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Introduction and Objectives

“in the 19 century the data speak for itself,
at present its completely different ...”

The need for better techniques, tools and practices to analyse ecological and
economic systems within an integrated framework at wider scales has never been so
great. Currently, individuals of different professions consider scientific predictions
that are based on highly complicated principles and hypotheses as beyond their
comprehension and often ignore them (Clark et al., 2001). Scientists are becoming
more focused on science and research of course than improving their
communication with the general public (Buckeridge, 2001). The transformation of
large quantities of disparate data into simple, useable information is seen as a major
challenge in many current environmental monitoring programmes. Vant (1999)
identified two key aspects of this, namely, the identification of robust methods to
summarise large volumes of data without losing the useful information in it, and
presenting this information to a largely non-technical audience in an understandable
and compelling manner.

The task of transforming data into useful information is a major challenge to
environmental scientists, who were probably attracted to the study of ecosystems
because of the complexity involved, and now increasingly find themselves having
to move beyond the security of complicate conceptual models and the jargon of the
highly technical journals, to communicate with a wider community.

Over the last few years, the use of Artificial Neural Network (ANN) techniques
has provided ecologists with a powerful method for modelling large volumes of
ecological data (Paisley et al., 2003).Neural networks are powerful computational
tools that can be used for classification, pattern recognition, empirical modelling

and for many other tasks. Neural networks can be "trained" to provide the right
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output (binary, fuzzy, quantitative) if enough input-output patterns are available and

if these patterns effectively describe the system that is to be modelled.

The earliest work in neural computing goes back to the 1940's when McCulloch
and Pitts (McCulloch and Pitts, 1943) introduced the first neural network
computing model. Reinforcing this concept of neurons and how they work was a
book written by Donald Hebb. The Organization of Behavior was written in 1949
(Hebb, 1949). It pointed out that neural pathways are strengthened each time that
they are used. In the 1950's, Rosenblatt's (Rosenblatt, 1956, 1957) work resulted in
a two-layer network, the perceptron, which was capable of learning certain
classifications by adjusting connection weights. The architecture inspired by the
human brain which contains neuron connected to each other by synapses. The

artificial analogue of the neuron is the perceptron. (Fig. 1.)

Input Node Output

—_—

Cell body

Nucleus

g

Dendrites

Fig. 1. The structure of the natural neuron and the artificial perceptron

Although the perceptron was successful in classifying certain patterns, it had a
number of limitations, which the decline of the field of neural networks. However,
the perceptron had laid foundations for later work in neural computing. In the early
1980's, researchers showed renewed interest in neural networks.

These studies show promising results in modelling complex relationships
between biological and environmental variables of natural habitats to support
sustainable environment development (Shanmuganathan, 2005). Bayesian belief
networks and ANN techniques, namely back propagation and self organizing maps

(SOM), were found to be successful in calculating a set of biotic indices for
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monitoring of river quality based on the distribution and abundance of
macroinvertebrate taxa and environmental parameters of 1995 national survey data
(Walley et al., 1998). The study concluded that the methods tested to have shown
considerable potential for use in river quality classification and river management.
Modelling Patterns in Environmental Data (MOPED) uses SOM techniques for
modelling patterns within fish species distribution and elevation of sampled
freshwater systems in a region (Jowett, 2001). MOPED also was found to be
capable of predicting the biological assemblages that should be present in certain
streams. Onkal-Engin et al. (2005) successfully applied a back-propagation ANN
algorithm to develop an electronic nose for the purpose of controlling sewage
odours in wastewater treatment plants.

Ecosystem analysis and prediction with empirical statistical and analytical
methods are often limited by the spatial complexity and temporal dynamic character
of ecological processes. This is one reason for the typically non-linear interrelations
of variables and species with data being not normally distributed. Artificial neural
networks provide an attractive alternative tool for analysing ecological data and for
modelling due to their specific features such as non-linearity, adaptivity,
generalisation and model independence (no a-priori model needed). ANNs have
been applied to various fields of aquatic sciences and engineering, such as
modelling water quality (e.g. Daniell and Wundke, 1993; Maier and Dandy,
1996a,b; 1997; Lachtermacher and Fuller, 1994; Schizas et al., 1994; Maier, 1995;
Winkler and Voigtlander, 1995; Kaluli et al., 1998; Wen and Lee, 1998) and
relating community characteristics with environmental variables (e.g. Chon et al.,
1996; Lek et al., 1996; Recknagel, 1997; Recknagel et al., 1997, 1998; Guegan et
al., 1998; Lee et al., 1998; Maier et al., 1998).

An important aspect of an ANN model is whether it needs guidance in learning
or not. Based on the way they learn, all artificial neural networks can be divided
into two learning categories - supervised and unsupervised. In supervised learning,

a desired output result for each input vector is required when the network is trained.
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An ANN of the supervised learning type, such as the multi-layer perceptron, uses
the target result to guide the formation of the neural parameters. It is thus possible
to make the neural network learn the behaviour of the ecological system. In
unsupervised learning, the training of the network is entirely data-driven and no
target results for the input data vectors are provided. An ANN of the unsupervised
learning type, such as the self-organizing map, can be used for clustering the input
data and find features inherent to the problem. (Burke, and Ignizio, 1992)

The biological monitoring of the water currents in several countries provided
large volume datasets during the last decades. In case of large volume of data, the
traditional multivariate statistical methods like cluster analysis and ordination is
difficult to interpret and present the information. Self Organizing Map is a novel
approach for the visualization of high-dimensional data. Self-organizing Map is a
data visualization technique invented by Professor Teuvo Kohonen which reduces
the dimensions of data through the use of self-organizing neural networks. SOM
converts complex statistical relationships between high-dimensional data items into
simple geometric relationships on a low-dimensional display. Thus, it compresses
information while preserving the most important topological and metric
relationships of the primary data items (Kohonen 2001). The main advantages of
the SOM are the better data visualisation and noise reduction (Vesanto and
Alhoniemi 2000). Mangiameli et al. (1996) compared SOM and several hierarchical
clustering methods, and found SOM superior to hierarchical clustering in both
robustness and accuracy. In addition, the two-level clustering approach (SOM
neural network followed by K-means clustering) was developed and successfully
applied to cluster data (Vesanto and Alhoniemi 2000; Beccali et al. 2004). SOMs
are increasingly popular tools in ecology, and have been used to describe bentic
algal assemblages in France and Luxembourg (Gosselain et al. 2005, Rimet et al.
2005a, 2005b). The self-organizing map (SOM) is an efficient tool for mining non-
linear data and has been extensively used for patterning community data since

1990s (e.g., Chon et al., 1996, Giraudel et al., 2000, Kwak et al., 2000; Levine et
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al., 1996; Park et al.,, 2003, 2005). Chon et al. (1996) classified benthic
macroinvertebrate communities in polluted streams with the SOM and elucidated
community patterning according to anthropogenic disturbances and locality of the
sample sites. Chon et al. (2002) further implemented the SOM to a large-scale data
collected in different river systems in the Korean Peninsula for 16 years. The large-
scale data were accordingly arranged to reveal the impact of environmental
disturbances. In this study, we further elaborated to show the trained SOM as a
means of providing a comprehensive view on ecological states of the communities
and to use the SOM as a tool for assessing biological water quality. Further articles
which summarise the application of the SOM in ecological application( Kaski et al.,
1996, Kalteh et al.,2008, Ceregrino and Park, 2009)

The Hungarian routine monitoring program for chemical parameters has been
monitored in running and standing waters for more than 40 years already.
Unfortunately in the early years the only two biological components which were
stored in a database were the index value and the chlorophyll-a content of the given
samples. In 2000 the author of the theses started to build a database for storing the
taxa list in digital form. Since then the system became the part of the Hungarian
monitoring program. In 2001 there has been an initial start in the qualitative
monitoring of macroinvertebrates, as a first step towards implementation of the
Water Framework Directive (European Union, 2000) requirements. In 2005 other
biological elements of the WFD were involved in the national monitoring program
such as phytobenton and macrophytes. At present all of these biological quality
elements have a relevant database to store the taxalist and sampling event features.

From the presented publications the author’s main interests and responsibilities,

as well as the main goals of the PhD thesis were the followings:

Characterize selected Hungarian running waters according to their
characteristic phytoplankton assemblages with the help of SOM techniques
(Paper 1)
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Construction of useable biological database for storing relevant
ecological information on phytoplankton and phytobenton biological

elements (Paper 4, 5)

Characterize the upper Danube section based on their characteristic

diatom communities by SOM methods (Paper 2)

Describe the differences and similarities of the periphyton of Lake

Velencei on different substrate using SOM statistics (Paper 3)



Neural networks in ecology 9

Material and methods

“Gagnants and Perdants”

1.1 Statistical methods
SOM algorithm

For statistical analysis in Paper 1, 4 and 5 we used the SOM algorithm which can
make a projection of the database into a two dimensional hexagonal map. Closely
related communities were placed into neighbouring hexagons by their similarities,
while samples with different communities were in distant hexagons. The SOM can
display the groupings of samples and species together; therefore, each species can
be evaluated by its importance (Kohonen, 2001). The SOM Toolbox
(http://www.cis.hut.fi/projects/somtoolbox) was used to implement the SOM under
a MATLAB™s environment.

In this chapter I would describe the algorithm in details. We followed the
abbreviations of the publication Giraduel (Giraduel and Lek , 2001).

The SOM consists of two layers: input and output layers connected by connection
intensities (weights).(Fig. 2.)

(u) (U - R Input layer

Sample units

Output layer
Virtual units

Fig. 2. The structure of the SOM neural network

Input layer gets information from data matrix, while output layer visualizes the
computational results. When an input vector is sent through the network, each
neuron of the network computes the distance between the weight vector and the
input vector. The output layer consists of output neurons, which are usually



Neural networks in ecology 10

arranged into a two-dimensional grid for better visualization. The best arrangement
for the output layer is a hexagonal lattice, as it does not favour horizontal and
vertical directions as much as a rectangular array (Kohonen, 2001).

The ecological data usually contains a matrix of sample units (SU) and species
composition data as like in table 1.

Table 1.An ecological data matrix, i species (spy,..., sp;) are observed in SUp sample units
(SUL,..., SUp), X, species weight (like abundance etc.)
Species / variables/

) s Spi

SU, Xyt e X1

2 SU, Xz e Xi2
Q= . : )
2 | -
n H H :
SUD le —————————————————— Xip

This is the input layer of the SOM. The goal of the SOM is to make the output
layer consist of virtual units (VU) with the virtual species weight (prototype vector
or codebook vector) as seen in table .2.

Table 2. .The SOM data matrix, i species (spy,..., sp;) are observed in VUp virtual units
(VUL,..., VUp), W;, weight vector (species abundance etc)
Species / variables/

Spr e Spi

VU, Wi e Wi

s g YU Wi e Wi
A=l : : .
; = H H ;
VUD Wlp """""""""""" Wip

The algorithm of the SOM process can be described as:

e Step 1: Epoch t=0, the virtual units VU, are initialized, weights drawn
from the input dataset.

e Step 2: A sample unit SU; is randomly chosen as an input unit.

e Step 3: Using some metric, the distances between SU and each virtual
unit are computed.

e Step 4: The virtual unit VU, closest to the input SU; is chosen as the
winning neuron. VU_ is called the Best Matching Unit (BMU).

e Step 5: The virtual units VU, are updated with the learning rule:

e Step 6: Increase time t to t+1. If t<t,,, then go to step 2 else stop the
training.
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In step 1, the user decide the size of the map, this is an important question
because if the map is too big there would be empty cells in the final map, whereas if
the size is too small there would be less distinct groups as expected. The optimal
numbers of nodes according to Vesanto (Vesanto, 2000) can be calculated as:

Nn=5,/SU,

Where Nn is the number of nodes in the final map and SU, is the number of sample
units.

There are two ways to initialize the weight vectors. The first is to give each weight
vector a random value based on the SU, the second is to make a linear gradient from
the weights.

In step 3, the distance or the measure of dissimilarity between stations can be
chosen. Usually the conventional Euclidean distance is widely usable but is not the
only possibility. Some measurements that take into account the difficult problems
of double zero or scale (e.g. binary data) can also be used. However, the use of the
learning rule has to be made very prudently. If Euclidean distance is not used, the
learning equation has to be adapted in order to be compatible with the chosen
distance or the measure of dissimilarity (Kaski, 1997). For instance Giraudel and
Lek (2001) used the Whittaker’s relative transformation for absolute distance
(Whittaker, 1952), as suggested by Orloci (1978) in this way the learning rule
should also change as seen in table 3.

Table 3. The equation for selecting the BMUSs and the learning rules

Distance Learning rule

JJ 2

d(x,w,) = {z ('xj - W,,)zj| Wy (£ +1) = wy (1) + hy (Dx; (1) — wy (1]

j=! Euclidean learning rule
Euclidean

n X, X, _ Wik(t+1):Wilc(t)+hc’k(t)[xg(t)7M4k(t)]

DISUSU) =2 55 ST D = 0+ A, O3, 0, 0D

Whittaker Modified learning rule

In step 5, in the Euclidean learning rule the function hy(?) is the neighbourhood
function. During the learning process, the BMU defined in step 4 is not the only
updated unit. In the grid, a neighbourhood is defined around the BMU and all units
within this neighbourhood are also updated. Several choices can be made for the
definition of the neighbourhood function (see Kohonen, 2001). The most often
neighbourhood is the Gaussian function:
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h ()=alt)- —Hr"_r"z
a(B)=a(t)-exp Tz(t)

|[rk— ¢ || is the Euclidean distance on the map between the winning unit
VU, and each virtual unit VU,.
o is a decreasing function of time, which defines the width of the part of
the map, affected by the learning.
o is the ‘learning-rate factor’,
Both factors are decreasing functions of the time and converge towards 0. The
learning is broken down into two parts:

1. the ordering phase: during this phase, the virtual stations are widely
modified in a large neighbourhood of the BMU with large values of a and ¢

2. the tuning phase: when this second phase takes place, only the virtual units
adjacent of the Best Matching Unit are modified. This phase is much longer
than the former one and ¢ is decreasing very slowly towards 0.

It is recommended that the number of steps in the tuning phase has to be 500 times
the number of units in the output layer.

When the learning process is finished, a map with S hexagons is obtained and
in each hexagon, there is a virtual station in which the weights/species composition
has been computed.

Then, this map can be visualised in different ways:

e The sample units can be mapped. The BMU is computed for each sample

unit and label the corresponding hexagon.

e The species composition of each virtual unit can display the distribution of
each weights/species. The SOM map of the variables called component
planes

e The two presentations can be mixed to display the sample units and the
weights/species distribution on the same map.

Structuring index (SI)

In order to characterise the VU groups we used the Structuring Index (SI) which
was originally developed to define the species that show the strongest influence on
the organization of the SOM map (Park et al., 2005). Tison et al. (2004, 2005) used
the SI to evaluate relevant diatom species in the classification of diatom
communities. The set of species showing high SI can be considered as the indicator
species. Taxa showing strong gradient display have high SI values, whereas species
showing weak gradient present low SI values. Thus, the higher the value of SI, the
more relevant the variable is to the structure of the map. The index calculation
based on the weight vectors of the SOM see Fig. 3.
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s _/—1| W.—W. |
st =33 el
ity ey

This equation calculates the SI value,
where

w;; and wy, are the connection weights of
the i species in the SOM units,

||rj—rk|| is the topological distance
between units j and & ,

S is the total number of SOM output unit.

Fig. 3. topological distance of the SOM
output units used in the SI calculation

Then based on the SI value of each variable it is possible to order them by these
properties and select the ones with high values. These variables are responsible
mostly for the topology of the SOM therefore can regard as indicators. This is a
very useful function if we are working with large number of variables or species.
An example of the visualization can be seen in Fig. 4. On this example the data of
paper 1 were used. The two SOM component plane represent two variables one
(TIB) shows high gradient which expressed as colour gradient from red to blue, red
means high abundance of the given variable, whereas blue means low value. The
second variable (M) shows very small gradient distribution. These distributions are
also expressed in the SI index values.

800

700

Structuring Index
IS
o
o

@
=
S

N
=]
<3

=
15
S

TB Y WO D WL J C HL LOTDLM G SNTC P XI W2WS M s1

Codons

Fig. 4. The SI profile of a SOM map and the relevant component planes showing
high or low gradient distribution, values of the component planes are abundances
where red means high and blue express low values.
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Clustering of the SOM

The map obtained after the learning process of the SOM represents all the SU
assigned to neurons so that similar samples are located close to each other and far
from those dissimilar. However, it is not easy to distinguish subsets because there
are still no boundaries between possible clusters.

Therefore, it is necessary to subdivide the output neurons into different groups
according to their similarity.
One frequent clustering is based on the U-matrix algorithm (Ultsch, 2003), which
calculates the distance of a weight vector (w) to its neighbours in the SOM, and
displays the cluster structure of the map units. Supposing the map has a size of m
columns and n rows, the following value (M,,; U-matrix) is calculated for all
positions as

1 x+1 y+1

Mx,_v = E Z E ‘]'""x,_v ~Wab

a=x—1lb=y—1

where H is the number of neighbour units ranging from 2 to 6, depending upon the
location of the virtual unit. The values are rescaled between 0 and 1 for visual
comparison. The matrix presented as a grey-scaled picture based on the calculated
values: bright areas with low values depict short distances while dark areas with
high values represent long distances to the surrounding neighbours. High values of
the U-matrix indicate groups’ boundaries, while low values reveal groups
themselves as seen in Fig. 5.

Fig. 5. U-matrix of the SOM, darker cells indicate more distance between
neighbouring cells.

For clustering the SOM we can use several conventional clustering techniques
however in our work we used the K-means clustering technique. K-means
clustering is an algorithm to classify or to group objects based on attributes (in this
case species composition) into K number of group. The grouping is done by
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minimizing the sum of squares of distances between data and the corresponding
cluster centroid as the square error of each data point is calculated and clusters
reformed such that the sum of square errors is made to be minimum. Details of the
methodological background can be found in Vesanto and Alhoniem (2000) or
Beccaleti al. (2004).

For determining the suitable cluster size we used Davies-Bouldin Validity Index.
(Davies and Bouldin, 1979) This index is a function of the ratio of the sum of
within-cluster scatter to between-cluster separation, it uses both the clusters and
their sample means. The index calculated as follows:

1
DB =—

X

= — Sx r:Qa:l + 'sx (Qj)
Z I S[QE,QJ-J

where n - number of clusters, S, - average distance of all objects from the cluster to
their cluster centre, S(Q;0,) - distance between clusters centres. The ratio is small if
the clusters are compact and far from each other, consequently, Davies-Bouldin
index will have a small value for a good clustering.
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1.2 Ecological Databases

A database is a structured collection of records or data. The most commonly
used database model today is the relational model. The relational model was
introduced by E. F. Codd in 1970 (Codd, 1970) and make database management
systems more independent of any particular application. A relational database
contains multiple tables, which are connected to each others by relations.

The basic data structure of the relational model is the table, where information
is represented in columns and rows. Thus, the "relation" in "relational database"
refers to the various tables in the database; a relation is a set of tables. The columns
can be expressed as various attributes of the entity (sampling date, site name etc.),
and a row is an actual instance of the entity (like 2009.05.27., Concé, Acs).

One of the strengths of the relational model is that any value occurring in two
different records implies a relationship among those two records. It also minimizes

the redundant information.

There are three type of identifying parent-child relationships (Fig. 6.):
e 1:1 when the two table has the same unique key,
e 1:00 when the first table is connected to the second by a foreign key, thus
one table has many instances on the other, practically it occurs such in Fig.
6. when one Sampling location table has multiple
Sampling event phytobenton instance
e o000 when both tables have multiple instance in each other, like the

connection between sampling events and taxonlists
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Fig 6. The phytobenton database structure of the ECOSURV Project, which
represents the different connection types among tables and static and dynamic
variables.

Practically the oo:c0 or “many to many” connection is not exist in the most of
the database management software such as Access. So these features are solved by
tables called switchboard which contains foreign keys from both tables.

According to variable types there can be static and dynamic ones. Static
variables are like attributes of sampling sites (eg. site name GIS coordinates) or taxa
names, whereas dynamic ones are like attributes of sampling events (eg. sampling
date, substrate type) or species abundances which could change to survey to survey.
(Fig. 6.)

The author produces several ecological databases in connection to surface
water monitoring. One of the biggest achievements was the ECOSURV database,
which were used in Paper 5. The ECOSURYV was a PHARE project co-funded by
the EU and Hungary’s Ministry of Environment and Water, implemented by an
international consortium led by ARCADIS Euroconsult, was the first in the EU to
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provide a nation-wide overview of the ecological status of the water bodies.
Sampling and assessment methods have been selected for all biological elements
including fish, macrophyte, phytoplankton, phytobenton and macroinvertebrates.
(Arcadis, 2005) The final database contains 70 tables and thousands of individual

records. Some form of the database can be seen in Fig. 7.
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Fig. 7. Selected forms from the ECOSURYV database, a, Chemical sampling
events form; b, hydromorphological information; ¢, Sampling locations form; d,
Data export form.
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Results
“although our results are in contradiction with the hypotheses and
statistically not significant, but from the figures its clearly visible ...~
Paper 1.

The phytoplankton database of the Middle Danube Basin was analysed and
evaluated in order to describe the characteristics algal assemblages of the rivers.
The dataset were extracted from the database of the Hungarian monitoring network
and academic institutions. The database which has been included in the analysis
contains the results of 1897 phytoplankton investigation from 189 locations.
Implementing the SOM method we can identify the different algal communities

which characterise different river types.
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Fig. 9. The distribution of the different codons
according to the SOM clusters, in percentage of
the total biomass.

Fig. 8. Clusters of the SOM based on
codon abundances
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The algal communities were described as different ratios of algal functional
groups. Since some of the groups are in close relation with certain types of
environmental pressure it is also possible to highlight those rivers or river sections
(or those periods) which are far from the expected good ecological status. We
identified eight clusters or river types. (Fig. 8.)

Type L. This is the most frequent phytoplankton type which is representative
for the upper section of rivers. The dominant codon is the TB (bentic diatoms) with
more than 70 % of the total biomass abundance (Fig. 9.). This association has no
seasonal preference. The most frequent taxa are Nitzschia palea, Nitzschia
fonticola, Navicula capitatoradiata, Surirella brebissonii, Diatoma vulgaris.

Type II. Members of the TB group are dominating type 11 (Fig. 9.) but the
elements of the Wo and W1 functional groups (Chlamydomonas reinhardtii,
Euglena spp.) indicate organic pollution. This type is also characteristic for
upstream sections of rivers. Only a slight seasonal preference for early spring and
autumn can be found.

Type I11. This is typical plankton of small rivers with the dominance of TB and
D (Fig. 9.) codons. This assemblage occurs on those river sections where the
retention time due to hydro-morphological changes or upper stream reservoirs
enables real phytoplankton to develop.

Type IV. This association can be referred to as "Danube type" summer
plankton. The most important codons are D, J and C (Fig. 9.). Dominant species of
this association are Stephanodiscus hantzschii, Cyclotella comta Skeletonema
potamos and Nitzschia acicularis from codon D, Cyclotella meneghiniana from
codon C, and Scenedesmus species from codon J. However, the favourable season
of this type is the early summer (Fig. 10). Certain species such as Stephanodiscus
invisitatus could bloom however, in the Danube during winter (Kiss and Genkal,

1993).
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Type V. This type could be mainly found on the lower section of the river
Tisza with the dominance of Y codon (Fig. 9.). Cryptomonas reflexa, C. marssonii,
C. rostratiformis, Rhodomonas minuta become dominant in this section.
Development of this association is absolutely independent from the seasons. (Fig.
10.)

Type VI. The characteristic functional group of type VI is Wo (Fig. 9.). The
dominance of this group is due to very strong organic pollution. Chlamydomonas
spp., Euglena viridis, Polytoma wuvella, Spermatozopsis exultans are typical
elements of this assemblage. This type of plankton is usually dominant in winter
and early spring (Fig. 10.)

Type VII. This type is a mixture of a very divers association with the presence
of relatively rare groups like Lo, HI, L,, S, (Fig. 9.). The occurrence of this type is
expected in slow flowing channels and small rivulets in late winter and summer.
The bimodal character of the type VII is cause by the Lo functional group. This
plankton type frequently occurs in the summer epilimnion of lakes (Reynolds et al.,
2002). Several dinophytes, however, can be important members of the winter
phytoplankton (Grigorszky et al., 1998). Therefore it would be necessary to
separate certain oligotherm Peridinium tax

Type VIII. The dominant codon of this type is the W1 (Fig. 9.) which is
according to Reynolds characteristic for small organic pools. Frequent taxa are the
metaphytic Phacus and Trachelomonas spp. This type is typical in slow-flowing
rivulets and channels which are under the risk of organic pollution and have rich

macrophyte vegetation. Development of this type is expected in summer.
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Paper 2.

In this paper the investigation of the benthic diatom flora of the River Danube
is presented. The investigations include samples from the source streams to the end
of the Hungarian stretch during a three years period. Characteristic diatom
assemblages were established using SOM algorithm.

K-means clustering of the SOM allocated 5 different sample groups (clusters) (Fig.
11a). With few exemptions, the first, second and third clusters fell in the German-
Austrian stretch, whereas the fourth and fifth clusters fell in the Slovakian-
Hungarian stretch. Temporal differences were less pronounced: the five clusters
were mainly organized by the sampling localities. The first cluster was formed by
some sampling points scattered along the German and Austrian stretches, including
the tributaries Enns and Lech. The second cluster comprised the sampling points
around the source of the Danube such as the Breg and Brigach sources and streams,
the first stretch of the River Danube after the fusion of Breg and Brigach,
furthermore the tributaries Ipel, Morava and Garam. The third cluster was formed
by the sampling sites on the lower part of the Austrian stretch. The fourth cluster
was mostly built up by Slovakian, and the fifth by the Hungarian sampling sites,
although the clustering is not perfectly unambiguous.

The character species of the five sample clusters were defined (Fig.11a.). We found
that the clusters 1 and 2 were characterized by Achnanthidium minutisimum
(AMIN), Denticula tenuis (DTEN), Nitzschia fonticola (NFON), Psammothidium
bioretii (ABIO), Melosira varians (MVAR), Planothidium subatomoides (ASAT).
The character species of cluster 3 is Amphora pediculus. (APED), while character
species of the clusters 4 and 5 are Nitzschia dissipata (NDIS), Navicula
cryptotenella (NCTE), Cocconeis placentula var. euglypta (CPLA), Rhoicosphenia
abbreviata (RABB), Nitzschia inconspicua (NINC)(Fig. 11b.). However, not all of
these species had equally high SI values. Thirteen species had higher SI values,

these were Amphora pediculus, Achanthidium minutissimum, Cocconeis placentula
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var. euglypta, Nitzschia inconspicua, N. dissipata, Denticula tenuis, Rhoicosphenia
abbreviata, Navicula tripunctata (NTPT), Navicula cryptotenella (NCTE),
Staurosirella pinnata (FPIN), Nitzschia fonticola (NFON), Melosira varians and
Nitzschia amphibia (NAMP).

Considering the average relative abundance values of the character species of
the five cluster groups it is obvious that the main difference between the cluster
groups is not so much the species composition, but rather the different relative
abundance ratios of the different species in the different clusters. This arrangement
is also well in agreement with the poorer water quality of the lower, and the better

water quality of the upper stretch.
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Fig. 11. a, Clusters of the sampling site by K-means clustering of the SOM. b, Individual
SOM maps of the characteristic species. Scale bars showing the species calculated

abundances by the learning process of the SOM in percentage. Abbreviations of the species
can be found in the text.
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Paper 3.

The periphyton of the Lake Velencei which is a diverse and dense community were
investigated in this article. The main interest was to distinguish the differences of
periphyton communities according to the different substrate type.
More than 120 algal species were found in this study, most of them are diatoms.
According to the SOM analysis based on algological data (species composition
and their abundance), samples of different substrata formed two distinctive groups.
Old reed (OR), andesite (A) and granite (G) were grouped together, respectively,
and polycarbonate (PC) and green reed (GR) clearly separated from the other three
in May (Fig. 12.). Achnanthidium minutissimum and Navicula cryptotenella, a
pioneer colonist diatom species were found to be vigorously dominant on all
substrata.
In November, based on the SOM analysis,
granite and andesite come together with green
and old reeds comprised one group, plexi and
polycarbonate the other. These similarity was
due to the presence of A. minutissimum,
strongly dominating both plexi and
polycarbonate  substrata. Characteristic
species were also Fragilaria pulchella and
Nitzschia  perminuta for this type of
substrates, while for green and old reed a

clear gradient of increasing of Nitzshia palea

and Gomphonema olivaceum var. olivaceum
can be viewed from the SOM component
planes. (Fig. 13.)

Fig. 12. Clustered SOM based on species composition, the last letter means the
month(may=M, November=N) The first letter represents the substrate (old
reed=OR, green reed=GR, granite=G, andezi t=A, polycarbonate=PC)
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Fig. 13. The component planes of the SOM, the vertical bars represent species abundances
in percentage. Achnanthidium minutisimum (AMIN), Cymbella affinis var. affinis (CAFF),
Cymbella cistula (CCIS), Cymbella lacustris (CLAC), Cocconeis placentula var. euglypta
(CPLA), Denticula tenuis (DTEN), Fragilaria pulchella (FPUL), Gomphonema olivaceum
var. olivaceum (GOLI), Navicula cryptocephala (NCRY), Nitzschia palea (NPAL),
Navicula permitis (NPER), Rhoicosphenia abbreviate (RABB).

SOM 17-Aug-2006

Paper 4.

Monitoring of the naturally occurring algal communities in rivers provide
data on species composition, species number, diversity, or quantitative occurrence
of the algae. Experts of administrative institutions who are responsible for water
quality management need simple numerical values rather than species lists or
scientific evaluation of the assemblages. Since up to now, little attention has been
attended to the application of the phytoplankton for evaluation of ecological state of

the rivers, the present study aims to show a new assessment method. The method is
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based on the functional group of algae, described for lakes by Reynolds (Reynolds ,
2002), represented in the potamoplankton and provides a single index number (Q).
The index has been tested on phytoplankton data of different rivers, and proved to
be more sensitive than the earlier used saprobic index.

To achieve an index, each species in the sample must be assigned to the
appropriate functional group. Then the relative share of each functional groups are
calculated. Relative shares are then multiplied by the factor number. The sum of
these scores is the index. The reference values of the upper river sections are close
to 5, while those of the lower river stretches are approximately 4. The method has
been tested with hundreds of phytoplankton samples, it is simple, and after applying
to a phytoplankton database can be computerised easily.

The new assessment method has been tested by using different datasets from
Hungarian rivers that contain phytoplankton data against the Pantle-Buck index
(Pantle & Buck, 1955), which is the officially accepted qualification method in

Hungary and several other countries in Europe.

Paper S.

In this study the results of the first nation wide survey of benthic river diatoms is
presented. The dataset is robust as the primary sources of uncertainty in diatom
training sets (choice of site and substrate for sampling, inter-operator differences in
diatom taxonomy and counting techniques (Besse-Lototska et al., 2006) were
eliminated as much as possible. Moreover, parallel with the diatoms, investigations
were made on other biological quality elements, including macro-invertebrates and
fish. In total, nearly 500 taxa were found in the 339 sites. This certainly does not
include all diatom taxa in the inland waters of a country like Hungary, which
probably has number between 1000 and 2000 'conservative' taxa. The present study
provided a relatively homogeneous diatom data set for the whole country, which is

lacking in most of the other European countries.
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Many of the diatom taxa were very rare and occurred only in one or in a few
samples. The commonest genera are Navicula (104 taxa), followed by Nitzsclzia
(go), Fragilaria (43), Achnanthes (41), Gomphonema (30) and Cymbella (26). The
most common taxa are listed in Table 2. The most common species, Achnanthidium
minutisimum, is also the most common freshwater diatom species in the world. The
majority of the other common taxa are characteristic of eutrophic, alkaline waters.
Some of these are tolerant to organic pollution (e. g. Gomphonema parvulum,
Nitzschia paleacea), others require cleaner waters (e. g. Achnanthes biasolettiana,
Gomphonema micropus). Meridion circulare is one of the very few diatom species
which are characteristic for running waters (Van Dam et al., 1994). Species from
acidic or oligotrophic waters are rare in the dataset: the most common one is
Eunotia bilunaris. The study shows that despite the intensive human use of over 90
% of the area of the country, natural variation is still the predominant factor
responsible for the composition of river diatom assemblages.

The diatom database used in the paper was part of the ECOSURV database. The
author of the theses was responsible for building the database structure as well as
providing the relevant data matrixes. The structure and the connection between the

tables involved in the analysis can be seen in Fig. 14.
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Fig. 14. The table structure of the diatom database used in the analysis in Paper 5.
The variables on the left side considered as static whereas on the rights side the

dynamic variables can be seen.

A better understanding of the relationships between diatom assemblages and

environmental factors (including stressors) will be gained by a more time-intensive

monitoring of selected stations in the present network.
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Summary

The need for better techniques, tools and practices to analyse ecological systems
within an integrated framework at wider scales has never been so great. The
biological monitoring of the water currents in Hungary provided large volume
datasets during the last years thanks to the EU Water Framework Directive (2000).

For easy handling the data of the monitoring it is essential to store them in an
appropriate ecological database. This database should be capable of the storage of
relevant static and dynamic variables from the ecosystems and should also allow the
production of matrix inputs for ecosystem analysis. In case of large volume of data,
the traditional multivariate statistical methods like cluster analysis and ordination
are difficult to interpret and present the information. Self Organizing Map is a novel
approach for the visualization of high-dimensional data.

In the theses I described in details the SOM algorithm as well as the basic
structure of an ecological database. By combining the database structures and the
SOM algorithm we were able to characterize frequent Hungarian running water
types according to their characteristic phytoplankton assemblages.

I constructed the phytoplankton and phytobenton database which is presently in
use in the environmental authorities, and is concerned as National Database.

By the application of SOM methods we characterized the upper Danube section
based on their characteristic diatom communities, and described the differences and

similarities of the periphyton of the Lake Velencei on different substrates.
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Osszefoglalas

A doktori értekezés elé6zményei és célkitiizései;

A 2001-ben bevezettet EU Vizkeretiranyelv, melynek célja a felszini és felszin
alatti vizek jo 6kologiai allapotanak elérése 2015-re, tobb élolénycsoport rendszeres
monitorozasat irja eld, mely tevékenység nagy mennyiségli Okoldgiai adatot
eredményez. A rendszeres adatgylijtés és az igy keletkez6 adatok adatbazisba
rendezése nemcsak a strukturalt adatfeldolgozast teszi lehetévé, hanem az adatok
kiértékelésében is nagy szerepet kap. A benne tarolt adatok élettartama nemcsak a

vizsgalat idejére korlatozodik, igy azok a késobbi elemzésekben is részt vehetnek.

Az okologiai folyamatok tér és iddbeli Osszetettsége, a fajok és a kdrnyezeti
valtozok kozotti nem linearis kapcesolat €s a valtozok normalitasanak hianya komoly
kihivast jelent az adatfeldolgozasban és az okologiai folyamatok feltarasaban. A
mesterséges neuralis haldzatok vonzd alternativ eszkdzzzé valtak az Okoldgiai
adatelemzés soran, mert szamos elényds tulajdonsaggal rendelkeznek, mint példaul
a nem-linearitas, adaptivitas, altalanositas és modell fiiggetlenség (nem sziikséges a-
priori modell). A neuralis halozatok alkalmazasa, - bar mar az 1950-s években
megtorténtek a kezdeti 1épések - csak az utdbbi évtizedekben terjedt el és valt az
Okologusok altal is hasznalt statisztikai eszkoztar részévé. A neuralis haldzatok erds
¢és hathatos segitséget nyujtottak az 6koldgiai modellezésben, osztalyozasi feladatok

megoldasaban és a mintazatelemzések soran (Paisley et al., 2003).

A neuralis halozatokat szamos hidrologiai és hidrobioldgiai kutatdsban sikerrel
alkalmaztak; igy példaul a vizmindségi paraméterek modellezésében (e.g. Daniell
and Wundke, 1993; Lachtermacher and Fuller, 1994; Schizas et al., 1994; Kaluli et
al., 1998; Wen and Lee, 1998) vagy az €l61énykozosségek és a kornyezeti valtozok



Neural networks in ecology 32

kozotti Osszefliggések vizsgalataban (e.g. Chon et al., 1996; Lek et al., 1996;
Recknagel et al., 1998; Guegan et al., 1998; Lee et al., 1998; Maier et al., 1998).

Nagymennyiségii adat elemzésénél a hagyomanyos tobbvaltozos elemzések
szamos esetben nehezen értelmezhetdk és eredményik nem jelenitheték meg
kozértheté formdban. A Kohonen-féle Onszervezd Térkép Modszer egy olyan
neuralis halozati tipus, amely lehetové teszi nagymennyiségii, Osszetett, (tObb
dimenzios), adatok elemzését és értékelését. A Teuvo Kohonen altal kifejlesztett
modszer a dimenzié csokkentése révén a kiindulasi adatmatrixot kétdimenzids
hexagonalis térképre képezi le, megdrizve a kiindulasi adatok topologiai és metrikai
sajatsagait (Kohonen 2001). A mddszer legfobb erénye az adatok szemléletes

megjelenitése (Vesanto and Alhoniemi 2000).

Anyag és médszer

A statisztikai elemzések elvégzéséhez az oOnszervezd térkép (SOM) algoritmust
hasznaltuk. Az algoritmus lehet6vé teszi nagy adatbazisok sokdimenzids adatainak
leképezését kétdimenzios hexagonalis térképpé. Az egymashoz kozeli térkép
egységek (neuronok) ugy helyezkednek el a végsd térképen, hogy az egymashoz
hasonlo tulajdonsaggal rendelkez6 neuronok egymas kdzelében, mig a kiilonbdzéek
a térkép tavolabbi pontjain helyezkednek el. A SOM a mintakat és a valtozokat
egyidejiileg is képes megjeleniteni, s ugyanakkor a valtozok fontossagat is
meghatarozhatjuk. (Kohonen, 2001). Az értékelés soran a SOM Toolbox modult

(http://www.cis.hut.fi/projects/somtoolbox) és a MATLAB™ fejlesztéi kornyezetet

hasznaltuk.
A SOM neuralis haléozat a nem-ellenérzott tanulasi tipust  halozatok
paramétert, a csoportok képzését az algoritmus 6nnalldan végzi. Maga a halozat

egy bemeneti (input) és egy kimeneti (output) rétegbdl all. A bemeneti réteg
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tartalmazza a mintaegységeket (SU), a kimeneti réteg a virtualis egységekbol
(VU) vagy neuronokbol all. A kimeneti réteg neuronjai a bemeneti réteg
sulyvektorainak megfelel6 mintazatot vesznek fel egy tanulasi folyamat soran.
Ez okologiai analogiara leforditva annyit tesz, hogy a kiindulasi
mintavételekhez (SU) tartozé faj-abundancia viszonyokra jellemzé lesz a végsé
SOM térkép neuronjainak stlyfaktora, azaz minden egyes neuron egy egy
virtualis faj abundancia listaval fog rendelkezni. Az eljaras kelléen robosztus,
lehetdvé teszi tobb ezer mintavételi egység siiritését néhany virtualis neuronba.
A végsdé SOM térkép leggyakoribb abrazolasi médja a hexagonalis racs (Fig.
2).
A SOM algoritmusat az alabbik szerint adhatjuk meg:
e 1. l1¢épés: Ciklus t=0, a virtualis egységet (VU,) inicializaljuk, a sulyokat
(w) az input adatokbol toltjiik fel.
o 2. 1épés: Egy mintacgységet kivalasztunk (SUj) véletlenszeriien
e 3. 1épés: Egy megfelel6 metrika segitségével meghatarozzuk a SU; és
az Osszes VU, kozotti tdvolsagot.
o 4. lépés: A SUj-hez legkdzelebbi VU, lesz a gyOztes neuron, ez a
neuront Legjobban hasonlit6 egységnek (BMU) nevezziik
o 5. Iépés: A virtudlis egységek VU, sulyfaktorai a tanulasi szabaly
alapjan modosulnak, ugy, hogy az 0j faktorok a SU; bemeneti

vektorahoz hasonlitsanak.

6. 1épés: Ujabb ciklus kezdddik t+1, amig t <t,., addig 2. 1épésre 1ép; a
ciklus akkor fejezddik be, ha eléri a kivant szamu ismétlést .
Az elsé Iépésben a felhasznal6 donti el a térkép méretét. A kimeneti réteg

neuronjainak oiptimalis szama az alabbiak szerint szamolhat6 (Vesanto, 2000)
Nn=35,/SU,

Ahol Nn a neuronok szama a végsoé térképen és SU, a mintavételi egységek szama.

A 3. 1épésben a leggyakrabban hasznalt tavolsag metrika az Euklideszi.
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Az 5. Iépésben Euklideszi tanuldsi szabaly hy(#) valtozoja a szomszédsagi
fliggvény. A 4. 1épésben kivalasztott BMU neuron nem az egyetlen, amelynek
vektorait modositjuk, hanem a szomszédos neuronok is modosulnak. A

leggyakrabban hasznalt szomszédsagi fliggvény a Gauss féle:

-

2
h, (1) =a(t)- exp[ 20_2(;)]
||lrk — 1 ||: az Euklideszi tavolsag a gyoztes neuron VU, és a térkép tobbi neuronja
VU, .kozott,
o: idoben csokkend faktor azt hatarozza meg, hogy a térkép mekkora része érintett a
tanulasi folyamatban,
a: a tanulasi faktor. Mindkét faktor id6vel csokken, és nulladhoz konvergal.
A SOM jellemzésére és a karakterfaj elemzések soran a strukturalis indexet (SI)
hasznaltuk. Az index azt mutatja meg, hogy az egyes valtozok (sulyfaktorok)
milyen mérétékben felelések a SOM térkép topoldgiajaért (Park et al., 2005). Azok
a valtozok (esetiinkben fajok) amelyek nagyon erés gradiens eloszlast mutatnak,
nagy Sl index értékkel rendelkeznek, karakterfajoknak tekinthetok. Az SI értékét az

alabbiak szerint szamolhatjuk:

ahol wy és wy az i faj stlyfaktorai,
||rj—rk|| a topologiai tavolsag a térkép két j és k neuronja kozott,
S a SOM térkép neuronjainak szama.

Az algoritmus eredményeképpen kapott térkép neuronjait a kiindulasi
mintaegységekkel megfeleltethetjilk és abrazolhatjuk. Bar az egymashoz hasonlo
mintak egymas kozelében helyezkeden el, a mintacsoportok elkiilonitése nem
minden esetben egyértelmdi.

A mintacsoportok elkiilonitésére szamos lehet6séglink van. Hasznalhatunk

hagyomanyos klaszterezési technikat. Mi az elemzések soran a szakirodalom 4altal
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ajanlott k-atlag modszert hasznaltuk. A megfeleld clusterszam meghatarozasa a

Davies-Bouldin indexet felhasznalasaval tortént (Davies and Bouldin, 1979)

Az okolégiai adatbazis az adatok illetve rekordok stukturalt Osszessége.
Napjainkban a leggyakrabban hasznalt adatbazis modell a relaciés adatmodell. A
relacié nem mas, mint egy tablazat, a tablazat soraiban tarolt adatokkal egyiitt. A
relaciés adatbazis, pedig a relaciok Osszessége. Ennek alapstruktiraja az adattabla,
amely sorokbdl (rekordok) és oszlopokbol (mezdk) all. A relaciok vagy kapcsolatok
az adatbazis tablai kozott allnak fenn. A tablak oszlopai vagy mezdi az adatok
tulajdonsagai, pl. mintavételi hely neve, mintavétel datuma, a sorok vagy adatok
pedig a konkrét értékeket taralmazzak pl. 2009.05.27., Conco, Acs

A relacios adatbazis elénye, hogy minimalizalja a tarolt redunddns informaciot,
ezaltal csokkenti az adatbazis méretét és az egyszerre kezelt adatok mennyiségét,
valamint a kapcsolatok révén barmely mez6 szerinti lekérdezét ill. csoportositast

lehet6vé tesz.

Eredmények

A disszetacid o0t tudomanyos kozleményt tartalmaz. A disszertacioban
részletesen bemutattam a SOM algoritmusat, valamint az Okologiai adatbazis
szerkezetét. A megfeleld adatszerkezet és a SOM statisztikai modszer segitségével
lehetévé valt magyarorszagi folyoviz tipusok jellemzése a fitoplakton kozdsségek
alapjan.

Létrehoztam egy fitoplakton és egy fitobenton adatbazist amelyet jelenleg is
hasznalnak a Kornyezetvéfelmi Feliigyeldségek és ezek részei az orszagos

monitoring haldzatnak is.
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A SOM modszer segitségével jellemeztem a fels6 Duna szakasz diatoma
kozosségeit €s a Velencei tavi, kiillonbozé aljzaton eléforduld perifitonjanak

sajatossagait.

Folyovizi fitoplankton kozosségek
Use of Self-Organizing Maps (SOM) for characterisation of riverine
phytoplankton associations in Hungary, (Varbiro et al., 2007) 1.

A célkitlizésiink az volt, hogy a magyarorszagi folyovizek jellemzd fitoplakton
kozosségeit a meghatarozzuk és jellemezziik. Az adatsor a magyarorszagi
monitoring halozat adatait tartalmazta és ezen adatok adatbazisba torténd rendezése
utan valt értékelhetoveé.

Az elemzésben hasznalt adatbazis 1897 mintavétel adatait tartalmazta 189
mintavételi hely esetében. A SOM moddszer segitségével nyolc folyoviztipust
lehetett elkiiloniteni. Minden tipusra meghataroztuk a dominans fitoplakton
kozosséget és jellemeztiik az egyes csoportokat. A fitoplakton taxonokat a Reynolds
féle kodonbesorolas alapjan elemeztiik (Reynolds, 2002). Néhany csoport szoros
Osszefiiggést mutatott a kornyezeti valtozokkal és Iehetdvé valt azon
folyoszakaszok illetve fitoplakton kozOsségek meghatarozasa, amelyek nem
megfelel6 6kologiai allapotot jeleznek.

Az éltalunk meghatarozott folyovizi fitoplankton tipusok (2. abra):

L. tipus A folyok felsé szakaszaira legjellemzobb tipus a TIB kodon (bentikus
kovaalgak), gyakran 100% abundanciaértékkel. Leggyakoribb taxonok a Nitzschia
palea, Nitzschia fonticola, Navicula capitatoradiata, Surirella brebissonii, Diatoma
vulgaris.

II. tipus Ebben a tipusban is a TIB csoport dominal, de jelentés aranyban jelen
vannak a szerves szennyezésre utaldo W0 és W1 funkcionalis csoportok fajai

(Chlamydomonas reinhardtii, Euglena spp.).
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II1. tipus Ez a tipus a kisebb folyokra jellemz6, ahol a viz tartdozkodasi ideje,
hidromorfologiai beavatkozasok miatt megné és lehetdvé teszi valodi plankton
kialakulasat. Jellemz6 kodonok a TIB és a D csoportok.

IV. tipus Ez a tipus a Dunara jellemzd plaktontipus. Jellemz6é kodonok a D, J
és a C. Dominans fajok a D kodonba tartozd Stephanodiscus hantzschii, Cyclotella
comta Skeletonema potamos és Nitzschia acicularis, a C kodonba tartozé Cyclotella
meneghiniana és a J kodonba tartozo Scenedesmus fajok.

V. tipus Ebbe a tipusba a Tisza alsé szakasza tartozik. A dominans kodon az Y,
jellemzé fajok a Cryptomonas reflexa, C. marssonii, C. rostratiformis.

VI. tipus Ebbe a tipusba a szerves szennyezéssel terhelt vizek tartoznak. A
terhelést jellz6 WO kodon dominal, jellemzo fajok Chlamydomonas spp., Euglena
spp., (Polytoma uvella, Spermatozopsis exultans.)
relativan ritka kodon fordul el6 benne, példaul LO, HI, L, S. Szezonalisan bimodalis
eloszlas jellemzi, azaz a nyari és a téli vegetacidos periddusban is dominansa
valhatnak a H1 masrészt az LO (Dinofita) funkcionalis csoportok fajai.

VIII. tipus A W1 kodon dominancidja jellemzi ezt a tipust, amely Reynolds
szerint a kis szerves tavak jellemzdé plantkonja. Gyakori taxonok a metafitikus
Phacus és Trachelomonas fajok. Ez a tipus a dis novényzettel bendtt csatornakra

jellemzd, tipikusan a nyari vegetacios peridodusban eléforduld asszociacio.

A Duna bentikus kovaalga floraja
Use of Kohonen Self Organizing Maps (SOM) for the characterisation of
benthic diatom associations of the River Danube and its tributaries. (Varbiro

etal., 2007)

Ebben a cikkben a Duna fels¢ szakasza, bentikus kovaalga florajanak

bemutatasa tortént meg.
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A mintavételi helyek a Duna forrasatol a Magyarorszagi szakaszanak végig
terjedtek és harom éves periodust oleltek fel. A jellemzd kovaalga kozosségeket
SOM moddszer segitségével hataroztuk meg. Az elkésziilt SOM térképet k-atlag
klaszterezési eljarassal 5 klaszterre kiilonitettiik el. Néhany kivételtdl eltekitve az
els6 harom klasztercsoportba a Német-Osztrak Duna-szakasz keriilt, a 4. és 5.
csoportok a Szlovak-Magyar szakaszra estek. A mintavételek id6beni kiillonbsége
nem volt szadmottevd. A klaszterek a mintavételi helyek szerint alakultak ki. Az 1-2.
klaszter karakterfajai, melyet a strukturalis index segitségével hataroztunk meg:
Achnanthidium minutisimum, Denticula tenuis, Nitzschia fonticola, Psammothidium
bioretii, Melosira varians, Planothidium subatomoides. A 3. klaszter karakterfaja az
Amphora pediculus, mig a 4-5. klaszteré a Nitzschia dissipata, Navicula
cryptotenella, Cocconeis placentula var. euglypta, Rhoicosphenia abbreviata,

Nitzschia inconspicua voltak.

Aljzat szerepe kovaalga kozosségek kialakulasaban
Comparative algological and bacteriological examinations on biofilms

developed on different substrata in a shallow soda lake (Acs et al.,2008)

A felmérés a Velencei to gazdag perifiton kozossének vizgalatara irdnyult. Arra a
kérdésre kerestitk a valaszt, hogy meghatarozzuk az eltérii aljzatokon el6fordulod
kovalaga kozosségek Osszetételét.

A SOM analizis alapjan a kovalga kozzosségek abundancia viszonyai a majusi
mintavételek esetén két csoportra kiilonithetok el. Az avas nad, az andezit és a
granit aljzatok alkottak egy csoportot, a z6ld nad és a polikarbonat pedig egy
masikat. Az Achnanthidium minutissimum ¢és Navicula cryptotenella, mint pionir
kovaalga kolonista fajok, erételjesen meghatarozok voltak valamennyi aljzat esetén.

Novemberben a SOM analizis alapjan az avas és a z0ld nad az andezit és granit
aljzatal alkotott egy csoportot, mig a polikarnonat a plexi aljzattal. Ez a hasonldsaga

az Achnanthidium minutissimum, fajnak volt kdszonhetd, ami az utobbi két
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szbsztraton dominalt. Tovabbi jellemz6 fajok voltak még a Fragilaria pulchella és
a Nitzschia perminuta. A z0ld és avas nad jellemzd bevonatalgdi a SOM
komponens térképek alapjan a Nitzshia palea és a Gomphonema olivaceum var.

olivaceum voltak.

Folyodvizek fitoplakton alapti mindésitése
A new evaluation technique of potamoplankton for the assessment of the

ecological status of rivers.(Borics et al., 2007)

A folyovizek fitoplaktonjanak monitorozasa soran a természetes
algak6zosségek fajszamarol, fajosszetételérol, diverzitasardl nyeriink informaciot.
Azon szakemberektdl akik, a vizmindség védelem teriiletén dolgoznak nem varhaté
el, hogy tudomanyos részletességii eredményekbdl €s fajlistakbol hamozzak ki a
megfeleld informaciot. Szadmukra jol értellmezhetd, egyszerli indexeket kell
kidolgozni.

Egészen napjainkig kevés sikeres probalkozas iranyult arra, hogy a folyovizek
okologiai allapotat a fitoplankton alapjan értékeljiik. Jelen tanulmanyukban egy
olyan értékeld rendszert mutatunk be, amely a folyovizek algaflorajan alapul.

A modszer az eredetileg allovizekre kidolgozott fitoplakton funkcionalis
csoprtokon alapul (Reynolds, 2002). Az értékelés eredményeként egyetlen
szammal, Q index, jellemezziik a vizek 6kologiai allapotat. Az indexet kiillonboz6
magyarorszagi viztesten teszteltik és joval érzékenyebbnek bizonyult, mint a

korabban hasznalt szaprobitasi index.

Magyarorszagi felszini vizei 6kologiai allapotanak attekintése bentikus
kovaalga kozosségek alapjan
Implementation of the European Water Framework Directive: Development
of a system for water quality assessment of Hungarian running waters with

diatoms (Van Dam et al., 2007)
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Ebben a cikben az els6 orszagos kovalga felmérés eredményei keriiltek
bemutatasra. Az adatsor megfeleléen robosztus volt, mert mind a mintavételi, mind
a mintafeldolgozasi, hatdrozaési €s szamolasi hibakat a lehetd legminimalisabra
csokkentettiik.

Ezen feliil a diatoma vizgalatokkal parhuzamosan mas, a Vizkeretiranyelv hatalya
ala tartozo biologiai minpdségi elem (halak, makroszkipikus vizi gerinctelenek,
fitoplakton, makrofita) vizsgalatara is sor Kkeriilt, valamint kémiai és
hidromorfoldgiai felmérés is késziilt. Kozel 359 kovalga taxon keriilt €16 a vizsgalt
339 mintavételi helyrol. A leggyakoribb genus a Navicula (104 db faj) volt , amit a
kovetett a Nitzsclzia (80), Fragilaria (43), Achnanthes (41), Gomphonema (30) €s
Cymbella (26). A leggyakrabban el6forduld taxon az Achnanthidium minutisimum
volt, amely a leggyakroibb diatoma taxon a vilagon. A legtobb elékeriilt taxon a
meszes, eutrof vizekre jellemzd. Szdmos a szennyezésre tolerans faj is eléfordult
(pl. Gomphonema parvulum, Nitzschia paleacea), de a szennyezéstdl mentes
vizeket jelz6 fajok is eldkeriiltek (pl. Achnanthes biasolettiana, Gomphonema
micropus). A Meridion circulare a kevés tipikusan folyovizre jellemz6 kovaalga
egyike, szintén jellemz6 volt a mintdkban (Van Dam et al.,, 1994). A savas és
oligotrof vizekre jellemz6é fajok ritkan keriilte eld pl. Eunotia bilunaris. Az
adatelemzésben felhasznalt kovalaga adatbazis az ECOSURY project adatbazisanak
része.

Ezen adatbazis képezi az alapjat a jelenleg az orszdgos monitoring halozat altal

hasznalt mindsitd és adattarold rendszereknek.
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