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Abstract—A general approach to assessing the anthropogenic impact on lake ecosystems is proposed and
exemplified for the case of Lake Shira (Republic of Khakasia, Russia). The impact strength is estimated by
applying neural network—based methods to samples of data on interdependent marking features of autochtho-
nous and allochthonous bacteria isolated from the lake in 1997-2001. The proposed combination of analysis
methods makes it possible to determine the state of an ecosystem from both small- and large-size samples of

data having complex interrelations.
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The increasing anthropogenic impact on natural
ecosystems makes their preservation a topical problem
that can hardly be solved unless methods of monitoring
their condition are developed. In this work, we present
results of processing experimental data to assess the
condition of an aquatic ecosystem of Lake Shira
(Republic of Khakasia, Russia), used as an example.

The highly mineralized Lake Shira is one of the
larger water bodies in the Russian Federation and is
well-known for its unique healing power. Being a
highly popular tourist site and a health resort, this lake
needs to be monitored for anthropogenic impact on its
ecosystem. In our previous studies, it was established
that multiple antibiotic resistance exhibited by het-
erotrophic bacteria from this lake can serve as a marker
for anthropogenic impact on its ecosystem and be used
to monitor its ecological condition [1, 2].

An important issue in monitoring anthropogenic
impact on natural ecosystems is the choice of methods
to assess the strength of this impact. In most cases, stan-
dard mathematical methods are employed to formulate
and analyze models that can range from simple differ-
ential equations to fairly complex sets of equations.
Even with a large dataset, however, a researcher may
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fail to establish a link between features of the object at
hand and the environmental factors giving rise to these
features. A solution to this problem can be found in
employing a neural network-based approach to analyze
experimental data.

Neural networks represent a thriving and highly
promising field of mathematics and computer science.
The term “neural network” was borrowed from biol-
ogy: the structure and operational rules of artificial neu-
ral networks are similar to those of the neural networks
of the brain. An important advantage of the neural net-
work approach consists in its ability to handle some
extremely complex problems that are impossible or
very difficult to solve by conventional mathematical
methods [3-8].

Under conventional approaches, an algorithm to
solve the problem that a researcher has to come up with
will most likely consist of a long sequence of mathe-
matical operations, which will inevitably include a
multitude of errors that are hard to eliminate. Unlike
conventional mathematical methods, approaches based
on neural networks are free from this shortcoming
because the problem is solved by training a neural net-
work. In many instances, neural networks prove a more
efficient instrument for tackling complex problems
such as forecasting, classification, approximating com-
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Fig. 1. Diagram of an artificial neuron as conceptualized in
artificial neural networks.

plex functions, image recognition, etc. Neural networks
can also be applied to great advantage in information
processing and modeling of biological processes.

The goal of this work consisted in developing a neu-
ral network-based method for estimating the level of
anthropogenic impact on Lake Shira from data samples
with complex interdependencies.

MATERIALS AND METHODS

The objects of study were heterotrophic bacteria
isolated from various zones of the brackish water Lake
Shira in 1997-2001. Samples of water were plated onto
agarized medium M9 modified by the addition of pep-
tone and containing (per liter of distilled water)
Na,HPO,, 6 g; KH,PO,, 3 g; NaCl, 3 g; NH,Cl, 1 g;
peptone, 5 g; and agar—agar, 20 g. Upon autoclaving,
MgSO, (20% solution), 1 ml; CaCl, (0.5% solution),
1 ml; and glucose (20% solution), 10 ml were sterilely
added to the medium [9]. In order to isolate nonhalo-
philic and halotolerant heterotrophic bacteria, medium
M9 with peptone was supplemented with sodium chlo-
ride in concentrations of 0.5, 50, and 100 g/I.

Determining antibiotic resistance of bacteria.
The antibiotic resistance of the isolated bacteria was
determined on agarized medium M9 with peptone con-
taining two antibiotics with different mechanism of
action: ampicillin (inhibiting cell wall synthesis) and
kanamycin (inhibiting protein synthesis). These antibi-
otics were added to the medium upon autoclaving at
concentrations of 50 pg/ml. The antibiotic resistance in
heterotrophic bacteria was determined from the num-
bers of bacteria (1) resistant to ampicillin, (2) resistant
to kanamycin, (3) resistant both to ampicillin and kan-
amycin, and (4) susceptible to antibiotics.

Brief description of neural networks. Most often,
artificial neural networks are designed in the form of
computer programs that implement certain mathemati-
cal algorithms. Let us now consider a simple example
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of a neural network. Mathematically, artificial neural
networks are composed of artificial neurons (Fig. 1)
described by algebraic equations. Each neuron in the
network has several inputs (x;—x,), whose number can
vary depending on the specifics of the task, and only
one output Y. The term input of the neural network
refers to the inputs of the constituting neurons that
receive the input data. The term output designates out-
puts of the neurons that represent the obtained results.
Mathematically, the inputs are characterized by
numeric factors (w;—w,) in the algebraic equations
(Fig. 1), while outputs are solutions to these equations.
The values of experimental data fed to the network
input are multiplied by the corresponding weights and
then summed up. In some neural algorithms (i.e., math-
ematical algorithms describing training and operation
of neural networks), the obtained net inputs are further
modified by a simple nonlinear transfer function, the
same for all neurons. The neuron’s output value (a solu-
tion to the algebraic equation) is fed as input to several
other neurons, or represents the output of the neural
network. The values obtained as the neural network’s
outputs are the obtained solutions to the given problem.
In order to solve the problem, the network first has to be
trained.

The training of an artificial neural network to solve
a particular problem consists in adjusting the scalar
weights of its interneuron connections by a special
algorithm. Upon the completion of training, the neural
network is ready for use. The result of training is cap-
tured in the weight matrix of neuron interconnections.

In order to train a neural network, one must have a
comprehensive sample of source data, reflecting gen-
eral patterns of their change. A trained neural network
has a high processing speed and, if needed, can be fur-
ther trained when new experimental data become avail-
able.

Network training algorithms. Two types of neural
network training algorithms were used in this work.
The first one, a dual functioning algorithm [11],
belonging to the class of supervised training algo-
rithms, is a generalization of the well-known error
back-propagation algorithm [12] implemented in the
MODEL program [6]. In terms of its capacity, this algo-
rithm [11, 12] is second only to the self-adaptation
algorithm [13]. To use the dual functioning algorithm,
one needs to compile a table of “examples” of problem
solutions. Each row of such a table contains an instance
of experimental data and the required response of the
neural network. The second algorithm of neural net-
work training that we used was Kohonen’s self-organiz-
ing feature maps [7]. This algorithm belongs to the
group of unsupervised training algorithms and allows
experimental data to be classified without providing
any classification examples.
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RESULTS AND DISCUSSION

Preparation of experimental data for computer
analysis. The specific features associated with ecolog-
ical specialization of autochthonous and allochthonous
bacteria isolated from Lake Shira were identified in our
previous studies. Representatives of autochthonous
bacteria were shown to be able to grow at temperatures
as low as 5°C and at concentrations of sodium chloride
as high as 10%. At the same time, no traits of either psy-
chro- or halotolerance were observed in the allochtho-
nous bacteria, which are characterized by elevated anti-
biotic resistance and occur in the parts of the aquatic
ecosystem exposed to stronger anthropogenic influence
[14]. In this work, the anthropogenic impact on Lake
Shira was estimated in terms of the available experi-
mental evidence on halotolerance and antibiotic resis-
tance as marker features for autochthonous and alloch-
thonous bacteria. The corresponding bacteria were des-
ignated as follows: nonhalophilic bacteria, Gl1;
halophilic bacteria, G2; moderately halotolerant bacte-
ria, G3; bacteria resistant to ampicillin, Al; bacteria
resistant to kanamycin, A2; bacteria with multiple anti-
biotic resistance, A3; and bacteria sensitive to antibiot-
ics, A4.

In this work, three possible conditions of Lake Shira
were considered: (1) strong anthropogenic influence
characterized by the predominance of heterotrophic
bacteria with multiple antibiotic resistance; (2) moder-
ate anthropogenic influence, when at least 50% of the
total quantity of bacteria isolated from samples of water
taken on any date exhibit multiple resistance to antibi-
otics; and (3) low anthropogenic influence, when the
lake is dominated by bacteria sensitive to antibiotics.
For ease of discussion, these three states of the lake are
designated as Red, Yellow, and Green.

The vast body of experimental evidence accumu-
lated over many years of field-work on Lake Shira is
hard to classify according to the condition of its ecosys-
tem; and standard mathematical methods failed to
expose the corresponding patterns in the experimental
data. To reveal the intrinsic interdependencies in the
available data, a tentative analysis of the data structure
was undertaken. As a first step in preparing the data for
computer analysis, the parameter vectors characteriz-
ing the state of Lake Shira were assigned by an expert
in microbiology to one of the three above-mentioned
ecological conditions: Red, Yellow, or Green.

Preliminary analysis of experimental data by
mathematical and graphical methods. This stage of
work consisted in analyzing the parameters introduced
above with the goal of identifying the most significant
ones for the problem of classifying the ecological con-
ditions of Lake Shira. This was accomplished by
employing methods of statistical estimations, by data
processing using neural networks, and by graphical
data analysis. By combining these methods, the most
significant parameters, sufficient for solving the prob-
lem, were identified as A1, A3, and A4. A useful tech-
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nique for determining whether a set of input vectors can
be well partitioned into classes is data visualization. In
our case, the two most significant parameters for classi-
fication, among the three under consideration, were
found to be A3 and A4. Such a reduction of a 3D prob-
lem to a 2D problem simplifies the subsequent data
analysis and makes it unnecessary to employ more
intricate methods. With just two parameters, the avail-
able dataset can be conveniently graphed in the plane
(Fig. 2).

It can be seen from Fig. 2 that the input vectors fall
into three compact regions corresponding to the three
introduced classes (Red, Yellow, and Green). This par-
tition into regions basically accomplishes the desired
classification. Still, as one can see from Fig. 2, the
obtained regions do overlap, and so in some cases the
ecological conditions cannot be uniquely determined.
Fortunately, we can accomplish this task by taking into
account the third vector component Al. However, even
in the 3D space, there is no simple way of breaking the
set of input vectors into the three considered classes.
For example, an attempt was made to do this by apply-
ing correlation analysis to input vectors represented by
components Al, A3, and A4. Dividing input vectors
into classes by simple (linear) decision rules requires
that the pairwise correlation coefficients of vectors
belonging to one class be high and those belonging to
different classes be low. It was found, however, that
there existed pairs of vectors from different classes with
correlation coefficients much higher than those of a
large number of vector pairs from one class. This fact is
readily seen from a fragment of the correlation table
given in Table 1, where fairly high correlation coeffi-
cients for vectors of one class are printed in boldface,
quite small correlation coefficients for vectors of one
class are printed in italics, and extremely high correla-
tion coefficients for vectors from different classes are
printed in grey. The above-mentioned fact makes it
impossible to linearly separate vectors into the given
classes of ecological conditions. The indices of the cor-
responding vectors in the input dataset are listed in the
left column and the upper row of Table 1.

These inconsistencies, revealed by correlation anal-
ysis, are well illustrated by graphs in Fig. 3. An exam-
ple of two input vectors belonging to one class is given
in Fig. 3a and an example of vectors belonging to dif-
ferent classes is shown in Fig. 3b. The first letter in the
designation of each graph refers to the base class of
ecological conditions (Red, Yellow, or Green), with the
number next to it indicating the subclass within the base
class (the numbers in brackets are the ordinal numbers
of the corresponding vectors in the input dataset).

Examination of the obtained results showed that
input data could not be partitioned into the given eco-
logical condition classes unless intrinsic properties of
the input data are revealed and taken in to account. The
main problem consists in classifying vectors that fall
into marginal zones of the classes (Fig. 2). In these
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Fig. 2. 2D diagram showing grouping of input vectors in
terms of their two selected components. The base classes
are Red (m), Yellow (0), and Green (A).

zones, the similarity of vectors from different classes is
much higher (Fig. 3b) than that of vectors from the
same class lying further away from this zone (Figs. 2
and 3b).

It is worth noting that, in such cases, finding a mar-
ginal zone for the two classes is not at all a trivial task.
The available data points may well fail to form uniform
groups, and, for example, may aggregate in several sep-
arate regions, where vectors from different classes
could occur. The problem of classification in such cir-
cumstances is mathematically quite difficult. One
approach to classifying data with such a complex struc-
ture consists in splitting the given classes (Red, Yellow,
and Green) into smaller subclasses such that vectors
within these subclasses have greater similarity than

Table 1. A fragment of the table of pairwise correlations of
data vectors to be classified

4 5 6 7 8 9
27 .. |0.1581]0.9861|0.3491| 0.567
28 .. 10.97580.5195]10.9997 | 0.556
29 .. 10.7304|0.8809 | 0.8504 | 0.058
30 .. 10.975710.1046|0.9136 | 0.858
31

Note: The numbers in the first column and in the first row refer to
the vector's ordinal numbers in the dataset. For designations,
see text.
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vectors of neighboring subclasses from a different
class.

Methods of unsupervised data classification provide
some useful tools for dealing with such problems. One
option is to use neural networks with Kohonen feature
map architecture [7]. In our case, this method failed to
yield a definitive solution to the problem at hand
because of the complex structure of the input data. It
can still be used to greatly reduce the complexity of the
preliminary data classification and of identifying mar-
ginal zones.

At this stage of analysis, it is important to determine
the minimal number of classes one needs to solve the
problem. In our case, the whole of the source dataset (a
collection of vectors) was assigned to seven subclasses
by the Kohonen network. Some of the obtained sub-
classes coincided with the three base classes (Red, Yel-
low, and Green), while the rest of subclasses identified
by the Kohonen network contained mixed data. The
falling of vectors from two different classes within one
subclass is an indication that such a subclass needs to
be further split into two individual subclasses, each
belonging to its own base class. The final decision
regarding the partitioning of vectors into subclasses
was made by taking into account the results of correla-
tion analysis (Table 1) and graphical (Figs. 2-4) exam-
ination of the input data. The overall number of the
obtained subclasses was eleven, composed of two red,
six yellow, and three green subclasses. An example of
assignment of close vectors to two subclasses is shown
in Fig. 4.

Methods employed to solve the problem. Using the
obtained partitioning, a training dataset was compiled to
train the neural network by the algorithm back-propaga-
tion error [11, 12] as implemented in the computer pro-
gram MODEL [6]. This program was specifically
designed to solve difficult nonlinear problems. By using
this algorithm, the 11 above-mentioned subclasses were
identified in the input collection of 3D vectors.

A fragment of this training dataset is presented in
Table 2. Each row of the table contains ten zeros and
only one unity, indicating the subclass (within the Red,
Yellow, or Green classes) selected by the neural net-
work as a result of input data classification. Each sub-
class corresponds to one of the outputs of the neural
network. The third header row of Table 2 lists the sub-
class number within the corresponding base class. The
values A1, A3, and A4 are fed into the neural network
as its inputs and the obtained output values are the sub-
class numbers assigned by the network. As previously
noted, the value of “1” obtained on one of the eleven
outputs refers the input vector to the subclass this out-
put is associated with. Having trained the neural net-
work, we had an expert system able to assess the eco-
logical conditions in Lake Shira. Its results proved to be
very close to the judgments made by an expert microbi-
ologist.
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Shown in Fig. 5 is the variation of ecological condi-
tions from 1997 through 2001 for each of the four sta-
tions in Lake Shira. The ordinate axis in each graph
indicates the base class number: 1 stands for Green, 2 is
Yellow, and 3 is Red. The heights of the bars in these
graphs reflect the strength of the anthropogenic impact
on the lake.

In this paper, a method employing neural networks
for unsupervised processing of experimental data with
complex intrinsic structure was developed and shown
to work on experimental data relating to marker fea-
tures of heterotrophic bacteria isolated from Lake
Shira. This method can be used by a wide group of
experts in the field of environmental monitoring.
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CONCLUSIONS

The results presented in this work appear to be
important from three points of view. From the funda-
mental point of view, the main result consists in the pro-
posed method to assess the state of objects as complex
as lake ecosystems on the basis of just a few parameters
(in our case, these were Al, A3, and A4) identified by
mathematical analysis of the data.

Methodologically, the valuable result of this work
consists in the possibility to analyze and process
experimental data with complex interdependencies,
especially in small-sized samples. It is noteworthy
that the combination of data processing methods
employed in this study not only made it possible to
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Table 2. A fragment of the dataset compiled to train the neural network

Outputs Inputs
no. Red Yellow Green Antibiotic resistance
1 2 1 2 3 4 5 6 1 2 3 Al A3 A4
1 0 0 1 0 0 0 0 0 0 0 0 682 | 14 17.8
2 0 0 0 1 0 0 0 0 0 0 0 19.8 | 41.5 | 38.7
3 0 0 0 0 1 0 0 0 0 0 0 154 16.8 | 67.8
4 0 0 1 0 0 0 0 0 0 0 0 40.7 | 264 | 28.5
5 0 0 0 0 0 0 0 0 0 1 0 21.3 85 | 70.2
6 0 0 0 1 0 0 0 0 0 0 0 0 50 50
7 0 0 0 0 1 0 0 0 0 0 0 15 15 70
8 0 1 0 0 0 0 0 0 0 0 0 225 | 55 19
9 1 0 0 0 0 0 0 0 0 0 0 3 95.3 1.7
10

Note: The numbers in the first column indicate the ordinal number of the corresponding vector in the dataset.

assess the ecological conditions of the given ecosys- From the practical point of view, an attempt was
tem but can also be used in assessing conditions of made to develop a general approach to anthropogenic
other ecosystems from samples of data with intricate  impact assessment for objects as complex and particu-

interdependencies. lar as the ecosystem of Lake Shira. The proposed
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method makes possible express analysis of incoming
data and does not call for microbiological expertise to
assess the conditions of aquatic ecosystems. The
trained neural network can be used to classify experi-
mental data that will be obtained in future studies of
anthropogenic influence on the given ecosystem. The
expert system we developed to assess the ecological
conditions of the lake is easy to use and does not call for
special mathematical background on the part of the
experimentalist.
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