every 6 months. Dis-
solved oxygen was measured with a Titrino Mettler titrator
for automated Winkler titration based on potentiometric end
point detection. For CHLA and PHAEO measurements,
triplicate water samples of 150 mL were filtered on board
through a Whatman GF/F filter, frozen in the dark, and
returned to the land laboratory. Filters were extracted at
�20�C overnight in 90% acetone, centrifuged and the
extract was measured on a Perkin Elmer LS50B fluorom-
eter, according to Lorenzen and Jeffrey [1980]. Analyses of
the dissolved inorganic nutrients were performed on sea-
water samples filtered on precombusted glass-fiber filters
(Whatman GF/F) using an Alliance auto analyzer, according
to Koroleff [1983]. DON was determined as the difference
between total dissolved nitrogen, measured by using per-
sulfate oxidation, and dissolved inorganic nitrogen, com-
puted as the sum of nitrate, nitrite and ammonia. POC and
PON were determined with a CHN Elemental Analyzer
Carlo ErbaModel EA1110, after acidification with 1mol L�1

HCl to remove the inorganic carbonate. Acetanilide was used
as standard. Samples for DOC analyses were filtered imme-
diately after collection through precombusted (4 hours at
480�C) and acidified (HCl 1�2 mol L�1) Whatman GF/F
glass fiber filters. Filtered samples were stored frozen
(�20�C) in 20 mL glass vials. Before analysis, the samples
were acidified to pH <2 using 100 mLHCl 6mol L�1 solution
and purged for 8 min using high-purity oxygen bubbling
(150 mL min�1). DOC analyses were made with an HTCO
method using a Shimadzu TOC 5000A [Cauwet, 1994].

2.3. Self-Organizing Maps

[10] Self-organizing maps are based on an unsupervised
competitive learning method [Kohonen, 2001]. Therefore
the method does not need any a priori assumptions on the
distribution of the data. Indeed, while supervised ANNs
learn and generalize from a given input-output data set, in
unsupervised ANNs the training phase is a process in which
the network learns to classify the samples by recognizing
different patterns.
[11] In practice, when using a SOM one has to decide a

priori the size of the map, i.e., the number and arrangement
in the two-dimensional space of the neurons of the map
(also named map units or model vectors), and a few
parameters of the training algorithm (training length, neigh-
borhood size, and learning rate), but no further assumptions
on database structure are needed. Each map unit is associ-
ated with a vector, made of as many components as the
number of different variables in the data set (water quality
parameters in our case), so that it can be seen as a synthetic
sample. Vice versa, the ensemble of the ith component of all
vectors defines the ith plane of the map, named also

component plane, which refers to the ith variable, and
depicts the distribution of such variable along the SOM
[Vesanto et al., 1998] (Figure 2). In the figure, as an
example, map units in the left bottom corner are linked to
corresponding vectors (values in component plants) by gray
lines. Vectors can be initialized either randomly or in
agreement to purposely designed algorithms, such as the
linear initialization described by Kohonen [2001]. Then the
learning phase begins: (1) one of the observed (input)
samples is presented to each of the neurons, (2) the neuron
most similar to the sample is identified as the winning one
(solid bar in figure), (3) the winner neuron and, to a smaller
extent, the neurons belonging to its neighborhood in the
map (black in figure) are changed, by making their compo-
nents closer to the observed data, in agreement to prede-
fined learning rules, (4) the procedures 1 to 3 are repeated
for all data, and (5) the whole procedure is repeated a
number of times (the training length) so that a quasi steady
state is reached (Figure 2).
[12] At that point, the competitive learning phase is

completed, each input sample is linked to the map unit that
represents it best and each map unit is linked to a list of
observed water samples, which are represented by that
specific neuron. Map units take now the name of best
matching units (BMUs) and BMUs close in the map are
similar to each other, so that a local order arises on the map.
Furthermore, the spatial distribution of each variable along
its component plane is as smooth as possible, given the
constrain that this must be true simultaneously for all the
planes. A batch learning procedure, in alternative to
the sequential one described above, can also be used, in
order to save computer time, but it essentially gives back the
same results. SOM procedure is similar to other iterative
relocatable algorithms, such as k-means, except for the fact
that each step of the training phase updates not only the
winning neuron, but involves also the ones that are part of
its neighborhood. Thus a BMU is not the mean, or the
median, of the samples which refer to it and the procedure
eventually results in local ordination. Since the ordination
does not rely on linear projection of the data, it accounts for
nonlinearity present in the system. Therefore SOM, besides
being a vector quantization and a classification procedure, is
also an ordination procedure. The algorithm can be effi-
ciently applied also when missing data are present in the
data set, which often occurs, and is a source of problem, in
real world case studies [Liu and Weisberg, 2005]. In fact,
the identification of a BMU for an input sample with
missing components is made taking into account only the
known components, and only those are updated in the
associated model vector [Samad and Harp, 1992]. Never-
theless, components with a lot of missing values or with
missing values over prolonged contiguous samplings should
be discarded from the analysis.
[13] On the other hand, there is no proof of convergence,

and therefore of an existing unique solution to the algo-
rithm, and indeed different replicates of the learning proce-
dure give slightly different results, depending on the initial
values of the model vectors and on the order of data
presentation to the neurons. This is the reason why usually
the whole procedure is run many different times and the
‘best’ solution, selected in accordance to predefined map
quality measures, is retained. Moreover, no theoretical
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principle for the choice of the map size exists, although
usually intermediate levels are preferred, since very large
maps provide hardly interpretable results, while a too small
map might not leave a sufficient number of degrees of
freedom and forces all data in a prescribed number of
groups. The software packages used in this study (see
below) incorporate rules of thumb and suggest default
options for the selection of optimized training parameters
values. Details on SOM algorithm are described by Kohonen
[2001] for theoretical considerations, and in abovementioned
papers for ecological applications.
[14] In our case study the data set is made of 1292

samples, referring to 12 sampling stations and a 3-year-
long period. For each sample 12 variables were used
(OXYP as cm3 L�1, OXYSP as percentage, CHLA and
PHAEO as mg L�1, DOC as mg L�1, POC and PON as mg
L�1, N-NH4, N-NO2, N-NO3, P-PO4 and SiO2 as mmol
L�1). TEMP and SAL measurements were not used in
building the map, in order not to mask other features present
in the data with signals as strong as seasonality and distance
from river mouth. However they were retained to corrobo-
rate a posteriori the interpretation of the results. The number
of missing values ranges from a minimum of 0.7% for SiO2
to a maximum of 11.4% for DOC and they are evenly
distributed throughout the data set. Our decision was to
use a map made of 187 units, arranged in a net of
11*17 hexagonal neurons. By doing so an intermediate level

of compression, around 7�, was achieved. The software
SOM toolbox [Vesanto et al., 1999] for Matlab (the Math-
works, 2001), developed by the Laboratory of Information
and Computer Science in the Helsinki University of Tech-
nology (http://www.cis.hut.fi/projects/somtoolbox), was
used for SOM training and visualization. Model vectors were
initialized with linear initialization [Kohonen, 2001], since by
doing so fewer iterations are needed for convergence [Liu
et al., 2006b]. SOM Toolbox defaults were used for other
training parameters, so that the training length, which is
computed basing itself on the ratio between the number of
map units and the number of data, was equal to 8, and a
Gaussian neighborhood function was selected.
[15] Ten different SOMs were trained, using a random

order for the presentation of data to the model vectors, and
mean quantization errors (QE) and topographic errors (TE)
of the resulting maps were compared. These maps quality
measures are frequently used in comparing map perform-
ances [Park et al., 2004, Liu et al., 2006b]. The mean
quantization error gives a measure of the misfit between
observed data and their BMUs, and is a measure of map
resolution [Kohonen, 2001]. The topographic error gives the
proportion of input samples for which the first and the
second BMUs are not adjacent on the 2D map grid, and
therefore is a measure of the map accuracy in preserving
topology during the ordination, and hence of local ordina-
tion goodness [Kiviluoto, 1996].

Figure 2. SOM learning phase schematic representation. Each map unit is associated with a vector, made
of as many components as the number of different variables in the data set (water quality parameters in our
case) so that it can be seen as a synthetic sample. The ensemble of the ith components of all vectors defines
the ith plane of the map, named also component plane, which depicts the distribution of the ith variable
along the SOM. As an example, map units in the left bottom corner are linked to corresponding vectors
(values in component plants) by gray lines. During the learning phase the value of each observed sample
(column of the table) is compared to every map unit, and the one closest to it (best matching unit, depicted
here as a black solid bar) and its neighbors (dark grey hexagons close to the solid bar) are identified and
modified in agreement to map learning rules. Detailed explanation is given in the text.
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2.4. Clusterization

[16] The SOM already represented a classification of the
original data set in 187 groups, and a projection in a 2D plane.
However an additional compression of the information in a
smaller number of classes, to be identified with particular
water masses types, was needed and pursued. Therefore a k-
means partitive clustering algorithm was applied on the
model vectors [Gordon, 1999]. This also accounts for, and
resolves, problems encountered when using SOM for classi-
fication, namely difficulties in assessing similarity among
units far apart in the map, and non uniqueness in SOM results
[Park et al., 2004]. Also in this case, rather than impose any a
priori assumptions on the final number of clusters, the
classifications obtained by varying the number of clusters
from 2 to 20 were computed and compared. Furthermore,
each classification was repeated 100 times with different
random initialization of the algorithm, and the best replicate
was selected in accordance with the sum of squared errors.
Eventually, the optimal number of clusters was identified by
comparing the values of the Davies-Bouldin indexes associ-
ated with each classification [Davies and Bouldin, 1979].
Similarities among clusters were then derived by applying a
hierarchical clustering algorithm to the selected partition
[Gordon, 1999], whereas differences among clusters were
elucidated by deriving descriptive rules, as in the work of
Vesanto and Hollmèn [2002].

3. Results

[17] The comparison of map quality indexes of different
replicates of a training phase results in the map illustrated in
Figures 3 and 4. The selected map represented the best

tradeoff between accuracy and resolution, since it presented
the lowest QE and the second lowest TE, and since the map
associated with the lowest value of TE presented the
maximum value of QE. Furthermore, a comparison of QE
and TE for different training length indicates that after eight
iterations TE was at steady state, while a larger training
length would result in only a slightly smaller QE. Never-
theless, since our results are not based on a detailed analysis
of each and every SOM map unit, but on analysis of
‘macro-aggregation’ of map units, i.e., list of sample asso-
ciated with ‘pieces of map’, minor differences in SOM
results are not crucial. Figure 3 visualizes the geometry of
the map, and how the samples were grouped in the different
units, (the area of the black hexagons inside each map unit
is proportional to the number of samples associated with
that unit). A list of samples is available for each map unit,
too. It can be observed that samples density varied along the
map, giving a first suggestion on possible cluster structures
(low density units might be taken as boundaries among
clusters).
[18] An analysis of frequency distribution of distances

between each unit and its neighbors indicated that in 13
cases differences were higher than twice the average value.
However, a closer inspection of these units revealed that
they were all situated in a specific part of the map. This
implied that, even if they constituted a tail of the distribution
(higher than 75 percentile), these units were not to be
regarded as an ensemble of sporadic outliers [Muñoz and
Muruzábal, 1998]. Rather, they described specific and
ecologically meaningful processes to be retained in the
analysis. An analysis of frequency distribution regarding
quantization errors showed a median value of 1.43 and
evidenced that only 63 samples, out of 1292, presented a
quantization error higher than the 75 percentile. Therefore
nearly all samples were well represented by some map unit.
The topographic error was 0.038, a value that suggested the
possibility of misclassification for less than 4% of the
samples.
[19] Visual inspection of the component planes, which

give the distributions on the map of the variables used in
building the map (Figure 4), provided a deeper understand-
ing. By doing so it was possible to asses, for instance, that
samples associated with BMUs placed in the left-bottom
corner had high concentration of ammonia, nitrite, ortho-
phosphate and silicate, low values of oxygen concentration,
intermediate values of nitrate, particulate matter and dis-
solved organic carbon. Vice versa, samples associated with
the top-left corner had very low values of nutrients, high
values of oxygen, medium to high values of particulate
matter, very high values of DOC, and so on. A comparison
of component planes also provided qualitative indications
on correlations among variables. For example, it was easy to
notice that ammonia and phosphate were highly correlated
while correlations among those variables and nitrate, nitrite
and silicate were lower. More generally, even though one
might expect to see two areas on the map showing high
concentrations of nutrients, one related to the river inflow,
the other one to remineralization processes, this feature was
evident only for silicate and, to a smaller extent, for
phosphate, whereas there was only one area of high con-
centration for ammonia and only one area of high concen-
tration of nitrate. Moreover, those areas were in different

Figure 3. Geometry of the map and samples density along
it. The area of the black hexagons inside each map unit is
proportional to the number of samples associated with that
unit. The unit with the biggest black hexagon (left upper
corner) represents 30 samples, while 12 units are empty.
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regions of the map, suggesting that they were caused by
different processes. Similarly, differences between DOC and
POC plane hinted the concurrence of more than one process
in DOC generation.
[20] Ideally, each map unit might represent a different

class of water typology, which might be characterized on
the basis of values of the variables used in building the map.
However, in order to achieve a clearer and more vigorous
representation of the system dynamic, the decision to
consider groups of similar map units instead of the single
ones was taken, i.e., to find a characterization of a small
number of water typologies classes associated with pieces
(rather than units) of the map.
[21] A comparison of Davies-Bouldin indexes obtained

by varying the number of groups in which the k-means
algorithm subdivided the map indicated as optimal the
clusterization in seven groups of vectors (Figure 5). The
dendrogram indicates that the black and brown clusters
merged together, and then joined the blue and, at higher
level, the green cluster. Analogously, the azure and yellow
clusters merged with the red cluster.
[22] Table 1 summarizes major features that characterize

the whole map and each of the seven clusters, i.e., the
number of samples and main statistic descriptors (median,
minimum, maximum and quartile range for each variable)
associated with each group. Descriptive rules that discrim-
inated among the clusters [Vesanto and Hollmèn, 2002] are
not reported in detail because of space limitations, but some
of their results are incorporated in the following. A com-
parison among these findings efficiently enabled us to
characterize the different ‘water masses’ referring to each

of the cluster, that is to define a ‘typology’ of water for the
study area.
[23] The bottom part of the SOM, characterized by high

values of nutrients and low values of oxygen saturation, was

Figure 4. Component planes of the SOM. Each plane shows the distribution of one variable along the
map. Values are linked to colors by vertical color bars (see section 2.3 for measure units).

Figure 5. Clusters on the SOM. See text for clusters
interpretation.
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subdivided among four clusters (Figure 5). At the bottom
right the green cluster presented maximum median values of
phaeopigments and nitrite. In this cluster the concentrations
of silicate and dissolved oxygen were relatively high,
whereas concentrations of POC, DOC and PON were very
low (Table 1). Descriptive rules indicated that this cluster
differed from the other three clusters in the lower part of the
map mainly because of ammonia and dissolved organic
carbon concentrations. Samples in the black cluster (bottom
center) showed maximum median values of nitrate and

silicate concentrations, and high value of ammonia, phos-
phate and nitrite. Nitrate, in particular, was around ten times
higher than on the rest of the map (Table 1). The brown
cluster (bottom left, the most similar to the black cluster)
presented very high values of nutrient concentrations, too.
Ammonia and phosphate were even higher than in the black
cluster, while nitrate was much lower. Silicate and nitrite
showed high medians too. A comparison with other parts of
the map indicated that the brown cluster was characterized
by the lowest values in dissolved oxygen, both as absolute

Table 1. Main Statistic Descriptors of the 12 Variables Used, Computed for the Map and Seven Clusters

OXYP,
cm3 L�1

OXYSP,
%

NH4,
mmol L�1

NO2,
mmol L�1

NO3,
mmol L�1

PO4,
mmol L�1

SiO2,
mmol L�1

CHLA,
mg L�1

PHAEO,
mg L�1

DOC,
mg L�1

POC,
mg L�1

PON,
mg L�1

Map
Median 5.42 91.85 0.73 0.22 1.75 0.07 2.18 0.86 1.32 1.14 251.53 41.40
Minimum 3.49 66.99 0.47 0.06 0.73 0.04 0.97 0.45 0.44 0.92 167.15 26.04
Maximum 6.24 108.61 3.26 1.00 18.20 0.26 11.88 3.53 3.97 1.61 476.11 112.59
IQ Range 0.82 7.86 0.39 0.30 1.30 0.03 1.85 0.38 0.99 0.16 63.37 17.70
Valid N 187 187 187 187 187 187 187 187 187 187 187 187

Black
Median 5.28 89.87 1.28 0.45 11.17 0.13 9.17 0.92 1.66 1.18 253.39 42.56
Minimum 4.56 81.54 0.87 0.40 7.53 0.10 6.46 0.85 1.61 1.09 220.58 36.29
Maximum 5.65 92.92 1.97 0.56 18.20 0.17 11.72 1.09 2.27 1.24 270.09 47.56
IQ Range 0.57 5.05 0.51 0.10 5.54 0.04 2.56 0.08 0.16 0.06 26.44 4.18
Valid N 12 12 12 12 12 12 12 12 12 12 12 12

Blue
Median 4.62 88.40 1.18 0.20 1.45 0.08 2.76 0.67 1.04 1.17 214.01 38.82
Minimum 4.37 81.97 0.73 0.12 1.14 0.05 2.03 0.45 0.52 1.05 169.32 26.04
Maximum 5.15 93.63 2.23 0.43 4.78 0.16 5.01 0.87 1.66 1.30 282.17 63.78
IQ Range 0.29 4.35 0.71 0.13 0.46 0.04 0.85 0.19 0.66 0.05 54.65 19.18
Valid N 37 37 37 37 37 37 37 37 37 37 37 37

Azure
Median 5.13 100.65 0.58 0.09 1.05 0.06 1.27 0.56 0.51 1.42 262.66 44.51
Minimum 4.70 94.59 0.49 0.06 0.73 0.04 0.97 0.45 0.44 1.25 219.69 31.66
Maximum 5.96 108.61 0.97 0.13 1.79 0.07 1.95 0.70 0.73 1.61 317.37 59.92
IQ Range 0.53 8.71 0.11 0.03 0.53 0.01 0.45 0.10 0.08 0.18 41.95 12.52
Valid N 26 26 26 26 26 26 26 26 26 26 26 26

Green
Median 5.53 90.29 0.59 0.71 1.90 0.06 3.14 0.98 1.99 0.98 202.28 34.13
Minimum 5.06 87.50 0.47 0.38 1.19 0.05 1.88 0.70 1.16 0.92 167.15 26.11
Maximum 5.67 91.85 0.99 0.85 7.76 0.09 6.07 2.08 3.97 1.13 271.96 58.16
IQ Range 0.17 1.19 0.16 0.17 2.48 0.02 1.54 0.34 0.92 0.09 51.92 10.07
Valid N 38 38 38 38 38 38 38 38 38 38 38 38

Yellow
Median 5.86 98.24 0.69 0.16 1.91 0.07 1.67 0.86 0.81 1.13 261.64 34.27
Minimum 5.14 91.11 0.52 0.10 1.34 0.04 1.22 0.57 0.52 0.92 191.16 28.63
Maximum 6.24 105.08 0.83 0.36 3.25 0.08 1.96 1.77 1.45 1.29 401.77 59.86
IQ Range 0.27 6.70 0.11 0.08 0.95 0.02 0.17 0.33 0.32 0.14 77.25 8.44
Valid N 38 38 38 38 38 38 38 38 38 38 38 38

Red
Median 5.50 95.06 0.77 0.18 1.85 0.08 1.79 2.08 1.68 1.13 384.17 66.87
Minimum 5.25 91.44 0.66 0.15 1.20 0.05 1.53 0.94 0.95 0.94 279.18 44.18
Maximum 5.78 100.07 0.88 0.32 2.81 0.10 2.20 3.53 2.31 1.20 476.11 112.59
IQ Range 0.23 2.72 0.15 0.03 1.02 0.02 0.33 1.15 0.73 0.16 99.43 30.42
Valid N 22 22 22 22 22 22 22 22 22 22 22 22

Brown
Median 4.10 77.45 2.68 0.46 2.73 0.19 6.59 0.93 1.65 1.12 251.88 50.54
Minimum 3.49 66.99 1.86 0.22 1.27 0.14 3.52 0.88 1.41 1.09 234.61 43.08
Maximum 4.51 83.31 3.26 1.00 5.31 0.26 11.88 0.99 1.73 1.16 277.30 54.49
IQ Range 0.38 5.82 0.62 0.33 1.67 0.05 4.86 0.04 0.10 0.04 7.82 2.93
Valid N 14 14 14 14 14 14 14 14 14 14 14 14
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value and as percentage of dissolved oxygen saturation
(Table 1). The blue cluster also presented low concentra-
tions of OXYP and OXYSP. On the contrary, ammonia,
phosphate, silicate and DOC were relatively high while the
pigments concentrations were low. The blue cluster differed
from black and brown clusters mainly because of particulate
organic nitrogen (higher) and silicate (lower).
[24] The map upper part (maximum concentration of

oxygen, chlorophyll, dissolved and particulate carbon, and
particulate nitrogen, and low values of nutrients) was
subdivided in three clusters (Figure 5). In the upper left
corner of the SOM the azure cluster grouped samples
characterized by very low concentrations of nutrients and
both pigments, and maximum values of dissolved organic
carbon and oxygen supersaturation. The azure cluster joined
with the yellow cluster, which had the maximum of OXYP,
whereas the OXYSP values were not as high as in the azure
cluster (Table 1). According to the discriminant rules, lower
DOC and higher OXYP values differentiated the yellow
cluster from the azure one. Finally, the red cluster in the
SOM upper right corner showed maximum median values
for chlorophyll a, phaeopigments and PON. Higher values
of chlorophyll a, phaeopigments and PON discriminated the
red cluster from the piece of the map covered by azure and
yellow clusters (Table 1).
[25] The characterization of the clusters was enriched by

information on salinity and temperature values of input
samples. As already remarked, this information was not
used in building the map in order not to mask other features
present in the data with signals as strong as seasonality and
distance from river mouth. However, an a posteriori com-
parison of temperature and salinity median values of sam-
ples associated with each map unit (Figure 6) indicated that

clusters on the left part of the map (azure, blue, brown) were
associated with warm waters, the green and yellow clusters
to cold waters, whereas the black and the red clusters
showed intermediate temperature values. Salinity values
were extremely low in the bottom central part of the map,
which almost overlapped with the black cluster. High values
of salinity were found in green and brown clusters.
[26] Additional pieces of information were found in

noting how the correlations among variables varied by
considering the samples related to different clusters.
Because of space limitation these results are not fully
reported, but only briefly described here. As an example
correlations between salinity and nutrients were much
stronger in the black cluster than in the brown one, while
correlations between chlorophyll a and phosphate was
negative in the red cluster, but positive in the brown one
and, even if to a smaller degree, in the blue one. Correla-
tions between ammonia and phosphate were strongly pos-
itive in the black, brown and blue clusters, moderate in the
red one, and not significant in the remaining ones. Corre-
lation between POC and DOC was negative in the green
cluster, but positive in all the others, except for the brown
cluster where it was not significant. Instead changes
occurred in correlations sign while considering different
clusters for nearly all the couples of variables analyzed.
[27] Since each sample was associated with a map unit, and

therefore to a cluster, it was possible to reconstruct the
time evolution of the spatial distribution of clusters over the
sampling network. This is exemplified by Figures 7 and 8
which illustrate the monthly evolution of frequency distri-
bution of clusters computed by considering only surface
water (Figure 7b), bottom water (Figure 7c), and all water
column together (Figure 7a); and the frequency distribution

Figure 6. Distribution on the map of median values of (a) temperature (�C) and (b) salinity (psu)
associated with each map unit. Values are linked to colors by vertical color bars, while white color
indicates map units without valid temperature or salinity values.
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of clusters for each of the sampling stations in the periods
from April to September (Figure 8a), and from October to
March (Figure 8b). These figures highlight time periodicity
and spatial relationships existing among different water
typology classes.
[28] Analysis of Figures 7 and 8 clearly evidenced the

existence of both spatial gradients and time periodicity. In
particular, by visual inspection of Figure 7a, it was easy to
notice that during each spring a large share of the samples

could be classified as ‘yellow’ waters, then, during the
summer, ‘azure’ and ‘blue’ waters predominated, followed
by ‘green’ waters in winter. ‘Red’ waters coexisted in spring
with ‘yellow’ waters and in autumn with ‘azure’ and ‘blue’
ones. ‘Brown’ waters were present mainly in late summer
and autumn, and ‘black’ waters, which accounted for a
small fraction of total samples, were found mainly in spring,
autumn and winter months.

Figure 7. Monthly evolution of frequency distribution of clusters computed by considering (a) all
samples, (b) only surface waters, and (c) only bottom waters. Colors are the same as in Figure 5.
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[29] Additional features became noticeable when samples
were separated according to sampling depth. Besides con-
firming the periodicity just mentioned, the comparison of
Figure 7b and 7c showed that ‘black’ and ‘azure’ waters
were much more frequent in surface layer, while ‘brown’
waters were more frequent in the bottom one.
[30] Vice versa, analysis of frequency distribution of

clusters occurring at each sampling site (Figure 8) indicated
the existence of significant differences between stations
influenced by river outflow and those less influenced by
it. These differences were more easily appreciable when
data were subdivided in ‘cold’ (October–March) and
‘warm’ period (April–September), and could be captured
also quantitatively, by a classification on the frequencies,

which suggested a dividing of the stations in the major
groups delimited by the dotted line in Figure 8. Therefore,
and even though salinity was not included in SOM con-
struction, a geographical rationale, based on distance from
river mouth, emerged clearly from water quality properties.
Bottom topography (variation in water column depth) could
have contributed in defining such rationale, too.

4. Discussion

[31] In order to give a biogeochemical meaning to the
analysis of space and time variability of clusters occurrence,
each of the clusters was ‘characterized’, i.e., associated with
a particular type of water, defined by the biogeochemical
properties of its samples. By doing so it was concluded that
the black cluster, characterized by high nutrients and low
salinity, represented mainly waters affected by river inputs,
while the association of maximum values of chlorophyll a,
relatively high oxygen saturation and high loads of partic-
ulate organic matter, found in the red cluster, marked a
phytoplanktonic bloom phase, probably dominated by large
organisms such as diatoms. Also, the ratio between con-
centrations of chlorophyll a and phaeopigments indicated
that these blooms were at a growing stage, when living cells
prevailed on dead ones.
[32] The yellow cluster (which presented maximum dis-

solved oxygen values and very high oxygen saturation,
accompanied by concentrations of pigments and of partic-
ulate matter lower than in the red cluster) was interpreted as
waters in which photosynthetic processes were occurring,
sustained by small and highly efficient organisms, such as
pico and nanoplankton. A similar, but more extreme,
situation characterized also ‘azure’ waters, with maximum
values of oxygen saturation and DOC, and minimum values
of pigments and nutrients. Also in this case the presence of
highly efficient small autotrophic organisms was hypothe-
sized, but, because of extreme conditions, we thought that
blooming was in its last phase, and that benthos macroalgae
possibly played some role.
[33] Vice versa, no phytoplanktonic bloom seemed to

occur in the blue cluster, usually in concomitance with
‘azure’ waters, in which though chlorophyll a was low, and
phaeopigments were higher than in the azure and yellow
clusters. Thus, for this cluster the presence of some hetero-
trophic processes was hypothesized. Bacterial recycling of
organic debris was likely to be important too, causing
moderate to high concentrations of ammonia, phosphate
and silicate. Indeed, the spatial distribution of blue cluster is
similar to that of the azure one, but the blue cluster is more
associated with the deepest sampling sites in the central and
southern part of the Gulf and, more generally, to the most
profound sampling depths (Figure 7).
[34] Recycling of organic debris is much more evident in

the brown cluster, where there was an association of
maximum values of ammonia and silicate, high concentra-
tions of phosphate and nitrite, minimum values of dissolved
oxygen and oxygen saturation. This cluster was labeled as
the ‘remineralization’ one. An a posteriori comparison with
the list of samples associated with this cluster evidenced
that most of them were collected in the bottom layer and
during late summer or autumn, and corroborated this
conclusion.

Figure 8. Frequency distribution of clusters occurring at
each sampling site in (a) warm (from April to September)
and (b) cold (from October to March) months. The black
line suggests a dividing of the stations in two main groups.
The dotted line suggests further subdivision of the first
group. Each pie refers to one station. Pies are slightly
displaced in order to improve readability; refer to Figure 1
for the correct position of each sampling site. Colors are the
same as in Figure 5.
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[35] The green cluster showed the highest nitrate and
phaeopigments values. Concentration of phaeopigments is
higher than chlorophyll a when grazing processes prevails
on phytoplanktonic primary production, whereas nitrate can
be seen as the nitrogen form characterizing winter months.
Indeed, the cluster was present only in winter months and
affected all stations, even if it must be stressed that a lot of
data from winter months were not collected, because of bad
weather conditions. Therefore it appeared reasonable to
sketch the following conceptual scheme of space and time
evolution of water masses in the studied coastal area.
[36] During winter period heterotrophic processes pre-

vailed (green cluster). Then, in spring, there were important
outflows of river water which, depending on wind condi-
tions, spreads over large part of the Gulf and particularly in
surface layers (black cluster). This favored the stratification
of water column and enriched nutrients concentration in the
euphotic layer. As a consequence of the seasonal warming
and of nutrient enrichment a classic spring diatom domi-
nated phytoplankton bloom developed (red cluster) and was
sustained, followed in turn by blooming of highly efficient
smaller plankton autotrophs (yellow, and in a second stage,
azure clusters), over almost the entire sampling area. In
absence of external supplies of nutrients, because of high
residence time or of absence of river input, photosynthetic
activity caused depletion in pools of dissolved inorganic
nutrients, especially in surface layers. This in turn caused
both an increment in excretion of dissolved organic matter
and a decoupling between primary production and bacterial
carbon demand, with a consequent accumulation of DOC
(azure cluster), resulting also by POC demolition. Roughly
at the same time, but more significantly at depth, bacterial
mediated remineralization of organic matter, and the het-
erotrophic part of the microbial food web (the microbial
loop) conveyed most of the energy cycling in the ecosystem
(blue cluster). Remineralization was the most important
process during this period in a significant part of the study
area (brown cluster), and more noticeably at the bottom of
the water column, where hypoxia episodes are more likely
to occur. In late summer/early autumn, new inputs of river
water possibly triggered a second diatom bloom, in turn
followed by microbial food web activities as described
above, and remineralization prevailed again in late autumn
and winter.
[37] This conceptual scheme can be applied, with minor

variations, to each of the three years here considered, and it
is in good agreement with both mistivorous trophodynamics
models [Legendre and Rassoulzadegan, 1995; Thingstad et
al., 1997] and specific findings for the area [Malej et al.,
1995; Mozetič et al., 1998; Fonda Umani et al., 2005].
[38] In fact, nowadays it is well established that the

microbial food web plays a very important role in recycling
nutrients and fuelling primary production, and a very
common view of marine ecosystem functioning includes
(along a continuum spectrum of intermediate possibilities) a
first phase in which most of the energy flows along the
traditional food chain (diatoms, grazers, fish), followed by a
second phase in which the autotrophic components of the
microbial food webs (essentially picoplankton and their
grazers) prevail, and by a third moment dominated by the
microbial loop [Legendre and Rassoulzadegan, 1995]. The
results obtained offer additional corroboration to this model,

since our biogeochemical interpretation of the succession of
clusters red-yellow-azure-blue is perfectly in line with it.
Also the accumulation of DOC in concomitance with a
malfunctioning of microbial loop, because of inorganic
nutrient limitation, is an already proposed theoretical
explanation for a pretty common situation [Thingstad et al.,
1997].
[39] As for the specific site, our results confirmed the

hypothesis made by Mozetič et al. [1998], which speculate
that river input is the major forcing triggering spring
planktonic blooms in the area. The results were also
coherent with experimental findings of Cataletto et al.
[1993], which presents a ‘typical’ succession of phytoplank-
ton assemblages, with spring and autumn blooms dominated
by diatoms, and of Orel et al. [1986] and Justić et al.
[1987], in which evidence of hypoxia in the bottom water is
presented.
[40] Nevertheless, some minor interannual variations

could be recognized. Usually spring diatom blooms are
stronger than the fall ones, except for year 2000, when a
huge bloom was detected in October, and only a very
limited bloom took place in spring. The anomaly of October
might be related to the fact that a mucilage event was taking
place just before of the bloom [Fonda Umani et al., 2007],
while the relative scarcity of spring bloom might be
explained by the absence of river (black) water. Another
noteworthy exception was represented by the summer 2001,
which presented more ‘blue’ (heterotropic microbial loop)
and less ‘azure’ waters (autotrophic picoplankton) than in
the previous summers. This might be related to a combina-
tion of more oligotrophic conditions, as a result of the fact
that summer 2001 was exceptionally dry, and of higher
grazing pressure on picoplanktonic component [Fonda
Umani et al., 2005].
[41] Finally, a few methodological aspects need to be

discussed. Our analysis relied on the identification of water
typology made of a relatively small number of water
typology classes, based on a combination of SOMs and
‘traditional’ clusterization algorithms. One might have
attempted to reach similar results by using ‘traditional’
classification procedures, such as k-means, or hierarchic
clustering methods, or a combination of PCA and cluster
analysis. All of these methods would have presented some
disadvantage, as evidenced in a series of technical papers
that compared these methodologies [Giraudel and Lek,
2001; Park et al., 2003; Vesanto and Alhoniemi, 2000]. In
particular, PCA requires normal distribution of data, cannot
deal with missing values, it is based on a linear projection of
data, is heavily affected by outliers, and therefore it is likely
to be less flexible and less suited to environmental prob-
lems. Clusters produced by hierarchical clustering proce-
dures, including Growing Hierarchical SOM (GHSOM)
[Liu et al., 2006a], are forced to be hierarchically nested,
which does not always occur in nature. Partitive clustering
methodologies, such as k-means, might be in principle
considered as a possible alternative to our procedure, since
they do not require normality, nor use linear projection.
However, k-means somehow is a subset of SOM, meaning
that SOM reduces to k-means for particular choice of
parameters, and therefore it is natural to assume that SOM
is more flexible than k-means. In addition, they are influ-
enced by noise and outliers, and cannot, in standard
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implementations, deal with missing values. In fact, a com-
parison of our results with a purposely derived k-means
clusterization indicated that k-means would have given
different results and missed important distinctions such as
the distinction between blue and azure clusters. On the other
hand, SOM is hardly comparable to other techniques, since
BMUs are not the means, or medians, of group of samples,
but the results of a learning phase, so that data patterns and
features are extracted by modeling, rather than by ‘simply’
averaging, or linearly projecting on reduced subspaces, data
[Liu et al., 2006b]. Indeed, the SOM algorithm acts at the
same time as a vector quantization method, an ordination
method and a clustering method.
[42] In addition, and more generally, the use of a 2 steps

procedure takes into account the two main weak points
encountered when using SOM for classification. Indeed,
SOM provides a ‘local’ ordination, meaning that one object
is ‘ordered’ in respect to other objects close to it, whereas
the ‘global’ ordination is an emerging property. However, if
two objects are far apart in the map it remains unclear how
similar they are. The use of a ‘standard’ clusterization
technique addresses this point, by grouping different objects
in larger clusters basing on measures of similarity among
objects. Different replicates of SOM give slightly different
results depending on the data presentation order and there-
fore the lists of samples associated with each map unit
might vary a little bit from replicate to replicate. Thus, to
increase the robustness of the result, it makes sense to
interpret clusters of map units, i.e., ‘pieces of map’, rather
than each and every map unit. In this way, also the choice of
parameters in SOM training phase is not very critical. Of
course the final number of clusters to be considered for
interpretation must be high enough not to cancel important
signals.

5. Conclusions

[43] This study analyzed the dynamic of biogeochemical
properties in a coastal area by (1) identification of a water
typology made of a relatively small number of water
typology classes, (2) interpretation of each water typology
class on the basis of biogeochemical properties and ecolog-
ical phenomena which are likely to occur in the water body,
and (3) discussion of time evolution and spatial distribution
of water typology classes. This enabled us to compress the
complexity of the space and time coevolution of a large
multivariate data set (432 time series of 36 sample each,
referring to 12 different variables) in the much simpler
succession of 7 different classes of an objectively derived
‘water typology’, and the analysis was more intuitive and
effective.
[44] The biogeochemical characterization of water typol-

ogies classes enabled us to identify the existence of a typical
annual succession of ecosystem functioning modes, which
is in agreement with current paradigms of marine ecology
and offers a general scheme in which previous experimental
findings can be framed. Despite all the factors that concur in
generating high variability in spatial structures (spread of
river waters, cyclonic circulation, mesoscale processes,
thermal stratification, occurrence of dense water formation,
wind driven surface circulation), the analysis also succeeded
in defining a dividing of the area, which a posteriori could

be related to a geographically based and physically mean-
ingful rationale. This confirmed that river inflows and
bottom morphology were, respectively, a major forcing
and a major parameter in defining biogeochemical proper-
ties of the area. Figure 8 also offered a visual perspective of
the degree to which a given station belonged to a group, and
so provided a sort of fuzzy classification.
[45] The paper contains also some methodological nov-

elties. In fact, it proposes (1) the application of an existing
methodology for data analysis to a new class of problems;
and (2) the definition of a number of original ideas and
procedures for interpreting and postprocessing SOM results
on the basis of the frequency distribution of samples
belonging to different clusters, for each sampling station
and for each month. The study confirmed that SOMs are a
useful tool for ordination, classification, and detection of
underlying structures in complex and highly multivariate
data sets, and can be incorporated in a procedure novel for
oceanography and biogeochemistry studies.
[46] Aware that no technique is ‘the’ technique that solves

all problems, it is our belief that the procedure here
proposed is an original, useful and efficient way to analyze
and patternize a multivariate biogeochemical data set. In
addition, the a posteriori interpretation of distributions along
the map of information available with samples, but not used
in the learning phase of SOM (such as sampling moment,
site, salinity, temperature), illustrated that these kind of
neural networks can be used also in indirect gradient
analysis. Finally, the work clearly displayed how the meth-
odology proposed enabled us to objectively identify both a
water typology and a typical yearly succession of water
typology classes, two goals that are of primary importance in
the new regulations enforced by water conservation author-
ities (i.e., EU Water Framework Directive 2000/60/EC).
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