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General Characteristic of the Dissertation

Topicality of the problem. The research area of this work is the analysis of
multidimensional data and the ways of improving apprehension of the data. Data
apprehension is rather a complicated problem especially if the data refer to a
complex object or phenomenon described by many parameters. A tendency has
been recently observed that scientists, who pursue investigations of MDS
(multidimensional scaling), frequently dissociate from other methods of research or
even ignore them. On the other hand, in other investigations of visualization
methods there are no comparisons or connections with MDS-type methods. In this
work, we try to extend the realizations of MDS-type methods by applying artificial
neural networks, thus strengthening the relationship among different trends of
visual data analysis. The work deals with artificial neural network algorithms for
visualizing multidimensional data. A specific learning rule (SAMANN) has been
proposed. That allows a feed-forward neural network to realise Sammon’s
projection.

Minimization of the projection error of multidimensional data by using
artificial neural networks is the main problem addressed in this dissertation.

Aim and tasks of the work. The key aim of the work is to develop and
improve methods how to efficiently minimize visualization errors of
multidimensional data by using artificial neural networks. It was necessary to
solve these tasks: 1) to analyse the methods of multidimensional data
visualization; 2) to investigate the abilities of artificial neural networks to
visualize multidimensional data; 3) to create parallel realizations of the
SAMANN algorithm; 4) to improve and speed-up the training and retraining
process of the SAMANN algorithm; 5) to search for the optimal values of the
algorithm learning rate; 6) to investigate the abilities of the artificial neural
networks in projecting new data.

Research object. The research object of the dissertation are artificial
neural networks for multidimensional data projection. General topics related
with this object are: 1) multidimensional data visualization; 2) dimensionality
reduction algorithms; 3) errors of projecting data; 4) projection of the new data;
5) strategies for retraining the neural network that visualizes multidimensional
data; 6) optimization of control parameters of the neural network for
multidimensional data projection; 7) parallel computing.

Scientific novelty. A parallel realization of the SAMANN algorithm for
multidimensional data projection has been created. The strategies for retraining



the neural network have been proposed. It has been established experimentally
how to select the learning parameter value of the SAMANN neural network so
that the algorithm would work efficiently.

The research methodology is based on the development of new strategies
for SAMANN neural network training and their experimental investigations.

Practical value. The results of the research are applied in solving some
problems in practice. Human physiological data that describe the human
functional state have been investigated. The results, obtained by the method,
can be of use to medics for a preliminary diagnosis: healthy, unclear, or sick
persons.

The base of research of psychological data is the project “Information
technologies for human health — clinical decision support (e-Health). IT Health (No.
C-03013)”, supported by the Lithuanian State Science and Studies Foundation.

Approbation and publications of the research. The main results of this
dissertation were published in 11 scientific papers: 2 articles in periodical
scientific publications from the ISI Web of Science list; 2 articles in periodical
scientific publications from the ISI Proceedings list; 1 article in the book
published by Springer; 1 chapter of the book published by IOS Press; 3 articles
in periodical scientific publications from the list approved by the Science
Council of Lithuania; 2 articles in the proceedings of scientific conferences.
The main results of the work have been presented and discussed at 4
international and 5 national conferences.

The scope of the scientific work. The work is written in Lithuanian. It
consists of 9 chapters, and the list of references. There are 144 pages of the
text, 86 figures, 1 table and 159 bibliographical sources.

1. Introduction

The relevance of the problem, the scientific novelty of the results and their
practical significance are described as well as the objectives and tasks of the
work are formulated in this chapter.
2. Analysis of the Methods of Multidimensional Data Visualization

The chapter is devoted to the review and analysis of the various methods of

visualization. Multidimensional data, meaning the data that require more than two
or three dimensions to represent, can be difficult to interpret. Direct



visualization methods and projection (dimensionality reduction) methods are
investigated. Several approaches have been developed for visualizing high-
dimensional data. Many of the methods, such as parallel coordinates, star
glyphs, Chernoff faces, try to show all dimensions of the data at the same time.
This approach is only suitable for relatively few dimensions. When the
dimensionality of the data increases, some other means have to be used. One of
the main strategies used to handle very high dimensional data is dimensionality
reduction where the task is to reduce the dimensionality of the data to two or
three for visualization. A large number of different projection methods have
been developed for this task. There are linear and nonlinear projection methods.
The principal component analysis, projection pursuit are linear projection
methods; multidimensional scaling, principal curves, triangulation, isomap are
nonlinear ones. A more precise data structure is preserved using nonlinear
projection methods. Nevertheless, the projection errors are inevitable. It is
necessary to look for the ways of minimizing these projection errors.

One of multidimensional scaling methods to map a high-dimensional
space onto a space of lower dimensionality is Sammon mapping. Suppose that
we have m data points, X; =(x;,%;...,%;,,), i=1,...,n, in a n-space and,

respectively, we define m points, Y, =(y,1,Vi2--»Vim)>, i=1...,d, in a d-
space (d<n). The pending problem is to visualize these n-dimensional vectors

X;,i=1L...,n onto the plane R?. Let d;. denote the distance between X; and

X in the input space, and dl.j denote the distance between the corresponding

points Y, and Y, in the projected space. The Euclidean distance is frequently

used. The projection error measure E (so-called Sammon’s stress) is as follows:

* 2
1 m (dlj —dl])
m « 'Zl d*
ij= .
h3 dij i<jj v
i, j=li<j

E= . It 1s a measure of how well the distances are

preserved when the patterns are projected to a lower-dimensional space.

3. Concepts of Artificial Neural Networks

Models of an artificial neuron, network architectures, some learning rules,
self-organizing maps, radial basis function networks are described. Artificial
Neural Networks (ANN) are algorithms inspired by biology. The idea is to build
systems that reproduce the structure and functioning of the brain neurons. Research
in this field began in the 1940s, with the works of McCullogh and Pitts, followed by



Hebb, Rosenblatt, Widrow. An Artificial Neural Network can be described as a set
of interconnected adaptive units generally organized in a layered structure.

4. Artificial Neural Networks for Multidimensional Data Visualization

This chapter deals with the capabilities of ANN to visualize the
multidimensional data. Application of artificial neural networks to Sammon’s
projection is analysed: a feed-forward neural network is trained by a specific back-
propagation learning algorithm. The self-organizing neural networks application
areas, curvilinear component analysis, autocoders, NeuroScale methods are
discussed in this chapter.

In this work, an unsupervised backpropagation algorithm for training a
multilayer feed-forward neural network (SAMANN) for perform Sammon‘s
nonlinear projection is investigated. This algorithm preserves all interpattern
distances as well as possible. Sammon mapping has a drawback. It lacks
generalization, which means that new points cannot be added to the map
obtained without recalculating it. The SAMANN network offers the
generalization ability of projecting new data, which are not present in the
original Sammon projection algorithm. It is a feed-forward neural network
where the number of input units is set to be the feature space dimension n, and
the number of output units is specified as the extracted feature space dimension
d (Fig 1). Mao and Jain (J.Mao, A.K.Jain, Artificial neural networks for feature
extraction and multivariate data projection, [EEE Transactions on Neural
Networks, Vol. 6, No. 2, 1995, p. 296-317) have derived a weight updating rule
for the multilayer perceptron neural network that minimizes Sammon’s stress
using the gradient descent method.

The SAMANN unsupervised backpropagation algorithm is as follows:

1. Initialize the weights randomly in the SAMANN network.

Input layer Hidden layers Output layer

Fig 1. Feed-forward network for Sammon’s projection (SAMANN)



2. Select a pair of patterns randomly, present them to the network one at a
time, and evaluate the network in a feed-forward fashion.

3. Update the weights in the backpropagation fashion starting from the output
layer.

4. Repeat steps 2-3 a number of times.

5. Present all the patterns and evaluate the outputs of the network; compute
Sammon’s stress; if the value of Sammon’s stress is below a predefined
threshold or the number of iterations (from steps 2-5) exceeds the
predefined maximum number, then stop; otherwise, go to step 2.

5. Learning Problems of the SAMANN Neural Network

The rate, at which artificial neural networks learn, depends upon several
controllable factors. When projecting data, it is of great importance to achieve
good results in a short time interval. In the consideration of the SAMANN
network, it has been observed that the projection error depends on different
parameters. Investigations have revealed that, in order to achieve good results,
one needs to correctly select the learning rate 7 . It has been stated so far that

projection yields the best results if the 77 value is taken from the interval (0;1).

In that case, the network training is very slow. One of the possible reasons is
that, in the case of the SAMANN network, the interval (0;1) is not the best one.
Thus, it is reasonable to look for the optimal value of the learning parameter that
may not necessarily be within the interval. The experiments, done in this chapter,
show in what way the SAMANN network training depends on the learning rate.
The experiments have been done with real and artificial datasets. At first the
dependence of the data projection accuracy on the learning rate 7 has been

defined for7z € (0;1). The results obtained are illustrated in Fig 2. This figure

demonstrates that with an increase in the learning rate value, a better projection
error is obtained. That is why the experiments have been done with higher values
of the learning rate beyond the limits of the interval (0;1). The results are presented
in Fig 3. It has been noticed that the best results are at 77 > 1.

We can conclude from Figures 2 and 3 that the optimal value of the learning
rate for the datasets considered is within the interval [10;30]. In the case of the
Salinity dataset, the optimal value of the learning rate is 7 =10, for the Iris

dataset77 =30 . At these values of the learning rate we obtain the best projection

results, i.e., the data are projected more rapidly and more exactly. For the fixed
number of iterations, good projection results are obtained in a shorter time
interval than that taking the 77 values from the interval (0;1).
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While experimenting the computing time and the errors obtained in each
iteration have been defined as well. In Fig 4, the dependence of the projection
error on the computation time is presented at different values of the learning
rate for two real datasets (salinity and iris datasets). Fig 4 indicate that the
higher the value of the learning rate, the more rapidly one succeeds in getting
good results (i.e., sufficiently low projection error). However, with an increase
in the value of the learning rate, the error variations also increase, which can
cause certain network training problems. Fig 5 illustrates 2D projection maps of
the datasets using the SAMANN network at the optimal value 7 of the

learning rate, defined before.
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Fig 5. (a — Iris, b — Salinity dataset) 2D projections of datasets using the SAMANN
6. Parallel Realizations of the SAMANN Algorithm

A drawback of using SAMANN is that the training process is extremely
slow. One of the ways of speeding up the network training process is to use
parallel computing. In this chapter, some parallel realizations of the SAMANN
are proposed. The training process takes a considerable amount of time. One of
the ways of solving this problem and decreasing the computation time is to use
parallel computing and adapt the methods of making the consecutive
algorithms parallel (which allow us to use several processors for the net
training at the same time).

Some strategies of the SAMANN parallel realization have been suggested
and examined. One of the strategies is presented below. At the beginning of
each iteration, the processor (py) randomly mixes the starting data array 4 and
divides it into two parts 4, and 4,, then p, distributes it among the rest two
processors p; and p, (the starting data array elements are divided into equal
parts). Two identical neural networks are created. Each network is trained with
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an appropriate part of data array 4, or 4,, using M, iterations. This process is
fulfilled by two processors in parallel, the first processor uses array 4, and the
second one array A,. Then the calculation is fulfilled by one processor. After
the training (M, iter.), weight sets W, and W, of each net, output vectors and
appropriate projection errors £, and E, have been got for the whole data array
A. Projection errors E; and E, are obtained when all the vectors from array 4
are used in the nets trained appropriately with data arrays 4, and 4,. Of two
weight sets there remains only the one with a smaller projection error. Using
the obtained weight set, the neural network is trained with all the data set 4
vectors (M, iterations).
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Fig 6. Dependence of the projection error on the computation time
for the Iris dataset
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Two datasets were used in the experiments: Iris Dataset (150 4-
dimensional vectors); lonosphere Dataset (351 34-dimensional vectors). The
mapping errors were calculated and the calculation time was measured for
serial and parallel algorithms. The results of the parallel algorithm are
compared with that of the serial one. The results for the Iris dataset and the
Ionosphere dataset are presented in Figures 6 and 7. The figures show that a
modified parallel algorithm makes it possible to achieve good visualization
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results during a shorter time. The starting data set can be divided into k parts
(k=2). Good results were also achieved dividing the data set into 3 parts.

7. Retraining of the SAMANN Network

After training the SAMANN network, a set of weights of the neural
network is fixed. A new vector, shown to the network, is mapped into the plane
very fast and quite exactly without any additional calculations. However, while
working with large data amounts, there may appear a lot of new vectors, which
entails retraining of the SAMANN network after some time. That is why
strategies for retraining the neural network that realizes multidimensional data
visualization have been proposed and then their analysis made. Retraining of
the network has to be efficient and the training algorithm has to converge
rapidly.

The strategies of the neural network data retraining are as follows (two
strategies are presented below):

1. The SAMANN network is trained by &, initial vectors, a set of weights w,
is obtained, then the visualization error E(N)) is calculated, and vector
projections are localized on the plane. After the emergence of N, new
vectors, the neural network is retrained with all the N,+N, vectors, and
after each iteration the visualization error E(N;+N,) is calculated, the
computing time is measured. A new set of the network weights w, is
found.

2. The SAMANN network is trained by N initial vectors, a set of weights w,
is obtained, and the visualization error E(N)) is calculated. Since in order
to renew the weights, a pair of vectors g and v is simultaneously

provided for the neural network, the neural network is retrained with 2*N,

vectors at each iteration: at each training step one vector is taken from the

primary dataset and the other from the new one. After each iteration the
visualization error E(N,;+N,) is calculated and the computing time is
measured. A new set of network weights w, is found.

Two datasets have been used in the experiments: Iris or Fisher’s Dataset (a
real dataset with 150 random samples of iris flowers, described by 4 attributes);
300 randomly generated vectors (three spherical clusters with 100 5-
dimensional vectors each). In the process of calculating, the time of algorithm
performance was measured. Figures 8 and 9 demonstrate the results of
calculations. Only the results of retraining the SAMANN network with the new
vectors are indicated in the figures. The best visualization results are obtained
by taking points for network retraining from the primary dataset and the new
dataset (second strategy). The second strategy enables us to attain good

13



visualization results in a very short time as well as to get smaller visualization
errors and to improve the accuracy of projection as compared to other strategies
(Fig 9 illustrates this fact best). The second strategy proposed makes it possible
to reduce the duration of computing a great deal in case there are considerably
less new vectors than the initial ones.
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Fig 8. Dependence of the projection error on the computing
time for the Iris dataset
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Fig 9. Dependence of the projection error on the computing time for
randomly generated vectors

8. Analysis of the Medical Data Using the SAMANN Network

The results of the research are applied in solving some problems in practice. In
this chapter, we investigate the human physiological data that describe the human
functional state. A frequent problem in medicine is assignment of a health state to
one of the known classes (for example, healthy or sick persons). Such an
assignment is made by doctors as usual. It is of utmost importance to determine the
bound of transit from one (normal) state to another (diseased), i.e., to determine the
decision surfaces. We propose the way to find a certain area of parameter values,
which correspond to the patients that should be thoroughly examined. The
SAMANN method allows us to present this area in 2D form, which is preferable for
the visual decision on the state of health of the patients.
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A physiological data set has been analyzed. This data set consists of three
groups: ischemic heart diseased patients (Group 1) (61 item), healthy persons (not
going in for sports) (Group 2) (110 items), and sportsmen (Group 3) (161 item).
The number of parameters is 18. At first the analyzed data were classified by the
Naive Baeys, classification tree, and support vector machine classifiers.

In the analysis of visualization of medical data, the SAMANN network
was used. The SAMANN network was trained by two groups (ischemics and
sportsmen), and the set of network weights was calculated. Now it is possible to
decide where to place the third group data (healthy) in the final 2D
configuration created by SAMANN. The third group shown to the network is
mapped very fast and quite exactly without any additional calculations.

Fig 10(a) illustrates the projection of the data of Group 1 (ischemics) and
Group 3 (sportsmen). Some groups are indicated: ischemics heart-diseased
patients (assigned to ischemics by medics and by most classifiers); sportsmen,
whom the majority of classifiers assigned to ischemics; sportsmen (assigned to
sportsmen by medics and by most classifiers); ischemics, whom the majority of
classifiers assigned to sportsmen. As seen in Fig 10(a), the majority of points,
corresponding to ishemics, are on the one side of the picture, while the points,
corresponding to sportsmen, are on the opposite side. However, these groups partly
overlap. Therefore, it is reasonable to isolate the area of those intermix points of
groups. One of the simplest ways is to connect the closest points, classified
incorrectly or assigned t o the opposite class, by a broken line.

+ischemics Aassign to sportsmen
£ SpORSHY <-asgign to ischemics

+ischemies £ assign to spattsmen
en
@ new poits assign to ischemics & new points assign to sportsmen)

asposmen assign toischemics

a) b)
Fig 10. Projection of the physiological data: (a) groups 1 and 3; (b) all the 3 groups
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It is difficult to tell by the visual image which class the points between the

broken lines should be assigned to, and which of them correspond to a
particular patient under investigation. These patients should be examined and
observed more in detail. Fig 10(b) illustrates the points of all three groups.
When visualizing the data, the points of Group 2 (healthy persons) are denoted
with reference to the class they have been assigned to by most of the classifiers,

ie.,

it is indicated: healthy persons, assigned to Group 1 by the classifiers

(circles); healthy persons, assigned to Group 3 by the classifiers (squares).

1.

From the results of visual analysis we can draw the following conclusions:
The points, corresponding to persons not going in for sports, visually are
arranged in the area of points, corresponding to the persons who go in for sports
(on the right, in Fig 10(b)), are healthy and can go in for sports, because their
measured parameters do not differ at all from the persons going in for sports.
The points, that correspond to persons not going in for sports visually are
arranged in the area of points that correspond to ischemic patients (on the
left, in Fig 10(b)), may possibly have some health problems and are not
allowed to practice exercises without a thorough examination because their
measured parameters do not differ at all from the ischemic patients.

It is also worthwhile observing and examining the sportsmen if the visual
analysis shows that their points are arranged close to the points that
correspond to ischemic patients, because there is a possibility for them to
have some health disturbance.

9. General Conclusions

. After a comprehensive analysis of the methods for the visualization of the

multidimensional data has been made, a conclusion is drawn: using these
methods, it is complicated to comprehend the data structure, it is almost
impossible, if large data sets or data of large dimensions are analysed. It is
easier to comprehend and to interpret the results, obtained by the projection
methods, where multidimensional data are presented onto a lower
dimension space. A more precise data structure is preserved using nonlinear
projection methods. Nevertheless, the projection errors are inevitable.

It has been noticed that the SAMANN network that realizes Sammon’s
algorithm training depends on different parameters. The experiments, done
in this work, show in what way the network training depends on the
learning rate. The results of the experiments have shown that with an
increase in the learning rate value, a better projection error is obtained.

The experimental investigation shows that the optimal value of the learning
rate is in the interval (5;30). By selecting such values of the learning rate, a
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significant economy of the computing time is possible for a fixed number of
iterations (up to 3—5 times). Smaller values of the learning rate within the
interval (0;1) guarantee a more stable convergence to the minimum of the
mapping error. Some fluctuations are observed in the result when the rate is
set to be larger. Meanwhile, these fluctuations are rather slight if the
learning rate is in the interval (5;30).

. Possibilities of using several computers for concurrent training of the
network have been analyzed. When calculating by a parallel algorithm that
splits the analyzed set into several parts, uses separate parts for independent
network training and afterwards joins the weights obtained by averaging
them after each training iteration (if all the possible pairs of vectors of a
separate training set part are presented to the network once), we failed to
improve the mapping results and (or) speed-up calculations. However, the
results obtained allow us to draw conclusions that in creating new
modifications of the parallel SAMANN algorithm, it is necessary to try to
diminish data sending expenses and to rationally join the network weights
computed by different processors.

. A modification of the parallel algorithm has been proposed that divides the
analyzed set into several parts, uses separate parts for independent network
training, and, after a certain fixed number of iterations, selects the best
projection results achieved regarding the whole data set, and completes
network training with an aggregate data set. The research has shown that
calculating by means of the parallel SAMANN algorithm modified in this
way, it is possible to achieve better visualization results in a shorter time (as
compared to the serial algorithm).

. The results of the experiments have shown that it is possible to find a subset
of the analyzed dataset such that in training the SAMANN network by
which lower projection errors are obtained faster than by training with all
the points of the set.

. Using a parallel algorithm instead of a serial, the calculation expenses
decrease due to the fact that when dividing the data among processors, the
number of pairs of the vectors presented to the neural network decreases. This
is due to the fact that the initial data set has to be split into separate parts.

. Three strategies for retraining the neural network that visualizes
multidimensional data have been proposed and investigated. The
experiments have shown that it is expedient to take one vector from the
primary dataset and the other from the new one at every step of training.
This strategy yields smaller projection errors faster. The proposed strategies
can also be applied in visualizing large-scale data sets. The experiments
lead to the idea of minimizing the SAMANN neural network training time
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by dividing the training process into two subprocesses: training of the
network by a part of the data vectors, and then retraining of the network by
the remaining part of the dataset. In this case, the training set will consist of
some subsets. The smaller number of pairs of vectors will be used when
training the network by the vectors of the subsets. This allows us to reach a
similar visualization quality much faster.

. The SAMANN algorithm has been applied in the analysis of medical data.
The human physiological data that describe the human functional state have
been analyzed. This data set consists of three groups: ischemic heart diseased
patients, healthy persons (not going in for sports), and sportsmen. The results,
obtained by the method, can be of use to medics for a preliminary diagnosis:
healthy, unclear or sick persons.
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TIESIOGINIO SKLIDIMO NEURONINIU TINKLU
TAIKYMO DAUGIAMACIAMS DUOMENIMS
VIZUALIZUOTI TYRIMAI

Tyrimy sritis ir problemos aktualumas. Sio darbo tyrimy sritis yra
daugiamaciy duomeny analizé, bei ty duomeny suvokimo gerinimo budai.
Duomeny suvokimas yra sudétingas uzdavinys, ypa¢ kai duomenys nurodo
sudétingg objekta, kuris aprasytas daugeliu parametry.

Pastaruoju metu stebima tendencija, kad MDS (daugiamaciy skaliy)
tyrimus vykdantys mokslininkai daznai atsiriboja nuo kity metody tyrimy, ar
net ignoruoja tuos metodus. Antra vertus, kity vizualizavimo metody tyrimuose
néra lyginimy ar sasajy su MDS tipo metodais. Siame darbe siekiama praplésti
MDS tipo metody realizacijas dirbtiniy neuroniniy tinkly taikymu, tuo biidu
stiprinant ry$j tarp skirtingy vizualios duomeny analizés krypciy. Darbe
nagriné¢jami dirbtiniy neuroniniy tinkly algoritmai daugiama¢iams duomenims
vizualizuoti. Pasiiilyta specifiné mokymo taisykle (SAMANN), kuri leidzia
iprastam tiesioginio sklidimo neuroniniam tinklui realizuoti Sammono
projekcija, mokymo be mokytojo budu.

Analizuojamy daugiamaciy duomeny projekcijos paklaidy minimizavimas
naudojant dirbtinius neuroninius tinklus i§lieka aktualia problema. Ta problema
yra pagrindiné §ioje disertacijoje sprendziama problema.

Darbo tikslas ir uZdaviniai. Pagrindinis disertacijos tikslas yra sukurti ir
tobulinti metodus, kuriuos taikant biity efektyviai minimizuojamos
daugiamacdiy duomeny projekcijos paklaidos naudojantis dirbtiniais
neuroniniais tinklais bei projekcijos algoritmais. Norint pasiekti §j tiksla,
reikéjo iSspresti tokius uzdavinius: 1) analitiSkai apZzvelgti daugiamaciy
duomeny vizualizavimo metodus; 2) iStirti dirbtiniy neuroniniy tinkly
galimybes daugiamaciams duomenims vizualizuoti; 3) sukurti lygiagretuji
SAMANN vizualizavimo algoritma; 4) pagreitinti (pagerinti) SAMANN tinklo
mokyma ir permokyma; 5) surasti optimalias nagrinéjamo algoritmo mokymosi
parametro reikSmes; 6) iSanalizuoti naujy daugiamaciy tasky vizualizavimo
galimybes naudojantis dirbtiniais neuroniniais tinklais.

Tyrimy metodikos pagrindga sudaro naujy SAMANN neuroninio tinklo
mokymo strategijy kiirimas ir jy eksperimentinis tyrimas.

Tyrimy objektas. Disertacijos tyrimy objektas yra dirbtiniai neuroniniai
tinklai, skirti daugiamacdiy duomeny vizualizavimui. Su §iuo objektu yra
betarpiskai susij¢ dalykai: 1) daugiamaciy duomeny vizualizavimas;
2) dimensijos mazinimo algoritmai; 3) projekcijos paklaidos; 4) naujy tasky
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atvaizdavimas; 5) vizualizavimui skirto neuroninio tinklo permokymo
strategijos ir parametry optimizavimas; 6) lygiagretieji skai¢iavimai.

Mokslinis naujumas ir ginamieji teiginiai. Sukurtas lygiagretusis
SAMANN algoritmas, realizuojantis daugiamaciy duomeny vizualizavima.
Pasitilytos ir iStirtos nagringjamo algoritmo permokymo = strategijos.
Eksperimentiskai nustatyta, kaip parinkti SAMANN tinklo mokymosi
parametro reikSme, kad algoritmas veikty efektyviai.

Praktiné darbo reikimé. Tyrimy rezultatai atskleidé naujas medicininiy
(fiziologiniy) duomeny analizés galimybes. Tai leido sporto medicinos
specialistams jvertinti nesportuojanciyjy sveikatos bukle ir ju galimybe
sportuoti. Tyrimai atlikti pagal Lietuvos valstybinio mokslo ir studijy fondo
prioritetiniy Lietuvos moksliniuy tyrimy ir eksperimentinés plétros programa
»Informacinés technologijos Zmogaus sveikatai — klinikiniy sprendimy
palaikymas (e-sveikata), IT sveikata®; Registracijos Nr.: C-03013; Vykdymo
laikas: 2003 m. 09 mén. — 2006 m. 10 mén.

Darbo rezultaty aprobavimas ir publikavimas. Tyrimy rezultatai
publikuoti 11 moksliniuose leidiniuose: 2 straipsniai leidiniuose, itrauktuose i
Mokslinés informacijos instituto pagrindini (ISI Web of Science) sarasa;
2 straipsniai leidiniuose, jtrauktuose | Mokslinés informacijos instituto
konferencijos darby (ISI Proceedings) sarasa; 1 skyrius uZsienio leidyklos (IOS
Press) knygoje; 1 straipsnis uzsienio leidyklos knygoje; 3 straipsniai Lietuvos
periodiniuose leidiniuose; 2 straipsniai konferencijy pranesimy medziagoje.
Tyrimy rezultatai buvo pristatyti ir aptarti 9-iose nacionalinése ir tarptautinése
konferencijose.

Darbo apimtis. Disertacija sudaro devyni skyriai ir literatliros sarasas.
Bendra disertacijos apimtis 144 puslapiai, 86 paveikslai ir 1 lentelé.

Pirmame skyriuje iSdéstytas disertacijos temos aktualumas, tyrimy sritis,
suformuluotas tyrimo tikslas, pateikti tyrimo uZdaviniai, apraSytas tyrimo
objektas, darbo naujumas, praktiné verté, darbo aprobavimas, pateiktas darbo
publikacijy sarasas, pristatyta darbo struktiira.

Antrame skyriuje pateikta tiesioginiy daugiamaciy duomeny vizualizavimo
metody ir projekcijos metody analizé. Tiesioginiuose vizualizavimo metoduose
kiekvienas daugiamacio vektoriaus parametras pateikiamas tam tikra vizualia
forma. Projekcijos metody tikslas — pateikti daugiamacius duomenis mazesnés
dimensijos erdvéje taip, kad biity kiek galima tiksliau i§laikyta tam tikra duomeny
struktiira, ir palengvinti didelés dimensijos duomeny interpretavima bei apdorojima.
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Tre¢iame skyriuje pateiktos esminés dirbtiniy neuroniniy tinkly koncepcijos,
kurios yra reikalingos analizuojant neuroniniy tinkly galimybes vizualizuoti
daugiamacius duomenis: dirbtinio neurono modelis, vienasluoksnio perceptrono
sandara, daugiasluoksniy tiesioginio sklidimo neuroniniy tinkly sandara, radialiniy
baziniy funkcijy neuroniniai tinklai, saviorganizuojantys neuroniniai tinklai.

Ketvirtame skyriuje analizuotos dirbtiniy neuroniniy tinkly galimybés
vizualizuoti daugiamacius duomenis, kadangi klasikiniai vizualizavimo
metodai kartais yra nepajégiis susidoroti su savo uzduotimis.

Penktame skyriuje analizuota specifiné ,klaidos sklidimo atgal*“ mokymo
taisykle, SAMANN, kuri leidzia jprastam tiesioginio sklidimo neuroniniam
tinklui realizuoti Sammono projekcija mokymo be mokytojo biidu. Buvo
nagrin¢jama SAMANN tinklo mokymo proceso priklausomybé nuo mokymosi
parametro reikSmés. Nustatyta optimali mokymosi parametro reikSmé.

Sestame skyriuje pasiiilytos lygiagre¢ios SAMANN algoritmo realizacijos,
leidziancios tinklo mokymui vienu metu naudoti keleta procesoriy. Pateikiami
gauti rezultatai ir iSvados.

Septintame  skyriuje analizuojamos SAMANN tinklo galimybés
vizualizuoti  naujus  duomenis. Pasililytos daugiamaclius  duomenis
vizualizuojancio neuroninio tinklo permokymo strategijos ir atlikta jy analizé.

Astuntame skyriuje SAMANN tinklas taikytas medicininiy (fiziologiniy)
duomeny analizei.

Devintame skyriuje pateiktos disertacijos iSvados.

Bendrosios iSvados

1. Tiesioginio vizualizavimo metody analizé parodé, kad naudojant Siuos
metodus suprasti duomeny struktiirg yra gana sudétinga, ypac esant didesnei
duomeny dimensijai arba analizuojant didelés apimties duomeny aibg. Daug
lengviau suvokti ir interpretuoti rezultatus, gautus projekcijos metodais,
kuriuose daugiamatis vektorius transformuojamas | mazesnés dimensijos
vektoriy. Lyginant tiesinés ir netiesinés projekcijos metodus, tikslesné
duomeny struktiira iSlaikoma naudojant netiesinés projekcijos metodus. Bet
ir ¢ia duomeny vizualizavimo iSkraipymai yra neiSvengiami.

2. Analizuojant mokymo be mokytojo ,klaidos sklidimo atgal“ SAMANN
neuroninj tinkla, nustatyta, kad projekcijos paklaida ir tinklo konvergavimas
priklauso nuo pasirinkty parametry reik§miy. Eksperimentai parodé, kad,
kuo didesné mokymosi parametro reik§mé, tuo grei¢iau pavyksta pasiekti
gerus vizualizavimo rezultatus. Taciau, didéjant mokymosi parametro
reikSmei, didéja paklaidos svyravimai.

3. Tiriant kelias duomeny aibes, nustatyta, kad optimali SAMANN tinklo
mokymosi parametro reik§mé yra intervale (5;30). Pasirenkant tokias
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mokymosi parametro reikSmes, galima Zymiai sumazinti skai¢iavimy trukme
(iki 3—5 karty ir net daugiau) ir gauti gerus vizualizavimo rezultatus per
trumpesni laika, esant fiksuotam iteracijy skaiciui. Mazos mokymosi
parametro reikSmés intervale (0;1) garantuoja stabily projekcijos paklaidos
maz¢jima didéjant iteraciju skaifiui. Tuo tarpu, kai mokymosi parametro
reik§mé pasirenkama didesné, pastebimi tam tikri paklaidos svyravimai.
Taciau Sie svyravimai yra pakankamai mazi, kai mokymosi parametro
reik§mé pasirenkama i§ intervalo (5;30).

. Istirtos galimybés tinklo mokymui vienu metu naudoti keleta kompiuteriy.
SkaiCiuojant lygiagreciuoju SAMANN algoritmu, kuris analizuojama aibg
dalina i kelias dalis, vykdo nepriklausomai tinklo mokyma atskiromis dalimis,
0 po to gautus svorius apjungia juos vidurkinant po kiekvienos mokymo
iteracijos, nepavyko pagerinti atvaizdavimo rezultaty ir (arba) pagreitinti
skai¢iavimy. Taciau, gauti rezultatai, leidzia daryti iSvadas, kad kuriant naujas
lygiagre¢ias SAMANN algoritmo modifikacijas butina siekti mazinti
duomeny persiuntimo kaStus ir racionaliai atlikti atskirais procesoriais
apskaiciuoty tinklo svoriy apjungima.

. Pasitlyta lygiagrecCiojo algoritmo modifikacija, kuri analizuojama aibg
dalina | kelias dalis, vykdo nepriklausomai tinklo mokyma atskiromis
dalimis, o po tam tikro fiksuoto iteracijy skaiCiaus pasirenka geriausia
pasiekta projekcijos rezultatg visos duomeny aibés pozitiriu ir baigia mokyti
tinkla pilna duomeny aibe. Tyrimai parodé, kad skaiCiuojant lygiagreciuoju
SAMANN algoritmu galima pasiekti geresnius vizualizavimo rezultatus per
trumpesni laika (lyginant su nuosekliuoju algoritmu).

. Eksperimentai parodé¢, kad galima rasti toki analizuojamos duomeny aibés
poaibj, kuriuo mokant SAMANN tinkla, mazesnés projekcijos paklaidos
gaunamos greiciau, negu tinklo mokymui naudojant visus aibés taskus.

. Pereinant nuo nuosekliojo algoritmo prie lygiagretaus algoritmo,
skaiCiuojamieji kasStai sumazéja dél to, kad skirstant duomenis tarp
procesoriy, sumaz€ja vektoriy pory, pateikiamy neuroniniam tinklui,
skaiCius.

. Pasitlytos ir istirtos trys daugiamacius duomenis vizualizuojancio
neuroninio tinklo permokymo strategijos. Eksperimentai parodé, kad i§
pasiiilyty strategijy geriausia yra tokia strategija, kai kiekvieno mokymo
zingsnio metu vienas vektorius imamas i§ senos duomeny aibés, o kitas i§
naujos. Si strategija duoda maZesnes projekcijos paklaidas lyginant su
kitomis strategijomis. Ji leidzia sumazinti skai¢iavimy trukme tam paciam
rezultatui pasiekti. Visos trys pasiiilytos permokymo strategijos gali biiti
taikomos didelés apimties duomeny aibiy vizualizavimui. Galimas biidas
minimizuoti SAMANN tinklo mokymo laikg yra mokymo proceso
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padalinimas | du subprocesus: tinklo mokymas analizuojamos duomeny
aibés dalimi, véliau — tinklo permokymas likusia duomeny aibés dalimi arba
visa aibe. Siuo atveju tinklo mokymo proceso pagrinding dali uZimty
mokymas nepilna duomeny aibe, o tai i§ esmés taupyty skaic¢iavimo laika.

. SAMANN algoritmas buvo pritaikytas medicininiy (fiziologiniy) duomeny
analizei. Fiziologiniy duomeny aibé sudaryta i§ triju grupiy vyry Sirdies
funkciniy rodikliy rinkiniy: vyrai, sergantys iSemine Sirdies liga, ne
sportininkai (vyrai, kuriems liga nebuvo diagnozuota) ir profesionalis
sportininkai. Analizé leido sporto medicinos specialistams {vertinti
nesportuojanciy vyry sveikatos biikle ir ju galimybe sportuoti. SAMANN
algoritmo privalumas vizualizuojant tirtus medicininius duomenis yra tai,
kad nauji taskai (duomenys apie nesportuojancius vyrus) ,randa“ savo
vietas tarp jau atvaizduoty duomeny su zinomomis charakteristikomis.
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