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Agent-Based Model Estimates of Production and
Dissemination of Knowledge in e-Learning with Built-in
Neural Networks
Viktor Artemenko
Dept. of Information Systems in Management, Lviv Academy of Commerce, Tugan-Baranovsky Str. 10, Lviv, Ukraine
artem@lac.lviv.ua

Abstract. The approaches to the construction of a hybrid agent-based model (ABM) using artificial neural networks in
the field of distance learning (DL). This is a theoretical model aimed at supporting computer simulations assessing trends
of production and dissemination of knowledge participants in e-Learning the example of one of the universities. ABM is
aimed at building an artificial society in which agents interact with three types: A1 – the authors of distance learning
courses (DC), A2 – tutors to accompany the learning process, and A3 – the students, participants of the DC. Agents
artificial societies behave quite independently, namely: make decisions, perform actions and interact with other agents.
Actions of agents are their responses to changes in the environment and the actions of other agents. A key aspect – it is the
interaction between the agents. For the implementation of any solution is enough agent. To implement the same interaction
to be a group decision. Group decisions, as is known, accepted, subject to certain rules, which are necessary to specify in
our case. Investigate the effectiveness of software to support the implementation of a hybrid produced by ABM: AnyLogic,
a popular package for agent-based modeling, and a package of STATISTICA Neural Networks.

Keywords
Hybrid agent-based modeling, IWIM 2011, artificial
neural networks, e-Learning.

1 Introduction
On knowledge as a special product that is unique and does not disappear after use (like information), written a lot, starting
with the classic work by F. Machlup [1]. Especially emphasized that the measure of knowledge is not as simple as
measuring the amount of conventional products [2]. One approach – a measure of cost, as is customary in measuring the
cost of conventional products. Naturally, the full costs it is extremely difficult to obtain. Another approach - measuring the
amount of knowledge on the results, for example, the number of people need to know. If knowledge is not used by
anybody, it is logical to assume that its value (or utility) is zero. The more people use the knowledge, the higher its value.
Note that the Internet dimension of knowledge is based on the results, to assess which are the most common citation
indexes, the number of clicks or copies, and others [3]. With these methods of measurement can provide assessment of
knowledge with specific actors in the field of distance learning (DL).
In [4] reviewed and methodological approaches to the modeling of communicative interactions of three types of agents
electronic learning: authors, tutors and students of distance learning courses (DC or DK). Environment of their
communicative interaction is a virtual center of one of the higher education institutions [5]. Creating an agent-oriented
model designed to support the computer experiments estimating the trends of production and dissemination of knowledge
in e-Learning.
Agent-Based Model (ABM) – these are new tools for extracting knowledge in various spheres of activity. With the
development of ABM should adhere to the following basic requirements [6]: the autonomy of the micro-level agents,
bounded rationality of their behavior (maximization of utility function, which allows for a wide range of possibilities is

4

The 4th International Workshop on Inductive Modelling IWIM’2011

excluded), functioning within a particular "environment". The ultimate goal of developing an agent-based models is an
attempt to get an idea of some set of rules of conduct specific agents, representing an artificial (virtual) community. The
encyclopedia "Wikipedia" is given to this concept the following definition: "Artificial Society – an agent-based model
developed for computer simulations in social analysis".
Among the software for the construction of ABM [7], we can allocate these most popular packages – SWARM and
AnyLogic. The first package is open source collection of software libraries developed at the Institute of Santa Fe and
available on its website [8]. Some of the libraries are written using the scripting language, providing the use of graphical
tools (graphics, windows, etc.). AnyLogic – it's a commercial package, its special class library AnyLogic agent based
library allows you to specify the required functionality from the agents of the model [9, 10].
The purpose of this article – to consider the methodological approaches to the construction of a hybrid ABM
assessment of knowledge in the field of distance learning using neural networks, one of the areas of artificial
intelligence. The creation of this hybrid model is aimed at support of computer experiments with the aim of estimating
trends in production and dissemination of knowledge to the distance learning. The results of studies of software
implementation of the hybrid ABM: AnyLogic and STATISTICA Neural Networks.

2 Theoretical Part
Specification of the task of designing a hybrid ABM is aimed at building an artificial society in which these interact
with the main types of agents: A1 – the authors of the DC, A2 – tutors to accompany the learning process, and A3 – the
students, participants of online courses. In other words, on the basis of the above definitions, we assume an artificial
(virtual) community micro-level set of agents that are included in ABM. Agents artificial societies behave quite
independently: make decisions, perform actions and interact with other agents. Actions of agents are their responses to
changes in the environment and the actions of other agents. A key aspect - it is the interaction between the agents. For
the implementation of any solution is enough agent. To implement the same interaction to be a group decision. Group
decisions, as is known, accepted, subject to certain rules, which are necessary to specify in our case.
Key assumptions in the development of the model are as follows:
−

terms of decision-making agents (participants) e-Learning moving in two dimensions and have a finite horizon of
vision;

−

agents, distance learning interact in a virtual learning environment, according to certain rules, have a finite lifespan;

−

target's distance learning course (agent of the first type) – to produce more knowledge and transfer them to tutor
and students, the goal of the tutor (agent of the second type) – to distribute knowledge among the largest possible
number of students, and the target students (agents of the third type) – to use more knowledge.

With a formalized description of the behavior of agents of distance learning (1) - (5) used the following notation: ai number of the author DC; aj - the number of tutor; as - number of students; k(t, ai), k(t, aj), k(t, as) - the volume of
existing (stored) knowledge, respectively, from the author of DC, tutor and student; w(t, ai), w(t, aj), w(t, as) - the
amount of transferred knowledge to other agents by the author of DC, the tutor and student, respectively; x - coordinate
along the horizontal axis (varies depending on the speed); y - coordinate of the y-axis (varies depending on speed); vx the rate on the horizontal axis (can be changed when the agent saw the interlocutor - the maximum speed); vy - velocity
along the vertical axis (can be changed if the agent saw the interlocutor - maximum speed, and after talking with the
agent); d1, d2, d3, d4, d5, d6 - share transfer knowledge from agent to agent; La - the life of an agent a; Ki, Kj, Ks - the
total amount of knowledge produced DC sponsors, tutors and students, respectively; K - total amount of knowledge in a
virtual training center; pi, pj, ps - the probability of occurrence, respectively, the author of DC, tutor and student.
The results of the simulation thus constructed ABM in SWARM given in [4].
Well, we want to investigate the effectiveness of the package AnyLogic to develop hybrid ABM estimates of
knowledge participants in e-Learning based on neural networks – one of the new directions of artificial intelligence.
Review of scientific papers devoted to this area, suggests that the results of neural networks, trained on a large number
of observations are more consistent with reality than expert systems (in which predicates are computed from the
knowledge base obtained by interviewing a small amount of experts) or a system of fuzzy logic (using the rules, which
are also incorporated a number of people).
Figure 1 shows the general scheme of hybrid ABM participants before. It is seen that in the process of creating a
hybrid model, we consider three artificial society, each of which represents a set of decision makers to develop and
spread in a virtual learning environment Moodle electronic knowledge. Support solutions provided by artificial neural
networks.
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For the creation of neural networks and their subsequent incorporation into the hybrid ABM, we used the data that
characterize the activity of knowledge extraction agent before. After a number of records (clicks), published in the
System event log Moodle, can be carried out annual monitoring (over the last 12 months) of basic actions of the
participants of training: review, update, add, delete, resources and jobs in remote courses or on the main page analyzed
the virtual training center. It should be noted that our study used four-month data characterizing 117 000 actions of
more than 500 agents, distance learning, among which about 10% are the authors of distance learning courses,
approximately 20% – tutors course, others – students.
All data describing the clique in the system event log management for Online Learning Moodle, divided into such
disjoint sets of data about clicks (activity): authors, tutors and students, members of the DC.

x ( j ) ( j = 1, 2, 3) . Each group also
On the basis of these data determined the number of clicks an agent j-th type ~
includes a conditional reference value ~
x ( j ) , which is defined within a specified range of variation of this parameter
0

( j)
( j)
x max
possible value) and corresponds to a better quality. In this case, a conditional
(between the lowest ~
and highest ~
x min
reference value may take expert assessment or specific performance standards.

x ( j ) ( j = 1, 2, 3) of this transformation (*), which resulted in its domain
Offered for each analyte-specific indicator ~
of possible values [0, 1] determined by the interval. In this case, the zero value of the transformed indicator x( j ) will
mean the lowest quality of certain characteristics, and identity – the greatest.
Thus, if the indicators on the number of clicks specified under the above-defined group, then go to the normalized
x ( j ) by using the following conversion:
indicators x( j ) related to the input variables ~
x( j) = 1 −

~
x ( j) − ~
x0( j )
.
( j)
), (~xmax( j ) − ~x0( j ) )}
max{(~
x0( j ) − ~
xmin

(*)

It is obvious that for each j-th group of the transformed (normalized) variable x( j ) can take values x ( j ) = 0
(corresponding to the worst quality) from to x ( j ) = 1 (in the best quality).
On the basis of the conversion (*) can proceed to the construction of artificial neural networks. This issue is solved
in two stages:
1) the choice of the type (arch) network,
2) selection of weights (learning) network.
Figure 2 shows the stages of construction and application of neural networks for their subsequent incorporation into
ABM.
In the first stage, for each type (or group) agent to the need of different network architectures to choose effective.
The most popular and studied architecture – a multi-layer perceptron, linear networks, probabilistic neural network,
generalized regression neural network, and others.
In the second stage should "educate" the selected network, to select such values of the weights of the network to
work properly. For many architectures developed special learning algorithms that allow you to customize the weight of
the network in a certain way (Tab. 1).
After repeated presentation of examples of clicks agents e-Learning Network weights stabilized, and the network
gives the correct answers to nearly all the examples from the database (figures clicks agents e-Learning). In this case we
say that a "network of trained" or "network is trained". In software implementations, we can see that in the learning
process, the error (the sum of squared errors for all outputs) is gradually reduced. When the error reaches an acceptable
low level, are stopped, and the training network is considered trained and ready to use on new data.
It is important to note that the information network has the task of estimating the trends of production and
dissemination of knowledge agents in a test environment, is contained in a set of examples of clicks agents e-Learning.
Therefore, the quality of the network training depends on the number of examples in the training set, as well as on the
extent to which these examples describe the task.
Among the software developed for the construction of neural networks, we have chosen a package STATISTICA
Neural Networks, which lets you create any type of neural network architectures. The package has a tool for "Master of
solutions, which provides for novice users design a set of neural networks with the best characteristics. You can also
apply the "Design of networks" that provides the selection and training of neural networks with the requirements of
advanced users.

6

The 4th International Workshop on Inductive Modelling IWIM’2011

Note also that the STATISTICA Neural Networks has a separate module - code generator, which adds to this package
can create the equivalent of a trained network (nekompilirovanny) code or in the language C / C + +, or in Visual Basic.
Each calculation and setting of artificial neural networks are open and accessible to the user for viewing, copying or
alteration. Code snippet creates a user of the neural network can be embedded as a function for future use of code in
other applications. The huge advantage of this opportunity that STATISTICA Neural Networks is not obliged to be
installed on the computer where the generated code.
Figure 3 shows examples of neural networks developed by means of STATISTICA Neural Networks for hybrid
ABM. Note, they have the same architecture – the multi-layered perceptrons. The differences between these neural
networks are composed in the number of neurons in the hidden layer, and some other parameters.
Numeric values indicated in Fig. 3 parameters of neural networks is not as important as the emphasis in this work
are made on the methodological approaches to the construction of hybrid ABM, and so we will now focus on the
technical issues of realization of neural networks, simply list their main purpose for the generated model.
 The neural network number 1 (NN#1) – determine the activity of agents of the first type on the basis of
forecasting the possible number of clicks and thus, assesses the level produced and distributed knowledge of the authors
of the DC.
 The neural network number 2 (NN#2) – defines the activity of agents the second type based on the prediction
of the possible number of clicks and thus, assesses the level extension’s tutors DC.
 The neural network № 3 (NN#3) – defines the activity of agents the third type on the basis of forecasting the
possible number of clicks and thus, assesses the level of consumption of knowledge by students, participants in distance
learning.
Consequently, the decision of agents of distance learning as it takes the corresponding neural network, receiving the
input variables which characterize the increase in value (utility) of knowledge for the participants of the artificial
society a certain type. The number of clicks measured taking into account the thresholds for the future, allows the
hybrid ABM (Fig. 1) to assess trends in production and dissemination of knowledge by agents, based on the activity of
each of the participants in distance learning.
At present in the environment AnyLogic created a working prototype model to allow fragmented implement
behavior agent to represented in Fig. 1, and analyze some of the parameters (finite lifetime agents).
The behavior of agent to the notation AnyLogic described by active objects. Active object – an entity that
encapsulates the object's attributes, methods, and the behavior of the object as a whole. The use of active objects is a
natural means of structuring the production and dissemination of knowledge to the distance learning: an artificial
society consists of a set of parallel functioning and interacting entities. Various types of these entities and represent
different active objects.
To create a model AnyLogic, you need to create classes of active objects (or use an object library AnyLogic).
Determination of the active object sets the template and the individual objects, constructed in accordance with this
template (copies of the active site) can then be used as elements of other active objects: avtorDK [..], tutor [..], student
[..]. Always a class in the model AnyLogic is the root. For him, in our hybrid AOM generates one instance of a
predefined named Main, he started AnyLogic system for execution. Each active object has the structure (the totality of
the included active objects and their relations), and the behavior defined by a set of variables, parameters, steytchartov
(state diagrams), etc. Each instance of active object in the working model has its own behavior, their values. It operates
independently of other model objects, interacting with them and with the environment.
Used to describe a hybrid model variables have the same structure. Fig. 4 is a diagram explaining the indexing
variables. Symbol X denotes the action (click), carried out by agent before. Examples of such actions can be P – image
resources and jobs in distant course, O – updating resources and jobs in DC, D – the addition of resources and jobs in
DC, as well as U – removal of resources and jobs in DC. Usually clear from the context of what the action in question.
The index c determines the distance learning course in which the agent acts. Number of distance learning agent is given
an index i. Finally, j – the index, indicating the type of agent (A1 – author, A2 – tutor, A3 – student).
It should be noted that the specifications of the behavior of agents analyzed hybrid ABM certain actions at the
entrance to provide an indication of the code execution of an artificial neural network.
The basic paradigm, adopted in AnyLogic in modeling, is a visual design – provides for the construction with the
help of graphics and icons hierarchies of structure and behavior of active objects.
Figure 5 shows an example specification of behavior of agents created a hybrid that reflects the interaction between
the authors DC, tutors and students, participants in distance learning. As seen from Fig. 5, the line "Action at the
entrance to" determine the interaction of agents using a neural network number 1 (NN#1), sends a message to forecast
the number of clicks by the authors DC all related agents to distance learning, and thus assess the level produced and
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distributed knowledge. As seen from Fig. 5, the line "Action at the entrance to" determine the interaction of agents
using a neural network number 1 (NN#1), sends a message to forecast the number of clicks by the authors DC all
related agents to distance learning, and thus assess the level produced and distributed knowledge.
Effect in exit provides three situations:
1. During the meeting, the two authors of DCs in both knowledge gain is proportional to the knowledge of the
interlocutor.
2. At a meeting with the tutor's rate of growth in knowledge is not happening, but the growth rate occurs, which
characterizes the transfer of knowledge. I tutor is knowledge gain in proportion to the knowledge of the authorDK.
3. During a meeting with a student from the author is an increase (significantly less than at a meeting with the tutor)
transferred knowledge and the student – increase in consumption of knowledge.
The behavior of the tutor (A2) and student (A3) in hybrid ABM reflected similarly by using respectively, the neural
network #2, and neural network #3.
For example, consider the flowchart (chart) action AvtorDK (Fig. 6). This code will be performed at every step of
the agent.
Consider the effect on each block separately. Figure 7 allocated block in which a variable "neighbor" neighbors are
assigned the current agent, and checked whether they had, if any, it moves the entire array of these neighbors and they
performed certain actions, for example: check this neighbor belongs to a group of agents and also to distance course.
The following figure shows the algorithm to check its neighbor belonging to a particular type of agent and also to
distance course, and depending on this, certain actions are performed. This unit also can be described with these words:
1. If the neighbor is the author of this agent unit then proceed to 2 points, if not, go to the next block.
2. If this neighbor is the same unit then go to step 3, if not, then this share is divided by the value of n, indicating
the usefulness of this knowledge (larger n, so less useful knowledge, namely n = 2 helpful rather than n = 5).
3. Some neighbors share knowledge goes this agent (Fig. 8).
Variable of k_avtor indicates the number of knowledge from a neighbor.
Similarly, other units are depicted in Figure 9 and Figure 10, except for algorithm knowledge transfer from the agent
to the neighbor, as they are transmitted, depending on the type of neighbor (Tutor or Student).
And finally completes flowchart checking whether the knowledge that any agent: if not, he fulfilled his mission, that
is "dying".
Convenient means of developing an animated representation of a hybrid model in the medium AnyLogic enable us
to represent the functioning of the simulated process of production and dissemination of knowledge in the form of a
living dynamic animation that allows you to "see" the behavior of the of agents of distance learning.
Animation tools make it easy to create a virtual world (a set of graphic images of the analyzed agents), controlled by
the laws of the model parameters defined by the equations and logic of the modeled objects.
An agent-based model of the participants of e-learning makes it possible to visually observe their actions. To view
specific variables of any agent using the system control panel to suspend the process simulation. Figure 11 of the model
is clearly visible as the knowledge produced in total each group of agents, as well as knowledge produced accounted on
average for each group of agents (pie chart).
Fig. 11 top graph shows the dynamics of agents of each type. On the X-axis shows the training, the Y-axis number of
agents. Graph that displays the number of middle knowledge produced by each type of agents in general. This produced
a large number of student shown in the chart, due to the fact that many students (their starting number was 140 people,
compared to the amount of tutors - 40 authors DK - 20), but all have pie chart shows the average number of produced
knowledge each type of agents.
You can also see statistics for the balance of knowledge in each of the agents after the computer simulations and the
number of meetings with each agent (Fig. 12).
Content interpretation of diagrams, which are presented in Fig. 12, is the following. Great chart shows the number
of knowledge (variable k_avtor) for each agent type AvtorDK other smaller chart reflects the number of meetings each
agent with other types of agents. For example agent A(3), for which the value k_avtor = 30.304, met in a computer
experiment 0 times with other authors DC, 3 times with other tutors, and 14 times with students.
Similar meetings chart based on the quantity of knowledge transferred in virtual learning environment can be
observed for other agents through e-learning is presented in Fig. 12 tabs Tutor and Student.
It should be noted that these figures can copy data and paste them into MS Excel or some other application.
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2.1 Tables
Tab.1. The main types of neural networks and algorithms for their learning.
Multilayer perceptron (MP).
The three-layered MP (there is 1 hidden layer) is almost
simulates a problem of any complexity. MP network can
be trained on the basis of such algorithms:
- Conjugate gradient method,
- Quasi-Newton,
- Levenberg-Marquardt,
- Converse and Rapid spread,
- Delta-delta with a dash.

Radial basis function (RBF).
These networks have an input layer, hidden layer
with radial elements and an output layer of linear
elements.
RBF relatively quick to learn on-the basis of linear
optimization.
You can also use the learning algorithms and MP.
However, RBF is larger than the multilayer
perceptron and therefore are slower.

Linear network (LAN).
LAN has only two layers: input and output, the latter has a
linear post-synaptic potential function and the activation
function.
Linear network is better trained by the method of
pseudoinverse. This method optimizes the last layer of any
network, if it is linear.

Bayesian networks (PNN, GRNN):
- probabilistic neural network is used only in
problems of classification,
- the generalized regression neural network is used
only in problems of regression.
These networks are trained on the basis of cluster
algorithms: k-means, etc.

2.2 Figures
А1 А3 -

А2 -

Neural Networks

…

..
.

…

Fig. 1. The general scheme of the hybrid model.
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Network Selection

Education Network

Application

Decision

Setting the
weights
Network

Trained network
Database

Data

Fig. 2. Stages of construction and application of neural networks.

Profile : MLP s6 1:6-2-1:1 , Index = 14
T rain Perf. = 0,615074 , Select Perf. = 0,671297 , T est Perf. = 0,594293

Profile : MLP s6 1:6-3-1:1 , Index = 15
T rain Perf. = 0,851079 , Select Perf. = 0,738380 , Test Perf. = 0,842528

a)

b)

Fig. 3. Network architecture proposed by the Master of solutions
STATISTICA Neural Networks.

Encoding
type

Agent
Type

Carried out by an
agent of the action

A

j

i

c

X

Number
of agent

Encoding DC

Fig. 4. Designation of the variables in the ABM.
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Fig. 5. Example specification of objects ABM.

Fig. 6. Flowchart action agent AvtorDK.
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Fig. 7. Block search "neighbors".

Fig. 8. Block algorithm knowledge transfer – if the AuthorDK meets AuthorDK.

Fig. 9. Block algorithm knowledge transfer – if the AuthorDK meets Tutor.

Fig. 10. Block algorithm knowledge transfer – if the AuthorDK meets Student.
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Fig. 11. The main window of computer experiments.

Fig. 12. Charts balance of knowledge and meeting agents on the example of the
authors DK.
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2.3 Equations
The state's author DC ai at time t is characterized by the following set of parameters: k (t , ai ), w(t , ai ), x, y, v x, vy.
Similarly, we define the state of tutor and student.
Meeting of the two authors DC:
k (t + 0, ai1 ) = k (t , ai1 ) + d1 k (t , ai 2 ),
k (t + 0, ai 2 ) = k (t , ai 2 ) + d1 k (t , ai1 ),

(1)

w(t , ai 1 ), w(t , ai 2 ) remain the same.

Meeting the author of DC and the tutor:
w(t + 0, ai ) = w(t , ai ) + d 2 k (t , ai ),
k (t + 0, a j ) = k (t , a j ) + d 3 k (t , ai ),

(2)

k (t , ai ), w(t , a j ) remain the same.

Meeting the author of DC and the student:
w(t + 0, ai ) = w(t , ai ) + d 4 k (t , ai ),
k (t + 0, a s ) = k (t , a s ) + d 4 k (t , ai ),

(3)

k (t , ai ) remain the same.

Meeting of the tutor and the student:
w(t + 0, a j ) = w(t , a j ) + d 5 k (t , a j ),
k (t + 0, as ) = k (t , as ) + d 5 k (t , a j ),

(4)

k (t , a j ) remain the same.

The meeting of two students:

k (t + 0, as1 ) = k (t , as1 ) + d 6 k (t , as 2 ),
k (t + 0, as 2 ) = k (t , as 2 ) + d 6 k (t , as1 ),
w(t + 0, as 1 ) = w(t , as1 ) + d 6 k (t , as 2 ),

(5)

w(t + 0, as 2 ) = w(t , as 2 ) + d 6 k (t , as1 ).

3 Conclusion
However, some features create hybrid ABM estimating of knowledge of participants in distance education may receive
further practical application.
The results of these studies suggest the following conclusions and generalizations based perspectives.
1. Agent-oriented models and artificial neural networks can be regarded as an effective means to support research in
the field of e-learning.
2. The results of computer simulations indicate a possible way of practical application created hybrid ABM to
determine:
− temporal parameters (for the object "Schedule" on the basis of characteristics such agents as the deadline for their
lives) in the executable Open Source-project "Electronic Deanery", aimed at developing a module of type "block" in the
management of distance learning Moodle [11];
− a rational structure of groups of participants of e-learning in which the amount produced and the spread of
knowledge tends to the theoretical maximum value;
− needs redesigning distance learning courses (DC or DK) and improve their quality through the development and
implementation of adaptive mechanisms of interaction between the key agents of e-learning, for which the important
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role played by the use of such active components of distance learning courses, as chats, webinars and panel discussions
on the forums.
3. In the future we intend to continue to explore effective ways to use the package for the construction of AnyLogic
considered a hybrid of ABM in order to assess the production and dissemination of knowledge to the distance learning.
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Abstract. We propose a new principles and technique to speed up constraint-based algorithms for learning dependency
structures from data. Novelty of proposed framework comes from implementing rules of inductive inference
acceleration, which can radically reduce a searching space for model’s skeleton inference. Inductive inference
acceleration rules facilitate fast identification of skeleton by performing such functions: recognition of edge presence
(absence); recognition of some variables as non members (obligate members) of supposed separator. It has been
demonstrated that algorithms, equipped with proposed rules, perform learning Bayesian networks (of moderate density)
multiple times faster then well-known PC algorithm. The acceleration can be extended to the case of ancestral graphs
models, i.e. causal networks with hidden variables.

Keywords
Inference of dependency networks from data, constraintbased algorithms, causal models, d-separation, conditional
independence.

1 Introduction
Probabilistic modeling of dependency systems with graphical representation is attractive research topic on intersection
of multivariate statistics, graph theory, information theory and artificial intelligence. Probabilistic graphical models are
compact formalism for knowledge representation and efficient reasoning under uncertainty. Among all graphical
models the most widespread are acyclic directed graph models (ADGs, also abbreviated as DAGs). ADG model is
comprehensible framework which is able to reflect causal relationship and provide efficient probabilistic inference from
evidence [1–3]. ADG model class has appeared a powerful tool for numerous applications such as medical and
technical diagnostics, gene expression analysis, robotics, speech recognition, classification, marketing, econometrics
etc. Most commonly used are two kinds of ADG models: Bayesian networks (i.e. models with variables of nominal
type) and Gaussian networks (i.e. linear models with continuous variables and normal disturbances).
We address the problem of improving the performance of constraint-based algorithms for inference of dependency
networks from data. Learning of dependency networks from data is difficult and computationally non-trivial due to the
enormous size of the space of networks: the number of possible structures is super-exponential in the number of nodes
(variables). We propose a new way to improve constraint-based algorithms by equipping the algorithms with special
rules, called rules of inductive inference acceleration. This rules are strongly justified by acyclic property of digraph,
the criterion of d-separation and appropriate version of the Causal faithfulness assumption. Rules of inductive inference
acceleration can radically reduce a runtime of structure inference via cutting branches of searching for separators.
Experimental evaluation demonstrates that our algorithm (‘Razor’) performs learning Bayesian nets of moderate density
multiple times faster then well-known PC algorithm. The error rate of ‘Razor’ algorithm is just insignificantly worse
than that of PC algorithm.

2 Basic Definitions
Taking into account one-to-one correspondence between variables and vertices in a model we shall use terms variable
and vertex interchangeably. If there is arc (directed edge) X → Y in a graph, then vertex (variable) X is said to be a
‘parent’ of vertex Y . When ignoring the directions of arc X → Y , we will call it an edge and denote X − Y .
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Vertices connected by arc (edge) are said to be adjacent. We denote by F(X ) a set of parents of vertex X , by
Adj( X ) – a set of vertex vertices adjacent to X . A path is a sequence of incident edges X − ⋅ ⋅ ⋅ − Y without
repetition of intermediate vertices. A strictly oriented path (orpath) X → ⋅ ⋅ ⋅ → Y is a path on which all edges are
oriented toward the same end of the path. When ignoring the directions of all arcs in a graph G , we get the skeleton of
graph G . Acyclic directed graph (ADG) is digraph which contains no one cyclone (orcycle) X → ⋅ ⋅ ⋅ → X .
ADG model M is defined as pair ( G , ϑ ), with G being acyclic directed graph, and ϑ being attributed
parameters. A parameters of Bayesian network are defined as p ( X | F( X )) , whereas a parameters of Gaussian network
are more conviniently defined as coefficients of linear equations (attributed to edges) and dispersions of variable values.
Markov properties of ADG model are formalized through criterion of d-separation [1–3]. This criterion is defined
purely in graph terms and can be efficiently verified. If a set Z of vertices d-separates vertices X and Y , then Z is
said to be a separator for pair X , Y ∉ Z , denoting this by Ds( X ; Z; Y ) . For opposite fact (when d-separation is not
met) we will use denotation ¬Ds( X ; Z; Y ) .

An assertion of conditional independence of variables X and Y given a set of variables Z will be denoted by
predicate Pr ( X ; Z; Y ) , where X , Y ∉ Z . This independence means that p ( XY | Z) = p ( X | Z) ⋅ p (Y | Z) . In
Gaussian networks a similar assertion is usually expressed by zero value of partial correlation coefficient.
Unconditional independence is a special case of conditional independence with empty condition, that is Pr ( X ; {}; Y ) ,
or Pr ( X ; ; Y ) for short. If Pr ( X ; Z; Y ) holds we call Z a empirical separator for ( X , Y ) .

As it is known [1–3], the fact of d-separation in G entails corresponding probabilistic conditional independence in

M = (G , ϑ ) :

Ds( X ; Z; Y ) ⇒ Pr ( X ; Z; Y ) .

(1)

Thus all Markov conditional independencies can be read off the model’s graph regardless of parameter values.
Apparently, there no one d-separator exists for adjacent vertices in a ADG. Class of ADG models naturally generalizes
to more expressive class of causal networks which allow reflecting a presence of latent variables.

3 The Problem and Theoretical Justification for Improving Model Induction
An important problem is inferring the structure of dependency networks from data (this process is sometimes called
causal discovery). Model inferring can provide insights into the underlying data generation process. Two major classes
of methods exist for learning the structure of causal networks. One class comprises so-called score-based methods,
which learn the structure by conducting a search in the space of all structures in an attempt to find the structure of
maximum score. The score metric is usually penalized log-likelihood, for example, the Bayesian Information Criterion
(BIC), or a posteriori probability etc. A second class of algorithms works by exploiting the fact that a causal network
implies the existence of a set of conditional independence statements between sets of domain variables. These
algorithms (called constraint-based or independence-based) use the outcomes of a number of conditional independence
tests to infer a consistent structure. (It is possible to identify a structure up to equivalence class only). In this paper we
address some open problems related to the constraint-based algorithms and provide useful improvement.
Constraint-based algorithms for learning the model’s structure from data rely on quite heavy assumptions, such as
the Causal faithfulness assumption and the correctness of independence tests. The Causal faithfulness assumption [2–5]
may be expressed by the rule:
∀X , Y ∉ Z : Pr ( X ; Z; Y ) ⇒ Ds( X ; Z; Y ) .
(2)
Taking into account that reliability of conditional independence tests is sensitive to sample bias, accepting the
assumption practically leads to possible errors. A constraint-based algorithm deletes an edge X − Y when finds a fact
that variables X and Y are conditionally independent under some condition Z . So a constraint-based algorithm
tries to find a separator for each pair ( X , Y ). The smaller data sample is the less reliable inference turns out to be. To
justify some particular inference algorithm, it may be sufficient to accept a more robust than (2) version of the Causal
faithfulness assumption.
Constraint-based algorithms are more fast, than ‘search&score’ algorithms. But both classes of algorithms turn out
to be unsatisfactory for many practical tasks. When data are discrete and number of variables goes beyond a few tens,
the algorithms require overly many runtime (although for Gaussian networks the execution time may be acceptable for
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more than hundred variables). This limitation comes from combinatorial nature of the learning algorithms, since in
essence the algorithm searches for separator for every pair of variables. This search is especially hard when causal
ordering of variables is not given (which assumed below to be the case). The main goal of our proposals is to increase a
speed of inductive inference of ADG models.
The most popular constraint-based algorithm seems to be the PC-algorithm [2–5]. It performs inference in three
phases: 1) inference of graph’s skeleton; 2) orienting edges of graph inferred; 3) calculating model parameters. The first
phase is point of our attention. PC-algorithm starts from a complete, undirected graph and deletes recursively edges
having obtained independence facts. The algorithm iteratively forms tentative separators in growing order of
cardinality. PC-algorithm runs in the worst case in exponential time (as a function of the number of nodes), but if the
true ADG is sparse, a runtime appears to be acceptable (polynomial).
Searching for separators is a core task of model inference. It is known to be a hard problem. The key invention of
PC-algorithm is the following principle: to include in a tentative separator for pair ( X , Y ) only variables which are
supposedly adjacent to X or to Y . This considerably reduces a search space and renders the inference much faster. But
for networks of even moderate density searching for separators still remains very complex and expensive. A separator
Z may be a set of any cardinality (of course, no larger, than (n-2)). Thus the problems with such methods are
combinatorial complexity and low reliability in edge identification. This comes from unreliability of result of
independence test under small data sample. When a cardinality of condition Z grows up (in discrete model), a data is
splitting (and sample degrades). For reliable recovery of a ‘true’ model it is desirable to come with tests of low rank
whenever possible. Perhaps the worst consequence of PC-algorithm strategy is typical situation when there edge
X − Y exists, but PC continues an attempts to find a separator for ( X , Y ) and performs superfluous combinatorial
works. Indeed, for each pair of adjacent variables ( X , Y ) the algorithm examines all subsets of Adj( X ) and all
subsets of Adj(Y ) as tentative separators. Therefore, of especial impotance is to recognize the edge presence as early
as possible.
Our main purpose is further to focus searching for separators and to render an algorithm more clever and efficient.
The key idea to achieve the goal came from perceiving that there exist some implications among conditional
independence facts in ADG model. Than is, when certain d-separations are satisfied in digraph G , this immediately
constraints other d-separations (with overlapping subsets of vertices) in G . Moreover, when a model meets certain list
of conditional independencies, then some other certain conditional independencies became implied or prohibited. So,
having obtained a pattern of dependencies/independencies, we can constraint space of possible separators or even edges.
Understandably, (in)dependencies of low rank should be used to optimize searching for independencies of higher rank.
Knowing of some minimal separators assists to narrow searching for “contiguous” separators (in neighborhood).
A starting point for elaboration and justification a new inference rules and principles is notion of locally-minimal
separator [6].
Definition 1. A d-separator Z for pair ( X , Y ) is said to be locally-minimal separator, iff for any W ∈ Z it is

satisfied ¬Ds( X ; Z \ {W }; Y ) . In words, removing any member of locally-minimal d-separator from conditioning set
destroys d-separation at hand.
This definition is known to be equivalent to the following one. A set Z is called a locally minimal d-separator for
pair ( X , Y ) , iff Ds( X ; Z; Y ) and ¬Ds( X ; Z' ; Y ) for any Z'⊂ Z .
A d-separator Z * for pair ( X , Y ) is said to be minimal in G , iff there is no one d-separator Z for pair ( X , Y ) in
G such that | Z |<| Z* | . In words, minimal separator is the one of minimal cardinality.
As demonstrated in [6, 7], any member of some minimal (locally-minimal) separator must to meet certain necessary
conditions. This was formalized via appropriate statements and rules. The rules and statements are derived from the
criterion of d-separation and acyclic property of digraph. Developed rules assist to rule out ‘false’ candidates to a
(locally)minimal separator. Proposed rules facilitate an accelerated identification of edges (or its absence) in a
dependency structure. These rules apply patterns of (in)dependencies of zero and one rank only.
All proposed (and others, expectedly useful) rules may be classified (grouped) accordingly to roles (functions) they
perform. There are the following four roles of rules developed: 1) recognition of edge presence; 2) recognition of edge
absence; 3) deleting some variables from candidates in d-separator; 4) recognition of some variables as obligate
members of supposed separator. It is useful to involve a fifth family of rules. These rules recognize some variables as
not obligate for separation (even though minimal separator may be missed).
One of the most important rules is the following.
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Rule of ‘placing aside’. If there Ds(Z; X ; Y ) & ¬Ds(Z; ; Y ) holds in model G , then vertex Z is not a member of
any locally-minimal d-separator for pair ( X , Y ) in G .
The following rule can play important role because it recognizes edge presence, thus finishing a search for separator
for relevant pair.
“Lack of separator’s pivot” rule. If ¬Ds( X ; ; Y ) and there exists no one vertex Z which satisfy

¬Ds(Z; ; X ) & ¬Ds(Z ; ; Y ) & ¬Ds(Z; X ; Y ) & ¬Ds(Z; Y ; X ) in model G , then edge X − Y is present in G .
One can easily verify that it is sufficient to employ the two presented above rules for identifying any structure in
subclasses of ADG – a forest and poly-forest (poly-tree) [8]. An example of forest (tree) is depicted in figure 1a (such a
structure is widely known as Naïve Bayes classifier). A structure depicted in figure 1b exemplifies a general case of
ADG model.
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Fig. 1. Two examples for illustration: (a) tree; (b) ADG model.
Also very useful may be the following rule.
Rule of ‘strange gene’. If there ∃W : Ds(W ; ; X ) & ¬Ds(W ; Z ; X ) & Ds(W ; ; Y ) & ¬Ds(W ; Z ; Y ) holds in a
model G , where Z ∈ Adj( X ) ∪ Adj(Y ) , then vertex Z is not a member of any locally-minimal d-separator for pair
( X ,Y ) .
Note that requirement Z ∈ Adj( X ) ∪ Adj(Y ) is not necessary and is added in aiming to narrow the rule.
More rules can be found in [6, 7].
To obtain rules of inductive inference acceleration (which may be utilized for inference from data) it is needed to
replace graphical predicates in the rules mentioned above by isomorphic empirical predicates. Such conversion is
principally justified by the Causal faithfulness assumption. Appropriate versions of the Causal faithfulness assumption
(sufficient to justify inference of model’s skeleton from statistical data) are discussed in [6, 7, 9]. Then we can employ
empirical counterparts of mentioned rules in induction algorithm. Of course, exploiting empirical rules of acceleration
in model induction from real data sample brings additional risk of mistakes. Empirical risk of mistakes should be
evaluated experimentally.

4 Experimental Evaluation of Proposed Improvements for Model Induction
Using known PC algorithm as starting point and background, we have developed a new constraint-based algorithm for
inference of dependency structures from data. New series of algorithms (which we call ‘Razor’) are augmented with
rules of inductive inference acceleration, proposed above. We have decided to retain the following main principle of PC
algorithm. Only vertices adjacent to X or to Y are used as candidates to tentative separator for ( X , Y ) . When
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implementing the first version of our algorithm (‘Razor-1.1’), we selected several acceleration rules, taking into account
their expected efficiency and reliability. For more detailed description of Razor-1.1 algorithm see [9]. All compared
algorithms (including PC and Razor-1.1) were implemented in MATLAB package obeying the same style. Evaluation
and comparison of the algorithms were performed at two levels (in two modes): graphical and empirical mode.
Graphical mode (‘logical simulation’) means, that d-separation facts are given in the input of algorithm. Under
empirical mode the results of independence tests on real data sample are used. Results of logical simulation on
collection of examples (models) have confirmed the correctness of developed algorithm.
As noted above, it is sufficient to enrich an algorithm like PC with just the two rules (placing aside rule and “lack of
separator’s pivot” rule) for enabling algorithm to recover a model, whose structure falls into a class of forest or polyforest, by executing tests of unconditional independencies and conditional independencies of first rank. In particular,
algorithm Razor-1.1 would identify a structure of figure 1a by tests of 0-rank and 1-rank only. In contrast, basic PC
algorithm when inferring the same model would work out test up to 9th rank (inclusively).
An effectiveness of our algorithm ‘Razor-1.1’ in general case of ADG model may be illustrated by the following
example. Chosen model structure is depicted in figure 1b. It consists of 15 vertices and 30 edges. To reconstruct a
skeleton of this model (in logical simulation mode), algorithm PC has required about ten thousand of tests of dseparation, including tests of rank 8. In contrast, algorithm Razor-1.1 has completed reconstruction using tests up to
rank 4 only. (Number of tests was reduced approximately by factor ten.)
To accomplish more realistic examination of developed algorithm, we perform a series of inductive inference from
real data samples. A wide collection of synthetic models were used for experiments. Model structures were generated
randomly, all with 20 vertices (variables). Number of edges ranges from 40 to 70. A model’s parameters were also
generated randomly for each structure, with variables being binary and ternary. Then data samples (of sizes 10000 and
20000) were generated from the models. Results for samples of size 20000 are presented below.
Absolutely all conducted experiments demonstrated better performance (speed) of Razor-1.1 algorithm relative to
that of PC. Also Razor-1.1 allows reducing a maximum rank of tests executed. But Razor-1.1 regularly performs worse
in accuracy (it commits more mistaken edges). Nevertheless, number of edge loses (omissions) and edge additions
increases insignificantly, whereas acceleration grows radically. In part, for the group of models with 20 vertices and 60
edges algorithm Razor-1.1 performed inference by 5.8 times faster than PC (in average), while number mistakes
increased by 1.4 times. Results obtained for the group of models with 20 vertices and 50 edges are presented in figure 2.
There are depicted runtime values of both algorithms. Acceleration values ranges from 2.6 to 15 times. Note, that
average rate of mistakes was 19% for PC and 22% for Razor-1.1.
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Fig. 2. Performance of two examined algorithms.
Especially interesting is the fact, that acceleration appears higher for more complex inferences. For instance, to infer
the model labeled as B30, our algorithm spent 6 minutes only, while algorithm PC spent about 1.5 hour. For the model
labeled as B38 (with 60 edges), corresponding runtimes appeared to be 13 minutes versus 2 hour 40 minutes. So,
proposed methodology and technique provides considerable improvement of inductive inference. It should be noted,
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that such high values of runtime are caused by the interpretation mode of code execution. But we are interested in
relative runtimes only.

5 Conclusion
We have developed new principled tools to enforce constraint-based algorithms for learning dependency structures and
causal diagrams from data. Novelty of our proposals comes from implementing rules of inductive inference
acceleration, which can radically reduce a searching space for skeleton inference, thus reducing computational
complexity. A rules for efficient picking up a minimal d-separating sets in an ADG models are deduced from the
criterion of d-separation and acyclic property of digraph. The innovation proposed allows overcoming one of the main
shortcomings of known methods and algorithms for causal inference – overly combinatorial complexity. The goal is
achived by equipping the well-known PC algorithm with rules of inductive inference acceleration. This provides an
important ability to recognize edge presence or edge absence, and also to recognize some variables as unnessesary or as
obligate in searching for supposed separator. In part, modification proposed facilitates recovering a dependency forest
or poly-forest by means of first-rank tests only (but algorithm still retains performance in general case). Experiments
have demonstrated that algorithm equipped with proposed rules performs learning Bayesian nets (of moderate density)
multiple times faster then PC algorithm. At the same time, number of errors grows much more slowly. Thus inductive
inference acceleration rules facilitate fast identification of skeleton of causal model.
It worth to note, that most of the rules of inductive inference acceleration may be extended to the case of causal
diagrams with latent variables (some corrections to the algorithm should be done).
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Abstract. Cascade GMDH-wavelet-neuro-fuzzy network is proposed. As the nodes of such network the compartmental
R-neurons with Epanechnikov activation function and compartmental adaptive fuzzy-wavelons with adaptive waveletmembership function are used. The learning algorithms which have both tracking and filtering properties and allow to
tuning in on-line mode not only synaptic weights but and activation-membership function parameters are proposed. The
computational experiments confirm to effectiveness of developed approach.
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1 Introduction
At present time the systems of CI, first of all, ANNs have gotten wide spreading for large class of identification,
emulation, intelligent control, time series prediction and many other tasks solving, due to its universal approximating
possibilities and ability to learn. As far as when a number of practical tasks solving, under condition that the learning
sample volume is restricted, the learning rate factor goes in the forefront. At the same time not all neural networks (and,
first of all, the most popular multilayer perceptrons (MLP) being learned using errors back propagation) satisfy real task
conditions because of adjustment process low rate and possible overfitting effect. As one of the fastest networks, that
are being learned based on second order optimization procedures, Radial-Basis Functions NN (RBFN), which output
signals linearly depend on adjusting synaptic weights, can be mentioned. However, RBFN suffer from so-called “curse
of dimensionality”, when the number of hidden layer neurons (R-neurons) exponentially grows with input vector signal
dimensionality growing.
It can be possible to overcome above-listed problems by partitioning in one or another way the initial tasks into the
set of low-dimensional subtasks and uniting later in some way the obtained results to get required result. From
computational point of view the most convenient in this case is Group Method of Data Handling (GMDH) [1-7] that
demonstrated its efficiency when solving a great number of practical tasks.
It seems to be reasonable to unite the ideas of GMDH with CI systems for getting qualitatively new results in Data
Mining, intelligent control and other scientific areas. At present time GMDH-NN, nodes of which are two-input NAdalines [8], is well-known. Each of N-Adalines contains the set of adjustable synaptic weights that are estimated using
standard least squares method and provides quadratic approximation of restoring nonlinear mapping. On the other hand,
for needed approximation quality ensuring this ANN can require considerable number of hidden layers.
The present work is devoted to the synthesis of numerically simple and high-performance learning algorithms of
GMDH-neural networks that use different activation functions: polynomial, radial-basis, wavelet-fuzzy et al., for
various Data Mining tasks solving based on adaptive approach.

2 Evolving cascade GMDH-NN
Computational unhandiness of convntional multilayer GMDH-NN forces to look for alternative variant in the capacity
of which evolving cascade GMDH-NN can be used. Its architecture is presented on figure 1.

22

The 4th International Workshop on Inductive Modelling IWIM’2011

Fig. 1. Evolving cascade GMDH-NN
To the zero (receptive) network layer (n × 1) -dimensional vector of input signals x = ( x1 , x2 ,..., xn ) Τ is fed. This
signal then is fed to the first hidden layer containing n1 = Cn2 compartmental neurons, on the outputs of which the
signals yˆ l[1] , l = 1, 2,..., 0.5n(n − 1) appear. These signals are fed to the selection block of the first hidden layer SB that
selects from the set yˆ l[1] the best from the standpoint of variance σ y2ˆ[1] n1* < n1 signals. Selection block SB performs sort
l

[1]
l

ing of all the signals yˆ

so, that σ

2
yˆ1[1]*

<σ

2
yˆ [1]*
2

< ... < σ

2
yˆ n[1]*
1

. First layer (cascade) outputs ŷ1[1]* and ŷ2[1]* are fed to the only

neuron of the second cascade CR − N [2] forming signal ŷ [2] that further in the third cascade is united with selection
block output ŷ3[1]* . The process of cascades increasing is continued until required accuracy is obtained. The overall
neurons number of such a network is defined by the value 2n1 − 1 .

3 Nodes of Evolving Cascade GMDH-NN
3.1 Compartmental R-neuron with multidimensional Epanechnikov kernels and its learning
algorithm
On the figure 2 the structure of compartmental R-neuron (ECR-N), coinciding with CR-N architecture described above,
is presented.

Fig. 2. Compartmental R-neuron with Epanechnikov kernels (ECR-N)
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The main difference between ECR-N from CR-N is that as activation functions ϕ hij ( x ij , chij , Σ ijh ) multidimensional
Epanechnikov kernels are used [9-11] in the form

ϕ hij ( x ij , chij , Σ ijh ) = 1 − x ij − chij

2

(Σ )
ij
h

−1

.

(1)

They have bell-shaped form with positive definite (2 × 2) -matrix of receptive field Σ ijh . The advantage of activation
function (1) in comparison with conventional Gaussians is that its derivatives are linear according all the parameters
that allows to adjust sufficiently simply not only synaptic weights but also centers with receptive fields.
The transformation realizing by ECR-N has a form
p

p

2
⎛
⎞
yˆ l = wlij0 + ∑ wlhij ϕ hij ( xij , chij , Σijh ) = wlij0 + ∑ wlhij ⎜1 − x ij − chij ij −1 ⎟ .
Σh )
(
⎝
⎠
h =1
h =1

Introducing

in

the

( p + 1) × 1 -vector

consideration

of

activation

functions

ϕ ( x(k )) = (1, ϕ ( x (k ), c , Σ ),..., ϕ ( x (k ), c , Σ )) and learning criterion
ij

ij
1

ij

ij
1

ij
1

ij
p

ij

ij
p

ij
p

Τ

N

N

N

k =1

k =1

k =1

ElN = ∑ ( y (k ) − yˆl (k ))2 =∑ el2 (k ) =∑ ( y (k ) − ( wlij )Τ ϕ ij ( x(k )))2 ,

(2)

we can write learning algotitms based on recurent least squares method
⎧ ij
Pij (k − 1)( y (k ) − ( wlij (k − 1))Τ ϕ ij ( x( k ))) ij
ij
ϕ ( x(k )),
⎪ wl (k ) = wl (k − 1) +
1 + (ϕ ij ( x(k )))Τ Pij (k − 1)ϕ ij ( x(k ))
⎪
⎪
Pij (k − 1)ϕ ij ( x(k ))(ϕ ij ( x(k )))Τ Pij (k − 1)
⎪
=
−
−
P
(
k
)
P
(
k
1)
,
⎨ ij
ij
1 + (ϕ ij ( x(k )))Τ Pij (k − 1)ϕ ij ( x (k ))
⎪
⎪ P (0) = γ −1Ι, γ >> 0.
⎪ ij
⎪
⎩

(3)

In nonstationary tasks, for example, adaptive identification of nonstationary objects or prediction of nonstationary
time series problems, high-performance adaptive learning algorithm, having both filtering and tracking properties [12],
can be used:

⎧ wij (k ) = wij (k − 1) + η (k )( y (k ) − ( wij (k − 1))Τ ϕ ij ( x(k )))ϕ ij ( x(k )) =
l
w
l
⎪ l
⎪ ij
ij
=
−
+
w
(
k
1)
η
(
k
)
e
(
k
)
ϕ
(
x
(
k
)),
⎨ l
w
l
⎪ −1
2
ij
⎪⎩η w (k ) = rw (k ) = α rw (k − 1) + ϕ ( x(k )) , 0 ≤ α ≤ 1,

(4)

where α – smoothing parameter, specifying the compromise between filtering and tracking properties.
For the purpose of ECR-neuron approximating properties improving not only synaptic weights but also centers with
receptive fields can be tuned. Due to Epanechnikov kernels using learning algorithms have sufficiently simple form.
Learning algorithm of ECR-neuron can be obtained using gradient learning procedure of criterion (2) minimization
and its performance optimization technique [13]
⎧ wlij (k ) = wlij (k − 1) + ηw (k )el (k )ϕ ij ( x(k )),
⎪
2
⎪ηw−1 (k ) = rw (k ) = α rw (k − 1) + ϕ ij ( x(k )) ,
⎪
⎪cij (k ) = cij (k − 1) + η (k )e ( k ) wij (k ) ( Σij (k − 1) )−1 ( xij ( k ) − cij ( k − 1)) = cij (k − 1) + η (k )e (k ) g (k ),
h
c
l
l
h
h
h
c
l
h
⎪ h
⎨
2
−1
⎪ηc (k ) = rc (k ) = α rc (k − 1) + g h (k ) ,
⎪
−1
−1
−1
⎪( Σijh (k ) ) = ( Σijh (k − 1) ) − ηΣ (k )el (k ) wlij (k )( xij (k ) − chij (k ))( xij (k ) − chij (k ))Τ = ( Σijh ( k − 1) ) − ηΣ (k )el (k )Gh (k ),
⎪
⎪⎩ηΣ−1 (k ) = Γ Σ (k ) = αΓ Σ (k − 1) + TrGh (k )GhΤ (k ).

(5)
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3.2 Compartmental adaptive fuzzy-wavelon
Let us consider the adaptive wavelon is two-layers architecture [15] shown on figure 3.

Fig. 3. Structure of compartmental adaptive fuzzy wavelon

Unlike radial basis function network the hidden layer consists not of R -neurons, but by wavelons with wavelet
activation function in the form

(r

)

ϕlhij ( x (k )) = ϕlhij ( x (k ) − clhij (k ))T ( Qlhij (k ) ) ( x (k ) − clhij (k )) , h = 1, 2,K , p ,
r

−1

where instead of translation parameters the dilation matrix ( Qlhij )

−1

r

(6)

is used. It moves us from using Euclidian distance to

implementation of Itakura-Saito metric [14]. This results in the fact that receptive fields – wavelons hyperellipsoids (6)
can have the arbitrary orientation relatively to the coordinate axes of space X , what extends the functional properties of
adaptive wavelon.
Using wavelet function «Mexican Hat», we can introduce adaptive activation-membership function [16], which will
be tuning parameters during network training and having form

(

)

ϕlhij ( x (k )) = (1 − α lhij ( k ) (τ lhij ( x ij ( k )) ) ) exp − (τ lhij ( x ij ( k )) ) 2 ,
r

2

(

2

(7)

)

where τ lhij ( x ij (k )) = ( x ij ( k ) − clhij (k ))T ( Qlhij ( k ) ) ( x ij ( k ) − clhij ( k )) , α lhij is tuning parameter ( 0 ≤ α lhij ≤ 1 ).
−1

Adaptive parameter α lhij allows to tune the form of membership function in process of hybrid architecture learning,
thus if α lhij = 0 then we get Gaussian membership function, if α lhij = 1 then we get wavelet membership function
“Mexican Hat”, and if 0 < α lhij < 1 then we get hybrid membership function.
And at last, the output layer is the adaptive linear associator with tuned synaptic weights wlhij
p

(

)

yˆl (k ) = wlij0 + ∑ wlhij ϕlij ( xij (k ) − clhij (k )) ( Qlhij (k ) ) ( xij (k ) − clhij (k )) = ( wlij ) ϕlij ( xij (k )),
h =1

−1

T

(8)

where ϕlij0 ( x ij ( k )) ≡ 1 , wlij = ( wlij0 , wlij1 , wlij2 ,K , wlpij )T , ϕlij ( xij (k )) = (1, ϕlij1 ( xij (k )),K , ϕlpij ( xij (k )))T .
Thus the tuning parameters of architecture are determined in the learning process form the set of the p + 1 synaptic
weights wlhij , p (n × 1) -vectors clhij = [clhi , clhj ] , p (n × n) -matrices ( Qlhij ) , and p adaptive parameters α lhij . In total
−1
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such network includes p (2 + n + n 2 ) + 1 adjustable parameters (if n = 2 then 8 p + 1 adjustable parameters).
For the synaptic weights wlhij and the wavelon parameters (vectors clhij , matrices ( Qlhij ) and parameters α lhij ) tuning
−1

we use gradient minimization of criterion (2).
In general case the learning algorithm can be written in form
⎧ wlij (k ) = wlij (k − 1) − η wij ∇ wij E (k ),
l
l
⎪
⎪clhij (k ) = clhij (k − 1) − η ij ∇ ij E (k ), h = 1, 2,K , p,
clh
clh
⎪
⎨ ij
−1
−
1
ij
ij −1
⎪( Qlh (k ) ) = ( Qlh (k − 1) ) − ηQ−j 1 ∂E (k ) ∂ ( Qlh ) , h = 1, 2,K , p,
⎪
⎪α lij (k ) = α lij (k − 1) − η ij ∇ ij E (k ),
αl
αl
⎩

{

lh

(9)

are (n × 1) -vector-gradient of criterion (2) on wlij , clhij і α lij respectively;

where ∇ wij E , ∇ cij E і ∇α ij E
l

}

l

{∂E (k ) ∂ (Q ) } is (n × n) -matrix, formed by partial derivatives E on components (Q )

ij −1
lh

ij −1
lh

; η wij , ηcij , η
l

lh

(Q )
ij
lh

−1

and

ηα are the learning rates parameters.
ij
l

For the adaptive membership function (7) we can write

)

(

2
⎧∇ E (k ) = −e (k ) 1 − α ij (k ) τ ij ( xr (k )) 2
(l
) exp(− (τ lij ( xr(k )) ) 2) = −el (k ) J wl lij (k ),
l
l
⎪ wlij
⎪
−1
ij
ij
ij
ij
⎪∇ cij E (k ) = 2el (k ) wlh (k ) ( Qlh (k ) ) ( x (k ) − clh (k )) ⋅
lh
⎪
⎪⋅ α ij (k ) (τ ij ( x ij (k )) )3 − (2α ij (k ) + 1)τ ij ( x ij (k )) exp − (τ ij ( xij (k )) )2 2 = e (k ) J l (k ),
ij
lh
lh
lh
lh
l
clh
⎪⎪ lh
⎨
−1
ij
ij
ij
ij
ij
ij
T
⎪ ∂E (k ) ∂ ( Qlh (k ) ) = el (k ) wlh (k )( x (k ) − clh (k ))( x (k ) − clh (k )) ⋅
⎪
⎪⋅ α ij (k ) τ ij ( xij (k )) 3 − (2α ij (k ) + 1)τ ij ( x ij (k )) exp − τ ij ( xij (k )) 2 2 = −e (k ) J l
)
( lh
)
−1 ( k ),
lh
lh
l
⎪ lh ( lh
( Qlhij )
⎪
⎪∇ ij E (k ) = −e (k ) wij (k ) (τ ij ( x ij (k )) )2 exp − (τ ij ( xij (k )) )2 2 = −e (k ) J l ij (k ).
l
l
l
lh
l
αl
⎪⎩ αl

(
{
(

}

) (

)

) (
(

)

)

(10)

Increasing of the speed of learning can be achieved by using more complex procedures than gradient ones, such as
Hartley or Marquardt procedures. Using the inverse matrices lemma and after applying simple transformations we
obtain the effective parameters learning algorithm in the form
⎧
el (k ) J wl ij (k )
⎪ ij
ij
l
,
⎪ wl (k ) = wl (k − 1) + λwlij
2
⎪
η wij + J wij (k )
l
l
⎪
l
⎪
e
(
k
)
J
ij ( k )
l
clh
⎪ ij
ij
,
⎨clh (k ) = clh (k − 1) − λclhij
2
⎪
ηcij + J clij (k )
lh
lh
⎪
⎪
el (k ) Jαl ij (k )
l
⎪α ij (k ) = α ij (k − 1) + λ
l
2
α lij
⎪ l
l
ηα ij + Jα ij (k )
⎪⎩
l
l

(11)

accurate within the descriptions and coinciding with optimal (for λwij = λcij = λα ij = 1, η wij = η cij = ηα ij = 0 ) Kaczmarzl

lh

l

l

lh

l

Widrow-Hoff algorithm.
For the turning of matrices ( Qlhij )

−1

we can use the matrix modification of algorithm (11) [17] in the form

26

The 4th International Workshop on Inductive Modelling IWIM’2011

( Q (k ) ) = ( Q (k − 1) ) + λ
ij
lh

where λ

(Q )

ij −1
lh

,η

(Q )

ij −1
lh

−1

ij
lh

el (k ) J l

(Q )

−1

(Q ) η
ij
lh

−1

( )
Qlhij

−1

ij
lh

−1

(k )

+ Tr ( J lT ij −1 (k ) J l

(Q )
lh

( )
Qlhij

−1

(k ))

,

(12)

have the same content, as the corresponding parameters (11).

Thus, finally wavelon parameters optimal learning algorithm of the hidden layer can be written in the form
−2
⎧ ij
ij
l
w
(
k
)
=
w
(
k
−
1)
+
J
el (k ) J wl ij (k ),
ij ( k )
l
l
w
⎪
l
l
⎪
−2
⎪clhij (k ) = clhij (k − 1) − J l ij (k ) el (k ) J l ij (k ), h = 1, 2, K , p,
clh
clh
⎪
−1
⎨
⎪( Qlhij (k ) )−1 = ( Qlhij (k − 1) )−1 + ⎛ Tr ( J lT −1 (k ) J l −1 (k )) ⎞ el (k ) J l −1 (k ), h = 1, 2, K , p,
⎜
⎟
( Qlhij )
( Qlhij )
( Qlhij )
⎪
⎝
⎠
⎪
−2
⎪α ij (k ) = α ij (k − 1) + J l ij (k ) e (k ) J l ij (k ).
l
l
l
α
αl
l
⎩

(13)

It is known, that one-step algorithms such as Kaczmarz [18, 19] one, have rapid response, but they don’t have
filtering properties, i.е. they are not operated well in the conditions of intensive disturbance and noise. In order to
provide the learning algorithm with smoothing properties, we can introduce next learning algorithm:
⎧
el (k ) J wl ij (k )
2
l
⎪ wlij (k ) = wlij (k − 1) + λwij
, η wl ij (k ) = γ wijη wl ij (k − 1) + J wl ij (k ) ,
l
l
l
l
l
l
η wij (k )
⎪
l
⎪
el (k ) J cl ij (k )
2
⎪ ij
ij
lh
, ηcl ij (k ) = γ cij ηcl ij (k − 1) + J cl ij (k ) ,
⎪clh (k ) = clh (k − 1) − λcij
l
lh
lh
lh
lh
lh
ηcij (k )
⎪
lh
⎪
el (k ) J l −1 (k )
⎪
⎛ Qij ⎞
−1
−1
⎜ lh ⎟
⎪ ij
ij
⎝
⎠
,
⎨( Qlh (k ) ) = ( Qlh (k − 1) ) + λ Qij −1
l
(
)
η −1 (k )
lh
⎪
⎛ Qij ⎞
⎜
⎟
⎝ lh ⎠
⎪
⎪
⎛
⎞
⎪η l
(k ) = γ Q−1η l −1 (k − 1) + Tr ⎜ J lT −1 (k ) J l −1 (k ) ⎟ ,
−
1
j
⎜ ⎜⎛ Qlhij ⎟⎞
⎟
⎛ ij ⎞
⎛ ij ⎞
⎪ ⎜⎛⎝ Qlhij ⎟⎞⎠
⎜ Qlh ⎟
⎜ Qlh ⎟
⎝
⎠
⎝
⎠
⎝ ⎝ ⎠
⎠
⎪
l
⎪
el (k ) J α ij (k )
2
l
⎪α lij (k ) = α lij (k − 1) + λα ij
, ηαl ij (k ) = γ αηαl ij (k − 1) + J αl ij (k ) ,
l
l
l
l
l
ηα ij (k )
⎪
l
⎩

(14)

(here 0 ≤ γ {•} ≤ 1 are parameters of weighted out-dated information). This procedure is nonlinear hybrid of KaczmarzWidrow-Hoff and Goodwin-Ramadge-Caines algorithms and has both tracking and filtering properties.

4 COMPUTATIONAL EXPERIMENTS
4.1 Evolving cascade GMDH-neural network using compartmental R-neuron
The first plant to be identified is governed by equation [20]
y (k + 1) =

y (k )
+ u 3 (k ) .
1 + y 2 (k )

(15)

The input to the plant and the model is a sinusoid u (k ) = sin(2π k / 25) + sin(2π k / 10) .
First evolving cascade GMDH-NN with compartmental R-neuron using Gaussian activation function was used.
Graphical results of identification are presented on figure 4. Then evolving cascade GMDH-NN with compartmental Rneuron using Epanachnikov kernel as activation function was used. Graphical results of identification are presented on
figure 5.
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Fig. 4. Results of function (45) identification using evolving cascade
GMDH-NN based on compartmental R-neuron with Gaussian activation
function
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Fig. 5. Results of signal (15) identification using evolving cascade GMDHNN based on compartmental R-neuron with Epanechnikov kernels

The two curves on figure 4 and figure 5 represent the actual values (dashed line) and identification results values
(solid line). Although the curves are almost indistinguishable identification results of identification are different. The
mean square error (MSE) was used as criterion of identification quality. Comparison of function (15) identification
results using evolving cascade GMDH-NN based on compartmental R-neurons are presented in Table 1.

Tab. 1. Identification using evolving cascade GMDH-neural networks
results
Neural networks
Evolving cascade GMDH-NN with Gaussian activation functions
Evolving cascade GMDH-NN with Epanechnikov kernels
Evolving multilayered GMDH-NN with Epanechnikov kernels
Evolving multilayered GMDH-NN with Gaussian activation functions
GMDH-NN with polinomial functions

MSE
0.0023
0.0015
0.0098
0.0103
0.0201
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From table 1 it is seen that evolving cascade GMDH-NN based on Epanechnikov kernels provides higher accuracy
than evolving cascade GMDH-NN based on Gaussian activation functions. It is explained by the simplicity of learning
algorithm with Epanechnikov kernels and the ability to tune not only synaptic weights but also centers with receptive
fields.

4.2 GMDH-neural network using compartmental adaptive fuzzy-wavelon
The experiment was made on real monthly values of the Darwin sea level pressures series, from 1882 to 1998, based on
GMDH-neural network with adaptive compartmental wavelon. This series is a key indicator of climatological patterns
and has been used in a range of studies related to El Nino and the Southern Oscillation Index [21].
The
GMDH-neural
network
had
the
input
number
equal
nGMDH = 6
and
the
values
x(k − 5), x(k − 4), x(k − 3), x(k − 2), x(k − 1), x(k ) were used to forecast x(k + 1) . Each adaptive compartmental fuzzywavelon has 6 adaptive activation-membership wavelet functions. Adaptive compartmental fyzzy-wavelon was trained
in batch mode with procedure (14) for 900 iterations (900 training samples for k = 1,K ,9000 ). Parameters of the
learning algorithm were taken as γ c j = γ Q−1 = γ α j = 0.99 and λc j = λQ−1 = λα j = 0.99 . Initial values were
j

j

ηc = ηQ = ηα = 10000 and adaptive vector parameters α = (α1 , Kα h ) = 0.5 . After 900 iterations the training process
j

−1
j

j

was stopped, and the next 500 points for k = 901K1400 we have used as the testing data set to compute forecast. Initial
values of synaptic weights were taken equal to 0. As the quality criterion of forecasting was used mean square error
(MSE).
Figure 6 shows the results of time sequence forecasting. The two curves, representing the actual (dot line) and
forecasting (solid line) values, are almost indistinguishable.

Fig. 6. Results of time series prediction using evolving cascade GMDH-NN
based on compartmental adaptive fuzzy-wavelon

Thus as it can be seen from experimental results the proposed GMDH-neural network with adaptive compartmental
fuzzy-wavelon with the learning algorithm (14) having the same number of adjustable parameters ensures the best
quality of forecasting and high learning rate in comparison with conventional architecture with different mode of the
learning algorithm. Table 2 shows the comparetive analisys of time series prediction.
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Tab. 2. Comparative analysis of time series prediction
Neural networks
Evolving cascade GMDH-NN with adaptive fuzzy-wavelon
Evolving multilayered GMDH NN with adaptive fuzzy-wavelon
GMDH-NN with polinomial functions

MSE
0.0058
0.0105
0.0345

5 Conclusion
The problems of computational intelligence hybrid systems synthesis based on simultaneous usage of GMDH and
wavelet-neuro-fuzzy systems are considered. Proposed systems, having flexibility and learning capability of waveletneuro-fuzzy systems, are capable to effective information processing under short learning set that provided GMDH. The
learning algorithms which have both tracking and filtering properties and allow to tuning in on-line mode not only
synaptic weights but and activation-membership function parameters are proposed. The computational experiments are
confirmed to effectiveness of developed approach.
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Abstract. The paper describes text processing for semantic annotation of text documents. The competitive probabilistic
neural network is proposed for assigned task. This network is realized memory based learning by the principle
“neurons at data points”, which makes it extremely easy and almost instantaneous. The proposed hybrid neural
network tunes not only synaptic weights, but its architecture in process of learning arranging to structure of problem
under consideration. The results of experiments have showed that the proposed method provides high accuracy and
speed of work; it gives an opportunity to improve the quality of knowledge extraction from textual sources with a
limited sample.

Keywords
Competitive probabilistic neural network, neurons at data
points, text processing.

1 Introduction
In view of the fact that most of the information in corporate systems, the Internet and data warehouses is stored in text
form (in the form of electronic documents, newsletters etc), necessity of the creating machine-readable metadata is
actual and developing task. There is a set of standard solutions that are proposed to describe and generate the metadata,
such as the standard Dublin Core. But with the evolution of ontologies, which are used as the domain knowledge base,
semantic annotation approach becomes more important.
It assumes that we can associate each text document or some part of it, subject to the desired conditions, with
instance of the ontological concept. Such a process is called semantic annotation and consists of three main
components: ontology, text corpus, and the method of constructing a classifier for data mining. It should be said, given
sets of existing tags for describing text documents do not reflect the information that may be relevant to the current
ontology and often contain only general information. This has led to the development of methods for semi-automatic
semantic annotation construction, which in turn has several disadvantages, such as using templates or a priori defined
rules. Therefore, the actual task is to develop models and methods for semantic annotation of text documents based on
text mining approach using methods of computational intelligence.
The considered problem can be solved using the hybrid of well-known probabilistic neural network (PNN), general
regression neural network (GRNN) introduced by J.F. Specht, and self-organizing T. Kohonen’s map (SOM). It is
important to note that the solution obtained using the standard PNN can refer each text object to one single class in
conformity with its densest distribution. However, there are broad classes of problems (search, reasoning) where this
unique solution is not convincing, i.e. it is necessary to determine not the one most likely class, but the probability of
belonging to each of the potentially possible classes.
Hybrid neural network that is developed contains four layers of information processing: the first hidden, is called
patterns layer, the second hidden layer of the local summators, the third hidden layer containing only common
summator, and finally an output dividers layer. This network is realized memory based learning on the principle
“neurons at data points”, which makes it extremely easy and almost instantaneous. In addition the proposed hybrid
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neural network computes not only synaptic weights, but its architecture in process of learning arranging to structure of
problem under consideration. Due to this, it becomes possible for an incoming text object to determine the probability
of belonging to each of the potentially possible ontological classes and generate semantic annotations. Semantic
annotation of text documents method based on the suggested neural network provides the ability to process information
in on-line mode, characterized by simplicity of implementation and speed of information processing.

2 Problem Statement
Semantic annotation – the markup or metadata set of the considered text document – is determined on the basis of the
given domain ontology Ont as LabelSet = {li ∃c j ∈ ConceptSet ∧ li = c j }, where LabelSet – the unique set for each text
document, consisting of concepts (classes) of the domain ontology, obtained by projections of textual objects belonging
to each document to a given ontology using computational intelligence techniques. The set of text objects for the
concerned text corpus are represented as ObjectSet = (x(1), x(2 ), K , x( j ), K , x(N )) , where x(j) – j-th text object presented in
the vector form as a set of relevant features, N – the power of the original text objects sample. For the given domain
ontology Ont the set of the concepts (classes) are defined as ConceptSet = (c(1), c(2), K , c(i ), K c(N1 )) , where c(i) – i-th
concept from Ont, N1 – number of ontological concepts (classes). The resulting markup can then be presented in tabular
form for the formation of RDF- and OWL-description and for further use by various software tools.
It must be taken in account that there are several levels of semantic annotation used with content-level annotation in
natural language processing domain, this includes: word level, sentence level, paragraph level, section level, document
level annotation [1]. The main feature of proposed approach is independence from annotation level. Because the
proposed method uses the vector representation of data sample, which is formed on the preprocessing stage and doesn’t
influence on the principle and speed of the data handle. TFIDT measure [2] is frequently applied for text information
processing. In following section “text object” is used for generalization of initial vector representation data sample’s
object (as text object it might be used paragraph, section or whole document in vector form).

3 Semantic Annotation Model
Let’s introduce a semantic annotation model of text documents using a probabilistic approach. A key property of the
model should be the value of probability belonging probab _ value to each of the ontological class for the text object
x ( j ) , which is introduced as one of the properties of a logical description of the metadata triplet. Introducing the new
property, we can write the probabilistic model of the text documents semantic annotation in the form:

⎧id ,l j , probab _ valuek ∃id ∈ ID ∧ ⎫
⎪⎪
⎪⎪
metadatai = ⎨∧ ∃l j ∈ LabelSet ∧
⎬,
⎪
⎪
⎪⎩∧ ∃probab _ valuek ∈ y
⎪⎭

(1)

where id – a unique identifier for the current text object, l j – j-th element of LabelSet, probab _ valuek – the value of
the probability belonging of text object to ontology’s classes (concepts), the resulting output of the ANN.
It should be noted that by setting a threshold value it is possible to identify the text objects’ level its relation to
several of the potentially possible concepts of the ontology Ont. Studies show [3], such cases should not be excluded,
because there are companies with increasing volume of textual information accessible via the internal data store or the
Internet, which have a the problem of processing, retrieval and storage of such information and transforming it into a
format that is easy to use other software tools.
The main characteristic of the proposed model is opportunity to get descriptions in the RDF-triple, where value of
the probability belonging probab _ value is included. It will evaluate the relationship between text documents and
ontological concepts, as well as to get new knowledge based on the obtained values. Thus, we obtain the representation
of text documents in a machine-understandable form, based on ontology, reflecting the structure of knowledge, and the
computational intelligence method.

32

The 4th International Workshop on Inductive Modelling IWIM’2011

4 Competitive Probabilistic Neural Network Architecture
The problem under consideration can be solved using the methods of Bayesian classification based on probabilistic
neural networks (PNN), introduced by J.F. Specht [4].
The idea of Bayesian classification is that decision can be made for each input pattern vector based on the selection
of the most probable class which might belong to this pattern. This decision requires an assessment of probability
density function for each class, restored on the basis of analysis of data from the training sample. To restore these
features Parzen estimates (Nadaraya – Watson) are widely used, using the weight functions (potential functions, kernel
functions) having the center points of the patterns with known classification of training set.
Although Bayesian classification methods have long been known, their parallel neural network implementation
allows providing higher speed processing of information related to pattern recognition, classification, diagnosis, etc.
It is important to note that the solution obtained using the standard probabilistic network can include producible
pattern x(k) to one single class with the densest distribution of this pattern. However, there is a sufficiently broad class
of problems where this unique solution is not convincing, i.e. it is necessary to determine not the one most likely class,
and the probability of belonging to each of the potentially possible classes, in information processing.
In [5], the authors proposed a modified probabilistic neural network (MPNN) to solve the considered problem. As
noted, the value of the width of the activation function for the normalized inputs is chosen rather arbitrarily in the range
from zero to unity [6]. However, it should be noted that a simple formal solution to get this value, as of today, does not
exist. In this paper the width parameter of the activation function is considered in detail.
Such a solution can be obtained using the proposed competitive probabilistic neural network (CPNN), whose
architecture is shown in Figure 1. CPNN is a hybrid of the standard PNN, generalized regression neural network
(GRNN), also introduced by J.F. Specht [7], and Kohonen self-organizing map (SOM) [8]. CPNN contains four layers
of information processing: the first hidden, called patterns layer, the second hidden layer of the local summators, the
third hidden layer containing only common summator, and finally an output layer dividers. A specific feature of CPNN
is that neurons in pattern layer are grouped into classes, between which the lateral connections are entered, used to
tuning the width parameter of the activation function.
The source information for the network synthesis is training sample, formed as “batch” of n-dimensional vectors

x(1), x(2 ), K , x(N ) with known classification, and concrete pattern place does not matter in the package. It is also

assumed that all input vectors are normalized so that
x( j ) = 1, j = 1,2,K N ,

(2)

and the patterns themselves (without loss of generality) may belong, for example, one of the three classes A, B or C. It
is also assumed that the N A samples belong to the class A, N B – to class B and N C – to a class C, i.e.
N A + N B + NC = N.

(3)

The number of neurons in the pattern layer is taken to be N (one neuron for each training pattern), and their
parameters (the centers of activation functions) are defined by the components of the input vectors so that
w ji = xi ( j ), j = 1,2,K N ; i = 1,2,K n,

(4)

w j = x( j ), j = (x1 ( j ), x2 ( j ),K, xn ( j ))T .

(5)

or in vector form

Thus, this network is realized memory based learning [9], using the principle of “neurons in the data points” [10],
which makes it extremely easy and almost instantaneous.
Each of the neurons in pattern layer calculates the weighted sum of the components of the input signal and converts
it using a nonlinear activation function so that the signal appears in output neurons of first hidden layer has the form of
⎛ x(k ) − w
⎜
j
O[j1] (k ) = exp⎜ −
2
2
σ
⎜
⎝

2

⎞
⎟
⎟,
⎟
⎠

(6)
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where j=1(A), 2(A),…,NA(A),…,NA+1(B),…,NA+NB(B),NA+NB+1(C),…,N(C), k=N+1, N+2... – index (number) of observations
that are not belonged to the training sample, (R ) – class index, R possess the value A or B or C, σ – the width
parameter of the kernel activation function.
The activation function from (6) is equal
⎛ x−w
⎜
j
ϕ j (x ) = exp⎜ −
2
2σ
⎜
⎝

2

⎞
⎟
⎟,
⎟
⎠

(7)

width parameter σ is chosen by the empirical reason [11]. Too small σ value leads to “gaps” occurring in the
parameters’ space and loss of generalizing properties; too large σ value leads to classes’ blurring and overlapping that
increases probability of classification errors.
Firstly let’s consider classification task in 2 classes A and B. Network has already trained, classes are specified, but
parameter σ isn’t determined.

Fig. 1. Example of binary classification and calculating of the width parameter σ
Let w*A and w*B are designated as the closest to each other instances from different classes (fig. 1). Their activation
functions equal to
⎛
*
⎜ x − wA
(x ) = exp⎜ −
2σ 2
⎜
⎝

2

ϕ*A

⎛
*
⎜ x − wB
(x ) = exp⎜ −
2σ 2
⎜
⎝

2

ϕ*B

⎞
⎟
⎟,
⎟
⎠

(8)

⎞
⎟
⎟.
⎟
⎠

(9)

Functions are crossed in the point
x* = w*A + 0,5 w*B − w*A = 0,5 w*B + w*A

(10)

and have the following value in this point

⎛
*
*
⎜ − 0,125 wB − wA
* *
* *
ϕ A x = ϕ B x = exp⎜
σ2
⎜
⎝

( )

( )

2

⎞
⎟
⎟.
⎟
⎠

(11)

Specifying some classification threshold Δ , we can obtain simple solution:

⎛
*
*
⎜ − 0,125 wB − wA
exp⎜
σ2
⎜
⎝

2

⎞
⎟
⎟ = Δ,
⎟
⎠

(12)
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− 0,125 w*B − w*A

2

= ln Δ,

σ2

(13)

whence
σ =
2

− 0,125 w*B − w*A
ln Δ

2

w*B − w*A

=−

8 ln Δ

2

.

(14)

Since Δ < 1 then ln Δ < 0 and σ 2 > 0 .

Fig. 2. Example of 2-dimensional space with 3 classes
Let’s consider multidimensional situation in 2-dimensional space with 3 classes A, B, C, noting x = w = 1 .
The minimal distance between the instances of different classes is needed to be found. In this case it’s w*B − w*A .
Here something like the competition process in SOM (self-organizing maps) appears, but as “winners” – the nearest
instances from different classes. If j-th instance xR ( j ) belongs to class R (to A, or B, or C), and k-th one xR (k ) doesn’t

belong, then for all j = 1,2,K , N; k = 1,2,K , N, it is necessary to find the couple for which value of xTR ( j )xR (k ) is the
maximum.

For this reason lateral connections must be introduced in MPNN as in SOM, obtaining Competitive
Probabilistic Neural Network (CPNN) (fig. 3).
Since
w*B − w*A

2

= w*B

2

T

− 2w*B w*A + w*A

2

T
= 2⎛⎜1 − w*B w*A ⎞⎟,
⎝
⎠

(15)

then

( )

( )

T

ϕ*A x * = ϕ*B x * = exp

w*B w*A − 1
,
4σ 2

(16)

whence
T

σ2 =

w*B w*A − 1
.
4 ln Δ

(17)

Since − 1 ≤ w*B w*A ≤ 1 then numerator possesses the value from interval [− 2,0] .
T

Thus, we can obtain Competitive Probabilistic Neural Network by joining neurons in the cluster groups and entering
the lateral communication between classes.
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Fig. 3. Competitive Probabilistic Neural Network

5 The Results of Experiment
Given competitive probabilistic neural network is used for text processing and obtaining the initial values of metadata to
produce semantic annotations. Work of CPNN has tested on a sample of “20 Newsgroups DataSet” (comp.graphics,
comp.os.ms-windows.misc, comp.sys.ibm.pc.hardware).
The experiment examined the performance of the CPNN and influence on it σ -values. It is shown that operation
generates for each text objects the probabilities belonging to several classes, which are regarded as concepts of domain
ontology. 40% of initial data sample were used for testing. The following results were obtained. Example of the
processing is shown in the Tab. 1. In this case σ = 0,33663 – value of the activation function width, it corresponds to
classification threshold Δ = 0.5 and was denined automatically. It was found that for considered data sample the best σ
values lie between Δ ∈ [0,4;0,5] . The probabilities belonging for the classes to which an object doesn’t belong are
defined too small fractions of a unit for the values in the range Δ ∈ (0;4 ) . The width of activation function σ takes

values, which lead to blurring of class and misclassification, in the range Δ ∈ [0,5;1] .
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Tab.1. Examples of the program work.
Probability

Probability

Probability

Initial Class

belonging to 1 class

belonging to 2 class

belonging to 3 class

0,99797

0,00062412

0,0014012

1

0,65024

0,11225

0,23751

1

0,36445

0,55605

0,079505

2

0,21421

0,73347

0,052324

2

0,17539

0,058827

0,76578

3

The results of experiment showed that the proposed method has high accuracy and speed of work; it gives an
opportunity to improve the quality of knowledge extraction from textual sources with a limited sample. In addition, the
calculation of the activation function width using the proposed approach allows us to obtain more accurate values for
the text object probability belonging to each of classes.

6 Conclusion
The competitive probabilistic neural network, which is a hybrid of the standard PNN, GRNN and SOM is proposed in
this paper. It allows to tuning the width of activation function automatically by the using of lateral links between groups
of classes in the pattern layer. This decision was taken as the basis of the semantic annotation of text documents. Thus,
it becomes possible to determine the probability for an incoming text object to each of the potentially possible classes of
ontology and generate semantic annotations. This method characterized by simplicity of implementation and speed of
information processing.
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Abstract.
Inductive modeling method allow obtaining good results in medicine, in particular, for classifiers
construction of differential diagnostics diseases, which are hardly-recognized by clinical features. This paper gives a
results comparison analysis of classifiers base on probabilistic and inductive approaches for the purpose of their
application in medical practice. We used ideas of Delphi Approach and Paired Comparison methods when created
probabilistic approach classifiers. Multilayered Algorithm with Generalized Orthogonalized Factors (MAGOF) was
chosen among inductive algorithms as the most adjusting and providing high solution accuracy. There were built
several decision rules using MAGOV and verified their generalized capabilities in independent data.

Keywords
Multilayered Algorithm with Generalized Orthogonalized Factors (MAGOF), Delphi approach, Paired Comparison
Method, classification, comparison analysis, probabilistic approach, differential diagnostics diseases

1 Introduction
Usually probabilistic approach comes from statistical nature of observations. The basis is the assumption of a
probability measure existence in the space of diagnoses, which is either known or can be estimated. The reason of using
probabilistic approach is that source data represent a table of a prior features frequencies in different sections (age, sex,
diagnosis). Decision has been taken by maximum of criterion based on transformation of these frequencies [1].
Relations between the features do not have functional nature, but statistical one. Two well-known methods were used to
create "physician counsellor" from probabilistic approach [2]. These were: the most simple to use, Delphi Approach
(DA), and the Paired Comparison Method (PCM). DA was chosen as the most commonly used method for preparation
information for decision maker person. This approach allows features correlation. DA is based on direct ranking, and
uses consistency statistical tests for decision-making justification. The frequencies are easily interpreted as the ranks.
Based on rank coefficients one can answer the questions: should we accept the hypothesis H0 about lack of differences?
Are experts "coordinated" in their decisions on the diagnosis? It is not always possible to answer the question regarding
to which the diagnosis there was reached a consensus. This will be demonstrated in further examples.
In fact, H0 null hypothesis of DA corresponds to the hypothesis of differences lack from a uniform distribution.
Uniform distribution in DA corresponds to the case when experts can not prefer some class to the others, i.e. we can not
distinguish classes on the result of their voting. Chi-square-Pearson is used when testing this hypothesis, as its input data
can be obtained in any scale.
Disadvantage of above-mentioned method of ranking analysis can sometimes be eliminated by PCM. In this method
a homogeneity hypothesis is considered instead of the uniform distribution one. Thus, experts opinions distributions
coincidence between themselves is verified instead of coincidence of all distributions with fixed one (uniform). That is
naturally interpreted as the consistency of their opinions in respect to a diagnosis. So, we can get rid of unnatural
uniformity assumption. It is relatively easy to obtain a "physician counsellor" prompt about change in the patient’s
diagnosis with a change of his(her) state (e.g. when adding a new symptom) by this method.
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2 Problem Statement
In the space of clinical features ( mU = 19), four classes (diagnoses) are given: D1 is Willebrand disease (WD), D2 is
coagulopathy (CP), D3 is disaggregation thrombocytopathy (DT), D4 is combined pathology of hemostasis (CPH). Each
of the four diagnoses was established for patients in a clinical laboratory using expensive reagents. Clinical features
usually take, the binary values of "yes " (+1) or "no" (-1), but for some patients the third value is added: "no conditions
for manifestation of this feature "(0). Features values are given in Table 1.
Object domain experts identify the following nineteen hemorrhagic symptoms: 1 denotes Juvenile Uterine Bleeding
(YUB) 2 - dysfunctional uterine bleeding (DUB), 3 is epistaxis (E), 4 is gums bleeding (BG), 5 is tooth extraction
bleeding (TEB), 6 is intra and postoperative bleeding (IPPB), 7 is post-traumatic hematoma (PTH), 8 is sores surface
bleeding (SSB), 9 is sores long-term nonhealing (SLTnH), 10 is post-traumatic hemarthrosis (PTHs) emissions; 11 is
post-injection hematoma (PIH), 12 is tongue frenulum bleeding (TFB), 13 is gastrointestinal bleeding (GIB), 14 is groin
hematoma, 15 is teething bleeding; 16 is birth cephalohematoma (BCH), 17 is renal bleeding, 18 is post-partum
haemorrhage (PPH); 19 is hemorrhagic insult.
Problem definition includes the following. There is a sample of observations W, represented by Table 1. Observable

Di ∈ D, j = 1, k take integer values from a finite set
xi ∈ X , xi ∈ {− 1,0,1} . According to Table 1, Table 2 is constructed. It contains a numbers p ( xi , D j ) meaning

features хi, i= 1, m

some diseases (diagnoses)

the probability (frequency) of xi observation feature in the presence of a diagnosis D j . Let f:
function, which on observation

X → D meant

X s ⊆ X , s≤m, X s = ( x1,..., xs )
takes the value f ( X s ) ∈ D . The f is called a decision function.
The problem is that for given sets X, D, and the function p XD : X × D → ℜ construct a function f: X → D , which
maximizes detection accuracy of diagnoses for the whole sample of learning, as well as on an independent sample.
In general, classification is probabilistic in nature, we can introduce a threshold acceptable probability, and then
there will be the variant "not classified". The classification precision was calculated as the ratio of nr patients correctly
classified to their total number nW. Solution of the problem in a probabilistic approach is a decision function f *, that
maximizes accuracy.

f * = arg

max

(nr f ( p) nW )

(1)

f ∈F , p∈[ 0,1]

Number of features m depends on the studied group of patients and varies from 5 to 13. We consider the group of
patients the most difficult for classification. It is a women's group of 19 to 49 years with m = 13. Number of diagnoses
for all patients group k=4.
The research was carried out for the most difficult diagnosable patients. These are women aged from 19 to 49 years.
This group does not have all above features, but only those, presented in Table 1 or 2. It is necessary to construct an
algorithm for prior diagnosis using data from Table 2 and evaluate the classifier accuracy using data in Table 1. This
classifier recognizes one from four diagnoses. Analysis of the data in Table 1 revealed the presence of intersecting
symptoms sets with the same values that characterize corresponding diagnoses, as well as "twins", i.e. people with equal
values of the same set of symptoms that differ only in diagnoses name. Quite naturally, that there is no classifier, which
can divide "twins", but a classifier can identify somebody of the twin. Patients sets having the same features sets must be
isolated and additionally investigated (here are two pairs of such patients). This study does not discuss the completeness
of initial features set.
Table 1. Hemorrhagic manifestations presence for female patients aged from 19 to 49 years depending on age and
Diseases (D)
№ age D YUB DUB E BG TEB IPPB PTH SSB SLTnH PTHs PIH GIB

70
79
75
74

1
38 DT +1
43 DT +1
21 CP +1
49 WD +1

2
+1
+1
+1
+1

3
+1
+1
+1
+1

4
+1
+1
+1
+1

5
+1
+1
+1
+1

6
+
+1
-1
+1

7
-1
-1
-1
+1

8
-1
-1
-1
+1

9
-1
+1
-1
+1

10
-1
-1
-1
-1

11
-1
-1
-1
-1

13
-1
-1
-1
-1

BCH PPH
16
-1
-1
-1
-1

18
-1
+1
0
0
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80
63
42
13
68
…

19
20
49
31
49
…

WD
CP
DT
WD
CP
…

+1
+1
-1
+1
+1
…

+1
+1
-1
+1
+1
…

+1
+1
+1
+1
+1
…

-1
+1
+1
+1
+1
…

-1
-1
+1
+1
+1
…

-1
-1
-1
-1
+1
…

+1
+1
+1
+1
-1
…

+1
+1
-1
-1
+1
…

+1
+1
-1
-1
+1
…

-1
-1
-1
-1
+1
…

-1
-1
-1
-1
-1

-1
-1
-1
-1
-1
…

-1
-1
-1
-1
-1
…

-1
-1
0
0
0
…

Table 2. Hemorrhagic manifestations occurrence relative frequency for female patients with Mild Pathology
Hemostasis (MPH) aged from 19 to 49 years.
Features 1
2
1
1
WD
0,91 0,91
DT
0,88 0,88
CP
0,75 0,75
CPH

3
4
1
0,5
0,84 0,56
0,71 0,65
0,5 0,38

5
0,82
0,67
0,86
0,8

6
0,8
0,68
0,75
0,83

7
0,5
0,59
0,77
0,63

8
0,63
0,56
0,53
0,75

9
0,5
0,37
0,29
0,5

10
0,04
0
0,06
0,13

11
13 16
0,04
0 0
0
0,03 0
0,06
0 0
0,13
0 0,1

18
0,7
0,5
0,3
0,7

3 Delphi Approach classifier
A distinctive peculiarity of DA is that the symptoms are used as experts who "vote" for particular diagnosis in
accordance with a measure, which they received as a result of patient examination in specialized clinic. This measure is
presented in Table 2, denoted as p, and is a relative frequency of certain feature presence when a patient is diagnosed.
Collective coordinated confirmation is used for unambiguous diagnosis identification through p measure is not enough
due to symptoms sets intersection.
Critique of statistical methods application bases in expert systems, in particular, the consistency dogma is not
actual in this case in respect to actually existing experts division into groups. Because of the fact that hemorrhagic
symptoms do not psychologically affect each other, they do not inclined to conformism.
Relative importance of different diagnoses in the probabilistic approach is determined using Kendall-Smith
concordance coefficient, χ2 Pearson statistical test, and paired comparison results. Diagnosis identification is defined by
the maximum of preference weight:

D p = arg max w j ,
j =1, 4

(2)

where the weight wj is computed for various probabilistic methods using formulas given in description of these
methods. If the weights coincide w j = wi , i ≠ j; i, j ∈ 1,4 , then diagnosis is defined by the maximum of index, that is
calculated as the product of the preferences weight and a prior probability of diagnosis:

D*p = arg max( w j pD ) ,
j =1, 4

(3)

where pD a prior probability is a patients part having each of the diseases (Dp* ∈{WD, DT, CP CPH}) from total
patients number belonging to this age and gender group. Modification of DA and PCM, that take into account a prior
probability pD is denoted as DA* and PCM*.
1.

Symptoms ranking

The most preferable rank 1 is assigned to the largest measure, rank of "k" labeled to the least measure, and the
remaining diagnoses receive ranks from 2 to "k-1". Ranks vary from the lowest ( minimum possible value is 1) to
highest (the maximum possible value is 4). Minimum and maximum ranks are achieved if the symptoms have
frequencies from non-overlapping ranges for different diagnoses. If it is difficult to identify a candidate for the i-th
place from two diagnoses, they each are assigned the average rank, computed as:

aij =[i + (i +1)]/2 = i + 0,5, i ∈ {1;2;3}; j = 1,4
Everyone of three competitors for i-th place is assigned the rank of:

aij =[i + (i +1)+ (i +2)]/3 = i +1, i ∈ {1;2}; j = 1,4
If experts (features) can not choose among the four diagnoses, everyone is assigned the rank of:
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3

aij = i + 1 ∑ j = 2,5 , i=1, j = 1,4 so long as each of them is pretended for the first place.
4 j =0
Ranking results are shown in Table 3.
The lowest and highest ranks belong to the range from zero to 1. They are calculated by above mentioned formulas
and on condition that whole frequency range [0,1] is divided into 4 equal parts: [1-0.75) [0.75-0.5), [0.5-0.25), [0.25-0].
2.

Kendall-Smith concordance rank coefficient is calculated as:

KS =

12S
m2 (k 3 − k ) − m∑ j =1T j
m

,

where

1 k
k
m
⎛ m
⎞
S = ∑i =1 zi2 , zi = ⎜ ∑ j =1 aij − ∑i =1 ∑ j =1 aij ⎟, i = 1,4 .
n
⎝
⎠
3.

(4)

Interconnectivity ranks index Tj is calculated under the presence of repetitive ranks:
l

Tj= ∑ (t3ij – tij)

(5)

i =1

where tij is each rank repetitions number for each expert, ℓ is a repetition ranks number. For
example, in Table 3 for the feature with number of 4 ℓ = 2, and for all other features ℓ = 1.
Calculations by (4) and (5) has been done for all features (m = 14), and presented in Table 3, the
values of S = 4.5 and KS = 0.034 has been received. Table 3 is the base for determining "voting"
coordinated degree for particular diagnosis of women group aged from 19 to 49 years, and
corresponds to a patient who has all the features mentioned in the table. According to the critical
value of the criterion χ2cr(0.95,3)= 0.35, which corresponds to confidence level 0.05 , featuresexperts voting significantly differs from the uniform distribution, since χ2 = 1.42 > χ2cr . Diagnoses
with the lowest ranks sum are preferred. Situation when some of the diagnoses receive the same
lowest ranking sum, is called a diagnoses conflict..
Table 3. Ranking results for the female group aged from 19 to 49.
Features

1

2

3

4

5

6

7

8

9

10

11 13

16

18 sum

WD

2,5 2,5 2 1,5 2,5 2,5

4

2,5 2,5 2,5 2,5 2,5 2,5 1,5 34

DT

2,5 2,5 2 3,5 2,5 2,5

2

2,5 2,5 2,5 2,5 2,5 2,5

CP

2,5 2,5 2 3,5 2,5 2,5
2,5 2,5 4 1,5 2,5 2,5
2
4 4 3 2
4
4
60 60 24 12 60 60

2
2

CPH

tij
Tj

z

z2

pD

-1

1

0,3

3 35,5 0,5 0,25 0,4

2,5 2,5 2,5 2,5 2,5 2,5 4 36,5 1,5 2,25 0,2
2,5 2,5 2,5 2,5 2,5 2,5 1,5 34 -1 1 0,1
χ2=1,42
3
4 4
4
4
4
4
2 χ2cr=0,35
24 60 120 60 60 60 60 6 10164 КS=0,034

4 Classifier of paired comparison method
There are patients for whom criterion of χ2 = 0. For example, for patients of 74,75,73,42 in Table 1 DA can not
identify the diagnosis.
Let us determine the preferred diagnosis by the paired comparison method. In order to do that it is necessary to
obtain a table where every feature-expert votes for each of diagnosis differently. Thus there is no voting results
coincidence for different diagnoses. The first place in each table column is assigned to diagnosis with highest frequency.
The last place is assigned to diagnosis with lowest frequency. Remain diagnosis get the “2” and “3” places. In the case
of having the same frequency values, lesser place is assigned to the diagnosis that is “voted” by patients’ absolute
minority. A subtable is separated off the Table 2 by “masking” for particular patient. The “mask” consists of features
inherent to particular patient. “The imposition of the mask" means the crossing out lacking patient features in Table 3.
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Let us build the Table 4 for 74-th patient having hemorrhagic features ranging from 1 to 9 (her true diagnosis is
WD) (see Table 1). Table 4 is used for preferences number calculation in paired comparison voting results.
Table 4. Initial table for 74-th patient.
features
WD
DT
CP
CPH

1

2

3

4

5

6

7

8

9

1

1

1

3

2

2

4

2

1

2
3
4

2
3
4

2
3
4

2
1
4

4
1
3

4
3
1

3
1
2

3
4
1

3
4
2

Let us build a preferences matrix using Table 4. The results are presented in Table 5. PCM uses three marks: zero,
0.5 and 1. The one is assigned to more dominating diagnosis, and zero meant to less dominated one. If the preference
can not be defined, both of diagnosis get 0.5 value (сij=сji=0,5 ). Let q is a diagnosis pairs number where the preferance
between i-th and j-th diagnoses can not be defined. The simpliest way to define the preference is to make a feature
values paired comparisons for each diagnosis (it is neseccary to make k(k-1)/2 comparisons in the PCM having k
diagnoses). The PCM results is presented in a matrix of k× k dimention. The bij matrix elements are preferences assigned
numbers that are the sums of zeros and ones. Matrix diagonal is zero because there is no need to compare a diagnosis to
itself. One of the properties of the matrix is that bij+ bji +2qcij = m, where m is a feature-experts number.
Ratio of the quantity the preferences of each diagnosis to the total sum of the matrix elements characterize the
diagnosis weight:
wi = ∑ j =1 (bij + cij )

∑i =1 ∑ j =1 (bij + cij ) ,

k

k

k

i = 1,4

(6)

Table 5. Feature-experts paired comparisons for 74-th patient.
74-th patient

WD

DT

CP

CPH

In total

wi

WD

0

7

6

6

19

0,351852

DT

2

0

5

4

11

0,203704

CP

3

4

0

6

13

0,240741

CPH

3

5

3

0

11

0,203704

The most weighted by the wi diagnosis turned out to be the WD for 74-th patient. In order to compare the results of
different voting features number this sum was reduced to unit interval. In spite of the fact that DA classifier couldn’t
define correct diagnosis, the PCM is able to do this.
Sometimes both of the methods determine true diagnosis in concord (e.g. in the case of 80-th patient having
hemorrhagic features ranging from 1 to 3 and from 7 to 9, the true diagnosis is WD, see Table 1). Table 6 represents the
results of PCM for 80-th patient. Initial data for Table 6 are in the Table 4.
Table 6. Feature-experts paired comparisons for the 80-th patient.
80-th patient

WD

DT

CP

CPH

In total

wi

WD

0

5

5

4

14

0,39

DT

1

0

4

3

8

0,22

CP

1

2

0

4

7

0,19

CPH

2

3

2

0

7

0,19

If there is no unambiguous answer given by the DA and PCM classifiers (a diagnosis conflict is taken place), then
the diagnosis is defined taking into account the pD data set weigth (2). In the case of diagnosis conflict with the same
lowest ranking sum by the DA classifier, the wi index is calculated as:

wiDA = 1 − ∑ j =1 aij / ∑i =1 ∑ j =1 aij
m

k

m

In the case of diagnosis conflict with the same largest preferences sum by the PCM classifier, the wi index is
computed by (6). Preferable diagnosis is determined also by (3) and confirm to the result of PCM*. For DA analogically
preferable diagnosis is
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D*p = arg max( wDA
j γ j)
j =1, 4

and method has denotation DA*. If there is no diagnosis conflict (2) or (7) is used to determine the preferable
diagnosis.

D p = arg max wDA
j
j =1, 4

(7)

Example in the Table 3 illustrates diagnosis indistinguishability by DA classifier. WD and CPH have got the same
lowest ranking sum, χ2>χ2cr indicates diagnosis indistinguishability by DA classifier and diagnosis separability by
DA*classifier.
However not in all cases probabilistic approach classifiers recognize correct diagnosis. For instance, the DA
classifier are not able to recognize true CP diagnosis for 75-th and 63-th patients, as long as experts selects the diagnoses
equiprobable (chi-square criterion is equal to zero, КS=0). The PCM classifier also determines the diagnosis wrongly in
this case. Analogously noone of the probabilistic approach classifiers couldn’t recognize the true CP diagnosis for the
68-th patient (diagnosis conflict takes place, chi-square is not equal to zero), DA* and PCM classifiers recognize it as
DT diagnosis in concord.
We devepol a new classifier based on inductive approach, which has a historical name of Group Method of Data
Handling (GMDH), taking into account the resutls obtained.

5 GMDH classifier
Objective: To correctly diagnose new patients. To do this, separated out an independent (exam) sample with help,
which we verified constructed classifier. Let the number of all correctly recognized patients is nr .

There is a sample of W, | W | = nW clinical features (symptoms) xi ∈ {− 5,1,25}, i= 1, ..., m characterizing Dj = 1,

..., k diagnoses (see Table 1). However, in contrast to the probabilistic approach, where decision function has the form
(1), in the inductive approach it is found as:

f * (θ * , X s* ) = arg

max

f ∈F ,θ ∈ℜ M , X s ⊆ X

(nr ( f (θ , X s )) nW ) ,

where f ( X s ) optimal structure, s≤M and parameter vector

θ , dim θ = M × 1 of decision function are

determined by the Group Method Data Handling.
The main idea is to separate each j-th class from others (j = 1,…,4) by its own classifier. Surfaces equations built
have a form of fj(θ, Хs)=bj, where Хs is a features matrix; dim Хs=nA×s; θ – parameters vector; bj – thresholds [3].
Functions (fj(θ, хп) – bj) take values of defined sign (e.g. positive) in the records (n-th patient clinical features values) of
j-th diagnosis, and has negative sing in the records of other diagnoses. Functions fj(θ, хп) – bj are equal to zero in the
records located along separation boundary n = 1, nW .
Let us formulate fj(θ, Хs) – bj, j=1,…,4 classifiers requirements.
It is necessary to obtain fj(θ, Хs) – bj classifiers that are sensitive not only for A training set, but for new sets.
Nonlinear approximation functions of fj(θ, Хs), which are built by GMDH, approximate threshold functions Рj(x):

⎧⎪Q , ∀ хn : f ( хn ) ∈ D j
,
Pj ( X s ) = ⎨
⎪⎩G , ∀ хn : f ( хn ) ∉ D j
where Q and G are given thresholds: Q is a threshold for records (patients) corresponding to certain diagnosis; G
is a threshold for all the other diagnoses (Q = 220, G = 100). There are selected fj(θ, Хs) classifiers, having the best
extrapolating capabilities using B validation set. Recognition classifiers capabilities are tested using C examinations set,
that did not used for building of fj(θ, хп)=bj surfaces.
Total patients number is nW = 80. Patient’s distribution for each diagnosis in training, validation, and examination
sets presented in Table 7 (records of corresponding diagnosis).
Table 7. Patient’s distribution for each diagnosis (records of corresponding diagnosis).
Diagnosis
total patients number
Training set
Validation set
Examination set
WD
24
17
3
4
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CP
DT
CPH

17
31
8

13
24
8 or 6

2
3
0 or 2

2
4
0

For WD and CP classifiers calculation training set contained 8 records, validation, and examination sets nB=nC= 0
records correspondently because of the small initial patients set of CPH. For DT and CPH classifiers calculation training
set contained nA=6 records, validation set nB=2 records, examination set nC=0 records.
Patient’s distribution for each diagnosis in training, validation, and examination sets presented in Table 8
(records of other diagnoses).
Table 8. Patient’s distribution for each diagnosis (records of other diagnoses).
Diagnosis
Training set
Validation set
Examination set
WD
62
8
10
CP
62
8
10
DT
60
10
10
CPH
60
10
10
Characteristics of obtained classifiers are presented in Table 9.
VS

Sets
А∪ В∪ С
А∪ В

accuracy

Table 9. GMDH-classifiers characteristics.
CG
…

Se

97,50% 0,953

Sp

accuracy

Se

Sp

0,953

HSCP

…

accuracy

Se

Sp

96,25%

0,941

0,962

…

100%

1

1

A

100%
100%

1
1

1
1

98,57%
100%

1
1

0,982
1

…
…

100%
100%

1
1

1
1

B

100%

1

1

87,50%

1

0,833

…

100%

1

1

C

80%

0,5

0,875

…

100%

0,75 0,833

80%

1

Accuracy, sensitivity, and specifity calculations results for each classifier and record set are presented in Table 9.
Accuracy is defined by the percentage of correct patients’ diagnoses recognition. Sensitivity Se ∈ [0,1] , and specifity

Sp ∈ [0,1] are connected with first and second kind errors, which give information about doctors’ wrongly diagnose risk.
1. High CPH classifier characteristics values allow recommending it for differential diagnostics. Some
modification will be needed for CPH classifier because of the constant updating by new data and very small initial set
size (8 patients) however.
2. WD classifier made two mistakes. Both incorrect recognized patients’ numbers: 74 is incorrect diagnosis
rejection and 79 is incorrect WD diagnosis acceptance were wrongly diagnosed by CP classifier (incorrect diagnosis for
74) and DT classifier (incorrect diagnosis rejection for 79) in concord. Thus double classifiers mistake makes WD
classifier mistake unrecognizable by other classifiers, which were used here.
3. Similar situation occurred for CP classifier: we got unrecognizable diagnoses mistakes for 70, 74, and 75
patients, and DT classifier mistook for 70 and 79 patients.
4. All classifiers made wrong recognition just for eight patients (from total amount of 80) - 21, 42, 70, 71, 73, 74,
75, 77, 79. Four unrecognizable mistakes were obtained here. Their patient’s numbers are 70, 74, 75, 79 from three
classes (WD, DT (two patients), CP). For the remaining five patients, by the fact of classifiers conflict or agreed
diagnosis rejection, an addition diagnosis clarification should be done.

6 Comparison results
Let us return to probability-based classifiers in order to compare their recognition results to GMDH classifiers
ones. Recognition results by different methods (DA, DA*, PCM, PCM*, and GMDH) in the group merging randomly
selected patients and patients with unrecognized diagnoses are presented in Table 10.
Special interest represents the DA and PCM classifiers recognition results for the patients that are unrecognizable
by GMDH classifier (70, 74, 75, 79 in Table 1). It turns out that for the patients with numbers of 74 and 75 DA
classifier can not recognize the diagnosis because КS = 0 and chi-square criterion equals to zero (is denoted by (double
query marks)), but PCM can identify the diagnosis correctly for 74-th patient. PCM made wrong diagnose for other
patients (numbers of 70, 75,79). For the patients of 70 and 79 exists a preferable voting using DA classifier with the
significance level < 0.05 not in favour of true diagnosis. But as long as there is a diagnoses conflict for 79-th patient
(denoted as ?) consequently PCM* recognizes true diagnosis for this patient. Therefore DA and PCM classifiers allow
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removing two (from the four) unrecognizable mistakes. Moreover the 44-th patient belongs to the WD class and do not
belong to CG, or DT classes. And 79-th patient belongs to badly-recognizable DT class.
Table 10. Different classifiers results.

Probabilitybased
approach
Inductive
approach

№

1

2

3

4

5

6

7

8

9

10

Patient’s №

70

79

75

74

63

73 68

13

80

42

DA

-

?

??

??

??

??

?

+

+

?

DA*
PCM
PCM*

-

+
-

?
-

+

-

+
?
-

-

?
+

+

+
-

GMDH

-

-

-

-

+

+

+

+

+

+

In general for set of ten patients (partially selected randomly and taken from the set of unrecognizable patients by
GMDH-classifiers) each of the probabilistic and inductive approach classifiers made 4 mistakes. They each made
mistake with recognition of 70 and 75 patients; probabilistic classifiers mistook for 63 and 68 patients, when GMDH
classifiers did not mistake for these patients, but GMDH classifiers made unrecognizable mistakes in the case of 74 and
79, where PCM and DA* classifiers made correct recognition.
PCM and PMC* classifiers in sum mistook 7 times, DA and DA* in sum mistook 5 times, GMDH had 4 mistakes.
It should be noted that A∪ B learning and C examination sets were separated from each other in the case of GMDH
( ( A ∪ B) ∩ C = Ø). There was no examination set in the probabilistic approaches methods, which mean that classifiers
did not tested in new independent data.

7 Conclusion
¾

Total classifiers on a sample of 80 patients made a mistake for 9 patients: 2 unrecognized errors and 7
recognizable diagnosis errors
¾ The percentage of correct classification of diagnostic system consisting of a probabilistic classifiers and
inductive ones is less than 97.5%.
Further development of differential diagnostics system based on WD, CP, DT, and CPH classifiers could be
realized in the next two ways:
1. Inclusion of additional characteristics of pathologies, which are diagnosed, in the features set. Developing more
reliable classifiers based on this new features set.
2. Separation off the class of patients with unrecognizable mistakes using classifiers built. Statistics accumulation
of such patients and construction an additional classifier in order to separate a special domain of features values.
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Abstract. A long-term forecasting is the goal of this paper. The forecast of Ukraine human development index is
developed. This forecast enables to see the change of index in the future and can be used for the analysis by specialists.
The group method data handling is the method which enables building of long-term forecast. The models built by this
method using external bias criterion are more noiseimmunity than ones built by other methods.
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1 Introduction
Forecasting of macroeconomic indexes is an important problem today when an economic situation in Ukraine is
unstable. Some factors affecting the socio-economic situation in Ukraine are not measured and can not be taken into
account at forecasting. Therefore, the forecasting models of socio-economic situation changes in Ukraine are often
inaccurate. It is necessary to find a method that gives possibility to obtain new knowledge from a data sample. The
purpose of this paper is to forecast the value of Ukrainian human development index until 2015 on the basis of
macroeconomic data of Ukraine in 2000-2008. Group Method of Data Handling (GMDH) is a method giving acceptable
result of modelling even for a short data sample with noise. This method used for the forecasting models search.

2 Human development index
The sufficient material and human resources are necessary for sustainable economic development. The material factors
were the main engine of economic development but from the middle of XX century human factor begins to play
decisive role in global economic development according to the experts. Scientific and technical revolution, creation of
new technical facilities and technologies, unprecedented informatization of society are consequences of rapid
development of scientific and creative potential of people. Competitiveness of countries in the world increasingly
depends on the conditions of accumulated individual human capital s acquisition and realization. Therefore, the
dynamics of human development analysis have become an issue of research for such leading world organizations as the
United Nations, World Bank and other international organizations.
The Human Development Report is an independent publication commissioned by the United Nations
Development Programme (UNDP). Its editorial autonomy is guaranteed by a special resolution of the General
Assembly which recognizes the Human Development Report as an independent intellectual exercise and an
important tool for raising awareness about human development around the world" [1].
The output variable in the work is Human Development Index (HDI) of Ukraine. The HDI is a composite
statistic used to rank countries by level of human development of countries. It is integral index which contain the
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measure of life expectancy, literacy, education and standards of living for countries worldwide. It is a standard means of
measuring well-being, especially child welfare. It is used to distinguish whether the country is a developed, a
developing or an under-developed country, and also to measure the impact of economic policies on quality of life [2].
An index is published within the framework of Program of development of HDI in reports about development
of still human potential and developed in 1990 by the group of economists. An index is published to HDI in an annual
report about development of still human potential.
Experts of the UNDP proposed mechanism for calculating and measuring human development index. HDI (I0)
is an integral index calculated as an average value of three generalized parameters:

I0

I1 I 2
3

I3

where I1 index of life expectancy (longevity);
I2 index of the reached level of education;
I3 index of life quality (GNI per capita (PPP US$)).
Macroeconomic Data of Ukraine in 2000-2008 are presented in Table 1.
Table 1
Macroeconomic Data of Ukraine (2000-2008)
Indicators

X

2000

2001

2002

2003

2004

2005

2006

2007

2008

GDP per capita, UAN

X1

3436

4195

4685

5591

7273

9372

11630

15496

20534

100 USD, UAN

X2

543,45

529,85

533,24

533,15

530,54

505

505

505

770

GDP per capita, USD

X3

632,26

791,73

878,59

1048,67 1370,87 1855,84 2302,97 3068,51 2666,75

Life expectancy

X4

67,91

68,33

68,32

Population aged 6-24 years,
thousand persons
The literacy rate of population from
6 years, %

68,24

68,22

67,96

68,1

68,25

68,27

X5 13142,89 12892,57 12658,96 12383,38 12093,14 11744,91 11413,19 11048,17 10630,26
X6

91,6

92,8

93,1

93,8

94,2

94,6

94,7

94,9

94,7

Pupils and students, thousand persons X7 7771,51 7625,746 7380,634 7071,822 6718,19 6335,56 5997,493 5688,87 5399,395
Index of literacy from 6 years

X8

0,916

0,928

0,931

0,938

0,942

0,946

0,947

0,949

0,947

The index of aggregate share
of persons who learn

X9

0,591

0,591

0,583

0,571

0,556

0,539

0,525

0,515

0,508

Index of education level ( 2)

X10

0,808

0,816

0,815

0,816

0,813

0,810

0,806

0,804

0,801

Index of life expectancy ( 1)

X11 0,7222

0,7220

0,7207

0,7203

0,7160

0,7183

0,7208

0,7212

0,7212

Index of adjusted real GDP
per capita ( 3)

X12 0,0133

0,0173

0,0195

0,0238

0,0319

0,0440

0,0552

0,0744

0,0643

HDI ( 0)

X13

0,518

0,518

0,520

0,520

0,524

0,528

0,533

0,529

0,514

2. Macroeconomic Data Analysis
The method of correlation-regressive analysis is used for the determination of interdependence and influence of the
generalized indices I1, I2 and I3 on the integral index I0. The density of the impact of communication and degree of
influence of HDI components on HDI of Ukraine were evaluated. Pair correlation coefficients of HDI and I1, I2 and I3
are calculated.
The values of pair correlation coefficients are presented in Tabl. 2.
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Table 2
Correlation coefficients of components of HDI
Indicator

Coefficients
r1
1

r2

Index of life expectancy ( 1)
Index of education level ( 2)

-0.23041

1

Index of life quality (GNI per capita (PPP US$))
HDI ( 0)

0.02924
0.00204

0.80932
0.72279

r3

r0

1
0.986023

1

3 has the greatest impact on 0 (very high density connection r = 0,986), index of education level 2 is also quite
substantially affects the HDI (r = 0,723) and synthesis rate 1 does not actually impacts on the HDI (r = 0,002) as seen
from Table 2.

3. HDI Forecasting
The inductive Group Method of Data Handling (GMDH) is chosen as a method of automatic model building
by data sample for long-term forecasting of HDI of Ukraine until 2015 [3-4]. This method is based on the principles of
induction. Combinatorial GMDH algorithm is a method of structural-parametric identification when structure and
model parameters are selected in the process of model building unlike regression analysis that uses a fixed model
structure. Inductive GMDH algorithms give possibility to find automatically interrelations in data, to select optimal
structure of model or network and to increase the accuracy of existing algorithms.
Two groups of external criteria: accuracy and bias are known in the GMDH theory. Criteria for accuracy
express an error of model which is calculated at different parts of the sample. The bias criterion is a measure of
proximity estimates derived in different parts of the sample. Consequently, forecasting of HDI of Ukraine till 2015 was
conducted by using GMDH with the external bias criterion.
Given that the number of variables in the table of input data (Table 1) exceeds the number of observations
there is a problem of exclusion of uninformative arguments. This module will calculate the pair correlation coefficient
of variables shown in Table 3.

Table 3
Correlation coefficients of variables HDI *
Variable
X1
X2
X3
X4
X5
X6
X7
X8
X9
X10
X11
X12
X13

X1
1.000
0.620
0.931
0.156
-0.969
0.763
-0.954
0.763
-0.944
-0.853
0.041
0.931
0.897

X2
1.000
0.293
0.242
-0.463
0.148
-0.410
0.148
-0.374
-0.511
0.194
0.292
0.229

X3

X4

X5

X6

X7

X8

X9

X10

X11

X12

X13

1.000
0.077 1.000
-0.963 -0.136 1.000
0.852 0.199 -0.894 1.000
-0.970 -0.080 0.997 -0.904 1.000
0.852 0.199 -0.894 1.000 -0.904 1.000
-0.975 -0.014 0.989 -0.891 0.997 -0.891 1.000
-0.810 0.253 0.776 -0.451 0.781 -0.451 0.807 1.000
-0.028 0.070 0.124 -0.411 0.155 -0.411 0.146 -0.230 1.000
1.000 0.077 -0.963 0.853 -0.970 0.853 -0.975 -0.809 -0.029 1.000
0.986 0.169 -0.946 0.880 -0.950 0.880 -0.950 -0.723 0.002 0.986 1.000
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As seen from Table 3 correlation coefficients of variables X2, X4, X11 and HDI (X13) have small values (less
than 0.3). Since we can conclude that these variables had very little impact on the HDI during 2000-2008 they can be
ignored while building their models [5]. Under correlation and regression analysis correlation coefficients pair of
variables X3 and X12; X6 and X8; X7 and X9; X6 and X8 (see Table 3) have values close to «one». Since such a
multicollinearity of variables can lead to unstable model coefficients estimation, variables X3, X7 and X8 were excluded
from the sample data (Table. 1) and other variables were normalized by the maximum value for each variable. To
calculate the long-term forecast values for HDI till 2015 calculations were conducted for each variable for one year
ahead step by step:

xi k

1

f (x j k ) , i

j

(1)

To forecast the value of each variable by combinatorial algorithm the best model by this criterion was chosen
[6-7]. The bias criterion is used as the external criterion. Criteria bias group are criteria that used in the medium- and
long-term forecasting, since models derived from these criteria, lose in accuracy compared to the criterion of regularity
but indicate changes in trend.
These calculated values of variables are shown in Table. 4. To fill each table cell a new model for the
combinatorial GMDH algorithm was developed.
Table 4
Estimated HDI indices of Ukraine on 2009-2015 years
Year
2009
2010
2011
2012
2013
2014
2015

X1
15388
20211
19808
19659
19732
19699
19992

X2
541,657
788,403
762,007
769,769
756,602
727,542
632,540

X4
68,221
68,221
68,221
68,221
68,223
68,233
68,226

X5
12987,147
13011,855
12812,872
11266,085
10985,353
12720,215
12616,386

X6
92,8
92,3
92,7
92,6
92,7
93,0
92,6

X9
0,580
0,599
0,585
0,592
0,549
0,525
0,580

X10
0,816
0,816
0,815
0,815
0,815
0,813
0,814

X11
0,720
0,720
0,720
0,720
0,720
0,720
0,720

X12
0,082
0,073
0,075
0,078
0,078
0,081
0,064

X13
0,551
0,517
0,532
0,537
0,533
0,543
0,545

According to the Table 4 the real and calculated Ukraine HDI values from 2000 - 2015 are shown in Fig. 5.
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Fig. 5. Ukraine HDI Forecasting form 2009 - 2015
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As shown in Fig. 5 in 2009 HDI has the high value of I0 = 0.551 and in 2010 a sudden failure and over the next
5 years I0 not even approaching the level of 2009. These data show the destruction of human capital of Ukraine and its
impairment. In order to verify the above forecast values 0 calculation of HDI for 2009 based on real statistical data was
conducted

I1

69,29 - 60
60 - 25

I2

2 * 0,949 0,734
3

I3

2509,05 100
4000 100

I0

0,7382

,

(2)

0,877 ,

(3)
(4)

0,0604,

0,7382 0,877 0,0604
3

0,559 .

(5).

Formula (5) shows that I0 calculated for 2009 is 0.559 and forecasted 0=0,551 (table 4), i.e., the difference is
0.008 points, or 1.4%. A slight deviation from the predicted values only confirms the authenticity of the chosen
methods of forecasting. Thisforecast of human development index of Ukraine for 2009-2015 years shows that use of
combinatorial GMDH algorithm for analytical calculation is completely justified and impacts positively on increasing
of the degree of validity for changes in macroeconomic indices.

Summary
Macroeconomic data describing trends in the development of scientific and creative potential of Ukraine
analysed. The module of coefficient for pair correlation of variables was calculated for exception of uninformative
variables. Combinatorial GMDH algorithm was used for long-term forecasting of the human development index of
Ukraine. An external bias criterion is proposed as the external criterion indicating the trend of index change.
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Abstract.
Mathematical models obtained using the Group Method of Data Handling (GMDH) are supposed to
provide a reasonable trade-off between model simplicity and accuracy. In terms of GMDH approach such a model is
called the optimally-complex. One of key factors that influence optimal complexity detection is selection of appropriate
model validation technique. In our experiments we applied different validation strategies such as data split into training
and testing, whole data testing, k-fold cross-validation and leave-one-out cross-validation for a number of example
datasets. In our experiments we observed that for different modeling problems the best holdout accuracy is achieved by
different validation strategies. This result argues about necessity to consider all validation strategies while solving any
particular modeling problem but also allows us to give some recommendations about the validation strategy selection
after taking into account the modeling problem type.

Keywords
Validation strategy, COMBI algorithm, Multilayered
iterative GMDH, classification, regression, time series
forecasting.

1 Introduction
In the modern theory of predictive modeling it is well known that the optimal model should provide a trade-off between
simplicity and accuracy. In terms of GMDH approach [1] such a model is called the optimally-complex. It is supposed
that the optimally-complex model can be obtained in a result of generation of candidate models and their validation
using the testing data subset.
Since the validation stage is so important we tried to investigate application of different validation strategies such as
data split into training and testing, whole data testing, k-fold cross-validation and leave-one-out cross-validation. In our
experiments we observed that for different modeling problems the best holdout accuracy is achieved by different
validation strategies. This result argues about necessity to consider all validation strategies while solving any particular
modeling problem but also allows us to give some recommendations about the validation strategy selection after taking
into account the modeling problem type.
Experiments were performed for Combinatorial (COMBI) [2] and Multilayered Iterative (MIA) GMDH algorithms
[1], implemented in the software called GMDH Shell [3]. Example data-sets used for the experimentation belong to the
classification, regression and time series forecasting problems and are publicly available around the Internet [3].

2 Combinatorial GMDH models
Combinatorial GMDH model is a polynomial function that is linear in the parameters. Combinatorial model is a subset
of terms of a polynomial function generated from a given set of variables. For example, if we model a data-set of two
input variables x 1 and x 2 and an output (target) variable y , then quadratic polynomial function will be

y= a0

a1 x1

a2 x2 a3 x1 x2

a 4 x 21

a5 x 22
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The power of polynomial function is defined by user and also can be a linear combination, i.e. power equals to one.
Combinatorial GMDH selects an optimally-complex model, for example, y= a0 a 3 x1 x 2 as a subset of terms of
complete polynomial with smallest model error at testing data.
Data pre-processing stage allows us to embed different operators to variables x 1 and x 2 , for example, exponent,
sigmoid function, time series lags, and so on. But, the final model will be still linear in the parameters.
Full combinatorial search of model components frequently takes too much time, so we can limit it to a search of
models with not more than n terms. Models with only 2 terms, for example, allow search among 100'000 variables and
larger sets. In the same time the full search complexity is practically reasonable for model spaces with not more than 30
polynomial or linear terms.
Combinatorial GMDH in general is a time consuming algorithm. Its application practically is most powerful with
linear models. We usually apply Combinatorial GMDH for time series forecasting of multivariate or uni-variate series
transformed into sets of lags.

3 Multilayered Iterative GMDH models
Multilayred Iterative algorithm places Combinatorial GMDH into multilayer environment. The algorithm iteratively
creates layers of neurons with two or more inputs. Every new layer is created from two or more neurons taken from
previous layers. Every neuron in the network has a transfer function of polynomial type that is optimized by
Combinatorial GMDH for prediction of target variable. Most common settings for GMDH-type neural network is twoinput neurons and quadratic transfer function.
From every layer the algorithm returns only a limited number of neurons defined by user, in terms of genetic
algorithms it is a population. But in contrast to genetic algorithms every new layer can connect to previous layers. In
order to prevent combinatorial explosion at every new layer we generate only half of the neurons generated at previous
layer, i.e. the number of neurons N at layer k is N k = 0.5 N k − 1 .
Generation of new layers is usually stopped when a new layer can't show better testing prediction than previous
layer. However, we also stop generation of new layers if testing error was reduced by less than 1% or if the number of
layers has reached certain limit that a user can set manually.
The number of unique weights of the network (or model complexity) can be quite large. If for any reason it is
comparable with the number of data rows it can be reasonable to manually limit the number of network layers.

4 Validation strategies
Sorting out of models performed in GMDH algorithm requires us to define some validation approach (or validation
strategy). Proper selection of validation approach is highly important for optimal complexity detection and different
approaches result in different forecasting accuracy.
We applied the following well known validation strategies:
1.

Training/testing. Splits dataset into two parts, uses training part to find model coefficients and uses testing part
to compare all generated models.

2.

Whole data testing. Splits dataset, trains model using the training part, but uses both parts for testing.

3.

k-fold cross-validation. Splits dataset onto k parts, trains a model k times using k-1 parts, each time measuring
model performance using the remaining part. Finally residuals obtained from all testing parts are summarized
in order to compare the model to other competing models.

4.

Leave-one-out cross-validation. It is a k-fold cross-validation with the number of folds equal to the number of
instances in the dataset.

Splitting proportion in the first two strategies or the number of cross-validation folds as well as validation criterion itself
are parameters of the simulation and should be selected by researcher empirically. Uncertainty of this process motivates
us to test validation strategies using well known example datasets that represent classification, regression and time
series forecasting problems.
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5 Considered datasets
5.1 Airline passengers (Time series)
Airline passengers is an example of time series forecasting problem. Original source of the data is a book by Box and
Jenkins (1976): Times Series Analysis: Forecasting and Control, p. 531. The dataset consists of 144 monthly totals of
airline passengers from January 1949 to December 1960.
Our task is to generate one-year-ahead forecast for 12 latest observations as if we don't know them. So, we hold-out
12 latest values of output variable and create a model using the rest of data.

5.2 TOP500 supercomputers (Time series 2)
TOP500 supercomputers is an example of time series forecasting problem. Data source is The Top500 List of
Supercomputer Sites released semiannually by www.top500.org. Every list contains information about different
parameters of modern supercomputers including rank of a computer system, theoretical and measured computational
power, the number of processing cores, manufacturer information, component types and models, operating system, etc.
Example data is a historical list of entry level supercomputers from Jun 1993 to Nov 2008.
Our task is to predict the entry-level supercomputer performance for the next Top500 release (Jun 2009). Since the
Jun 2009 is in the past, we know that the entry-level performance was 17088 Gflop/s.

5.3 Iris flower (Classification)
Iris flower is an example of multi-class classification problem. Data source is a classical dataset introduced by Ronald
Fisher (1936) as an example of discriminant analysis.
The dataset consists of 150 instances and 5 variables. It was modified so that the last 30 instances are equally
represented by 3 Iris flower species.
Our task is to predict species of last 30 observations as if we don't know them. So, we hold-out the last 30 instances:
Virginica #121-130, Setosa #131-140 and Versicolor #141-150.

5.4 Synthetic dataset (Regression)
This is an example of regression problem. Three variables were randomly generated in a spreadsheet and coupled with
2
output of polynomial function y= 100 x 1 x1 x 2− x 2 that uses only two variables. All columns of the obtained
dataset were noised by up to 10% (uniformly distributed random error between -10 and 10%).
The task is to predict the last ten values of y as if we don't know them. In our example, the actual values of y
change dynamically since the example is based on RAND() function of the spreadsheet (MS Excel, OpenOffice Calc).

6 Experimentation
The datasets considered in subsections 5.1 – 5.4 are available as built-in examples in the GMDH Shell package. We
repeated the built-in example simulations with four different validation strategies and two GMDH algorithms. We also
tried thee different data splitting parameters for all validation strategies except the leave-one-out cross-validation. This
resulted in 80 simulations for which we measured Mean Absolute Error (MAE) calculated using only the hold-out part
of data. We normalized MAE by the range of values in corresponding dataset and multiplied by 100 so, we obtained
normalized percentage MAE as the accuracy measure:

NMAE= MAE 100 / y max − y min
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Results of our simulations are given in the Tab.1. Since the datasets belong to different problem classes
(classification, regression and time series) and modeling experiments use different algorithm settings and preprocessing we can only judge about the best validation strategy for every particular column in Tab.1. In each column
we marked the best accuracy using bold font.

Tab.1. Mean absolute error normalized by data range calculated for the hold-out
part of several datasets. Various training strategies and two learning algorithms
are represented. Other simulation parameters may differ between columns.

Time series Classification Regression Time series 2
COMBI MIA COMBI MIA COMBI MIA COMBI MIA
Training 50 / Testing 50
7.02 10.46 7.76 6.56 1.98 4.47 4.59 130.3
Training 60 / Testing 40
4.51 6.97 7.17 7.06 1.97 1.76 12.41 76.72
Training 70 / Testing 30
7.1 5.98 6.37 6.75 2.05 3.53 11.38 16.09
Whole data testing 50/50
2.97 30.6 7.75 6.74 1.98 4.47 4.59 706.7
2.65 12.53 7.65 7.07 1.97 1.76 11.77
317
Whole data testing 60/40
Whole data testing 70/30
3.07 12.53 6.37 6.41 2.05 2.05 3.46 6203
2‐fold validation
3.05 19.36 6.49 6.06 2.52 2.52 2.58 90.13
3‐fold validation
4.13 35.35 8.37
6.3 2.52 2.52 3.64 4568
2.52 1.94
5.4 105.5
10‐fold validation
4.47
451 5.47 4.37
6.6 9.48 2.52 1.94
5.4 343.8
Leave‐one‐out CV
9.33 5.76
It appeared that all four validation strategies achieved the best forecasting accuracy results in at least one problem
type or algorithm type. This proves usefulness of diversity of modern validation theory and requires us to select the
validation strategy carefully in every particular case.
It is notable that leave-one-out cross-validation set only one accuracy record out of 10 that is quite low performance
while data splitting proved its effectiveness with 6 records against 4 records of the lossless (in sense of training) crossvalidation approach. In our experiments classification accuracy appeared higher with 10-fold cross-validation and two
other problem types showed better results with training/testing split.

1 Conclusion
We measured forecasting accuracy of COMBI and MIA algorithms achieved with different validation strategies using
four different datasets that belong to classification, regression and time series forecasting problems. We were focused at
validation strategy testing, therefor we tried 10 different parameter setups of 4 validation strategy classes. All four
validation strategies achieved highest accuracy results in at least one problem type or algorithm type. This result argues
about necessity to consider different strategies while solving any particular modeling problem. Results of our
experiments lead us to conclusion that there is higher probability to achieve better classification results with k-fold
cross-validation while regression and time series problems still can achieve better accuracy with much quicker strategy
of a single data split.
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Abstract. Classification tasks in information retrieval deal with document collections of enormous size, which makes
the ratio between the document set underlying the learning process and the set of unseen documents very small. With
a ratio close to zero, the evaluation of a model-classifier-combination’s generalization ability with leave-n-out-methods
or cross-validation becomes unreliable: The generalization error of a complex model (with a more complex hypothesis
structure) might be underestimated compared to the generalization error of a simple model (with a less complex hypothesis
structure). Given this situation, optimizing the bias-variance-tradeoff to select among these models will lead one astray.
To address this problem we introduce the idea of robust models, where one intentionally restricts the hypothesis structure
within the model formation process. We observe that—despite the fact that such a robust model entails a higher test
error—its efficiency “in the wild” outperforms the model that would have been chosen normally, under the perspective of
the best bias-variance-tradeoff. We present two case studies: (1) a categorization task, which demonstrates that robust
models are more stable in retrieval situations when training data is scarce, and (2) a genre identification task, which
underlines the practical relevance of robust models.

Keywords
retrieval model, bias, overfitting, machine learning

1 Introduction
Supervised learning means to build a function, called classifier, from labeled training examples in order to predict the
labels of unseen examples. The predictive behavior of a classifier is rooted in its generalization ability, i.e., by explaining
the observed data under a set of simplifying assumptions. These assumptions are sometimes called inductive bias [15];
they are often implicitly introduced, among others by the model that represents the data, by the sample selection process,
or by the learning algorithm. Given a classifier in a concrete learning situation the statistical bias quantifies the error
that is caused by this simplification, while the inductive bias can be considered as the rationale (the logical argument)
for this error. Accepting a higher bias will reduce the variance of the learned classifier and may entail a lower generalization error—a connection which is known as bias-variance-tradeoff. If only a very small amount of training data is
available, choosing among different complex models in order to determine the best bias-variance-tradeoff becomes a game
of chance: all learning methods, which try to build classifier with minimum generalization error, rely on the assumption
that the examples are representative.
The investigations of this paper are motivated by the extreme relations in information retrieval. We are working on
classification tasks such as genre analysis on the Web or the semi-automatic maintenance of large repositories, where the
size ratio υ between the sample S (comprising training and test data) and the set of unseen documents is close to zero.
As a consequence even sophisticated learning strategies are misguided by S if the feature vectors x ∈ S consist of many
and highly variant features. Reason for the misguidance is that the concept of representativeness inevitably gets lost for
υ ≪ 1 and, as a result, it is no longer possible to apply standard model selection or feature selection. However, we argue
that even in such extreme learning situations classifiers can be built that generalize well: the basic idea is to withhold
∗ This paper is a reprint of a paper orginally published at the 8th International Workshop on Text-based Information Retrieval (TIR’11), hold in
conjunction with the 22nd International Conference on Database and Expert Systems Applications (DEXA’11) in Toulouse, France. 2011.
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Figure 1. Illustration of a classification task hO, Y i and its machine-based solution. The
model formation function α associates real-world objects with feature vectors. A restriction
bias is introduced at model formation time, and other biases may be introduced within
subsequent steps.
information contained in S from the learner. Conceptually, such a restriction cannot be left to the learner but must happen
intentionally, by means of a task-oriented model formation. By model formation we denote the mapping α from a set of
real-world objects O (the real documents) onto a set X of feature vectors.

Contributions. We put the model formation process in the focus of the retrieval performance analysis. In particular, we
propose to identify the robustness of a model with the inductive bias that is intentionally introduced within the model
formation process.1 We evaluate these considerations: variants of the vector space model are compared with respect to
different model formation functions, and, for the field of genre identification the robustness of the state-of-the-art retrieval
models is analyzed. Altogether, the idea of robust models can be considered as a model selection paradigm that suggests
to prefer the “inferior” model under certain circumstances.
Existing Research. The existing research can be distinguished into the following areas: theoretical analysis of sample
complexity, multiple evaluations of a training sample S, and semi-supervised learning.
1. The sample complexity is related to the question of how many training examples are needed such that a learner
converges with high probability to a successful hypothesis [15]. A key factor is the size of the learner’s underlying
hypothesis space. There are upper bounds linear in V C(H), the Vapnik-Chernovenkis dimension of the hypothesis
space [2, 26], and logarithmically in |H|, the size of the hypothesis space.
2. A multiple evaluation of training samples can be realized with ensemble classifiers or collaborative filtering techniques [22, 16, 4]. They can be considered as experts, each of which focusing on different aspects of the training
samples, and the combined expertise can alleviate the negative impact of a small set S.
3. Semi-supervised learning approaches like those mentioned in [20, 1] are appropriate if along with a small set of
training samples S a large sample of unlabeled, but representative data is given. A promising approach in this regard
is the integration of domain knowledge into the learning phase [5].

2 Robust Models
Starting point is a classification task hO, Y i (see Figure 1, left), where we are given a set of objects O, the population,
which can be classified by a real-world classifier into k classes Y = {1, . . . , k}. A real-world classifier should be
understood as a decision machine that is unrestricted in every respect. By contrast, computer algorithms work on an
abstraction x of a real-world object o. Without loss of generality x is a p-dimensional vector, where each dimension
i is interpreted as a value of a feature xi of the real-world object o. The process of deriving x from o is called model
formation, denoted as α, α : O → X. X comprises the feature vectors of the population; it constitutes a multiset, implying
the identity |O| = |X| and preserving in X the class distribution of O. The (unknown) function c maps X onto the classes
in Y ; c is called target concept or ideal classifier. The task of an inductive learner is to build an approximation h of the
target concept c, exploiting only information contained in a sample S of training examples {(x, c(x))}. The function h
is called a hypothesis for the target concept; it is characterized by its generalization error, err (h), also called prediction
error, real error, or true error [7, 24, 27, 19]. err (h) can be defined as the probability of wrong classification:
P (h(x) 6= c(x))
1 This

form of an inductive bias is sometimes called restriction bias.
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The minimization of this error is the ultimate goal of a classification task. err S (h) is called test error if S is not used
for the construction of h by a learner.
err S (h) =

1 X
loss 0/1 (h(x), c(x)),
|S|
x∈S

where loss 0/1 (h(x), c(x)) is 0 if h(x) = c(x), and 1 otherwise. The learning algorithm selects a hypothesis h from the
space H of possible hypotheses, and hence H defines a lower bound for err (h). This lower bound is denoted as err (h∗ )
and quantifies the expected difference between an optimum hypothesis h∗ ∈ H and the target concept c:
err (h∗ ) := min err(h)
h∈H

err (h∗ ) is called structural bias or model bias [7]. Note that the learner itself can introduce a so-called preference
bias, and that a sample selection bias may be introduced during the formation of S (see Figure 1). Choosing between
different model formation functions α1 , . . . , αm means to choose between different representations X1 , . . . , Xm along
with different hypotheses spaces Hα1 , . . . , Hαm , and hence to introduce a more or less rigorous structural bias. If training
data is plentiful, the best model can be found by minimizing err S (h) against the different representations. However, if
training data is scarce, we even may prefer αi over αj although the former is outperformed under S:
err S (h∗αi ) > err S (h∗αj ),
where h∗αi ∈ Hαi , h∗αj ∈ Hαj , and i 6= j. I.e., we introduce a higher restriction bias than suggested by S, accepting a
higher error err S , but still expecting a lower generalization error:
err (h∗αi ) < err (h∗αj )
We call the model under αi to be more robust than the model under αj , or, to be the robust model for the task hO, Y i.

3 Case Study I: Text Categorization
The following experiments evaluate the behavior of the generalization error err , the sample error err S , and the relation
between err and err S . In our study we vary vector space retrieval models by employing different functions α while
keeping the inductive learner unchanged. This way, the difference in the retrieval model’s robustness is reflected by the
classification performance of the obtained solutions. The inductive learner in the setting is an SVM with a linear kernel
[8, 25] and hO, Y i is a text categorization task on the Reuters Corpus Volume RCV1 [13]. We consider the corpus in its
entirety in the role of the population O. The set Y of class labels is defined by the four top-level categories in RCV1:
corporate/industrial, economics, government/social, and markets. The corpus contains |O| = 663768 uniquely classified
documents whose distribution is shown in Table 1.
Table 1. Document distribution in the top-level categories of RCV1.
Top-level category
corporate/industrial
economics
government/social
markets

Number of documents
292 348
51 148
161 523
158 749

The different model formation functions αi yield different object representations Xi . Let S be a sample, drawn i.i.d.
from Xi , with |S| = 800. The extreme ratio of υ = 0.0012 between the sizes of S and Xi reflects a typical information
retrieval situation as it is encountered in the real world; in fact, υ = 0.0012 may still be considered as optimistic.

3.1 Experiment 1
For a document o ∈ O the function αi (o) computes a vector space model, where i = 1, . . . , 5, is associated with a certain
number p of used index terms (see the x-coordinate in Figure 2 for the actually chosen values for p). The reduction
of the feature number p is achieved by introducing prefix equivalence classes for the index terms: the term weights of
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Figure 2. Cross-validated error estimates (hashed bars) and generalization errors (plain
bars) for five different solutions hαi , hi of hO, Y i. The α1 , . . . , α5 affect H by the employed number of index terms. The learning approach is a SVM with a linear kernel; the
training sample S contains 800 examples.
words that start with the same letter sequence are counted to the tf ·idf -value of the same index term. In our experiments
the prefix length is varied between 1 and 10. The plot in Figure 2 reveals, as expected, that the cross-validated error
estimates (hashed bars) increase with the impairment of the vector space model. Interestingly, this monotonic behavior
cannot be observed for the generalization error: for p = 2729 the value becomes minimum, a further reduction of p leads
to underfitting. To understand the importance of this result, recall that the generalization error cannot be observed in the
information retrieval practice. Put another way, the best solution for hO, Y i can be missed easily, since only the analysis
results with respect to S are at our disposal.

3.2 Experiment 2
We now modify αi by coarsening the feature domain D of the index terms, going from the tf ·idf retrieval model to the
boolean retrieval model. Figure 3 shows the results for the two extremal αi . Observe that the cross validated errors for
both retrieval models are pretty close to each other; in fact, they differ only by one percent. Hence, there is a high risk to
select the “wrong” model. This is particularly crucial here since the difference between in the achievable generalization
errors is enormous.
That the err S statistic may lead one astray—even if it relies on cross validation—has been observed and discussed
before [18]. We would like to point out that our analyses go beyond these (and similar results): Firstly, we report
on realistic information retrieval experiments and the current practice of experiment implementation and experiment
evaluation. Secondly, and presumably more important, the focus of our analyses is on the impact of the model formation
function α. The above analysis is distantly related to the feature selection problem, which also can eventuate some bias on
the estimates of classifier parameters. This kind of bias is also called “feature subset selection bias” or simply “selection
bias” [21].

4 Case Study II: Genre Identification
Web Genre Identification is a prime example for a IR classification task. We begin by explaining how we construct
a robust genre retrieval model. Then we report on an experiment for uncovering robustness characteristics when err
is incalculable. The genre of a document provides information related to the document’s form, purpose, and intended
audience. In order to identify a documents genre we need a solution for the classification task hO, Y i where O is a set of
documents and Y , Y = {1, . . . , k} is a set of genre class labels, also called genre palette. Current Web genre retrieval
models achieve a low sample error but do not generalize at Web scale. Though the genre paradigm attracted much interest
as positive or negative filter criterion for Web search results, automatic genre identification could not convince in the Web
retrieval practice by now.

58

y
yy
y

The 4th International Workshop on Inductive Modelling IWIM’2011
+

Error rate [%]

60
50
40
30
20
10
0

Restriction bias

-

errS
err

α2

α1

Weight type

ry

df

i
tf⋅

na

bi

Optimum resolution |D | for classification task <O,Y>

Figure 3. Cross-validated error estimates (hashed bars) and generalization errors (plain
bars) for two different solutions hαi , hi of hO, Y i. α1 and α2 affect H by using a different
granularity for the feature variable domains. Again, the learning approach is an SVM, and
the sample size |S| is 800.
The development of genre retrieval models is an active research field with several open questions, and only little
is known concerning the robustness of a retrieval model. Early work dates back to 1994, where Karlgren and Cutting
presented a feasibility study for a genre analysis based on the Brown corpus [9]. Later on several publications followed
investigating different corpora, using more intricate or less complex retrieval models, stipulating other concepts of genre,
or reporting on new applications. The sizes of existing corpora varies between 200 and 2500 documents sorted into 3 to
16 genres [12, 14, 3, 6]—while there are 20-50 billions of indexed Web documents.

4.1 A Robust Genre Retrieval Model
For our robust genre retrieval model we introduce the features “Maximum Term Concentration” and “Gini Coefficient”
based on genre-specific core vocabularies and concentration measures for the model formation. Let Ty denote the core
vocabulary specific for the genre y ∈ Y . The terms in Ty should be both predictive and frequent for y. Terms with such
characteristics can be identified in Y with approaches from topic identification research, in particular Popescul’s method
and the weighted centroid covering method [10, 11]. In order to mine genre-specific core vocabulary both methods must
be adapted: they do not quantify whether a term is representative for y; a deficit, which can be repaired, see [23]. In the
simplest case, the relation between Ty and a document o can be quantified by computing the fraction of o’s terms from
Ty , or by determining the coverage of Ty by o’s terms. However, if genre-specific vocabulary tends to be concentrated in
certain places on a Web page, this characteristic is not reflected by the mentioned features, and hence it cannot be learned
by a classifier h. Examples for Web pages on which genre-specific core vocabulary is unequally distributed: private
home pages (e.g. address vocabulary), discussion forums (e.g. terms from mail headers), and non-personal home pages
(e.g. terms related to copyright and legal information). The following two statistics quantify two different vocabulary
concentration aspects:
1. Maximum Term Concentration. Let o ∈ O be represented as a sequence of terms, s = {w1 , . . . , wm }, and let
Wi ⊂ s be a text window of length l in s starting with term i, say, Wi = {wi , . . . , wi+l−1 }. A natural way
to measure the concentration of terms from Ty in different places of s is to compute the following function for
different Wi :
|Wi ∩ Ty |
κTy (Wi ) =
,
κTy (Wi ) ∈ [0, 1]
l
The overall concentration is defined as the maximum term concentration:
κ∗Ty = max κTy (Wi ),
Wi ⊂d

κ∗Ty ∈ [0, 1]

2. Gini Coefficient. In contrast to the κTy statistic, which quantifies the term concentration strength within a text
window, the Gini coefficient can be used to quantify to which extent genre-specific core vocabulary is distributed
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Figure 4. Predictive accuracy of the classification solutions hαVSM , hi and hαrobust , hi,
depending on the size of the training set, which is drawn from corpus A (KI-04), estimated
by a test sample of corpus A.
unequally over a document. Again, let Wi be a text window of size l sliding over s. The number of genre-specific
terms from Ty in Wi is νi = |Ty ∩ Wi |. Let A denote the area between the uniform distribution line and the Lorenz
curve of the distribution of νi , and let B denote the area between the uniform distribution line and the x-axis. The
Gini coefficient is defined as the ratio g = A/B, g ∈ [0, 1]. A value of g = 0 indicates an equal distribution; the
closer g is to 1 the more unequal νi is distributed.

4.2 Analysis
We show the influence of model robustness in this experiment while we test two different robust IR classification solutions
on documents sampled from a different corpus. Our analysis is based on the Web genre corpora “KI-04” [14] with the
8 Web genre classes article, discussion, shop, help, personal home page, non-personal home page, link collection and
download, denoted as A, and the “7-Web-Genre” [17] with the genres blog, listing, eshop, home page, FAQ, search page
and online newspaper front page, denoted as B. We estimated the predictive accuracy (= 1 − err S ) of a classification
solution by cross validation on corpus A, i.e. all documents for compiling the classification solutions and estimating err S
come from A. Additionally, for these compiled classification solutions we estimated err S with documents from B and
the genres “listing” (mapped to “link collection”), “eshop” (mapped to “shop”) and “home page” (mapped to “personal
home page”) whereas we call 1 − err S export accuracy.
Our assumption is that genre corpora may be representative for the population but are biased because of one or more
of the following reasons:
1. The corpus is compiled by a small group of editors who share a similar understanding of genre.
2. The editors introduce subconsciously an implicit correlation between topic and genre.
3. The editors collect their favored documents only.
4. The editors rely on a single search engine whose ranking algorithm is biased towards a certain document type.
A consequence is that the cross-validated error estimate provides no reliable means to prefer one genre classifier
over another. This fact is demonstrated in the following, and it is also shown that a robust model (a model with higher
restriction bias) may be inferior on a test set S but will do a better job with respect to generalization. The presented effects
are not a consequence of overfitting but of the extreme size ratio υ between S and the World Wide Web. The following
model formation functions αVSM and αrobust are employed:
1. αVSM computes x with a simple vector space model using tf ·idf term weighting scheme, comprising about 3500
features.
2. αrobust uses the proposed concentration measures, maximum concentration and Gini coefficient of core vocabulary
distributions, impose one feature (= one dimension in x) per genre class y ∈ Y and measure. We enriched the
representation by part-of-speech features. The entire model comprises 98 features.
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Figure 5. Export accuracy of the classification solutions hαVSM , hi and hαrobust , hi,
depending on the size of the training set, which is drawn from corpus A (KI-04), estimated
by a test sample of corpus B (7-Web-Genre).
Again, an SVM determines the hypothesis h in the solutions hαVSM , hi and hαrobust , hi. Observe that the solution
hαVSM , hi achieves a significantly higher predictive accuracy than hαrobust , hi (see Figure 4); with respect to the sample
size both show the same consistency characteristic. We explain the high predictive accuracy of hαVSM , hi with its higher
training data sensibility, which is beneficial in homogeneous corpora. Even by using a cross validation the predictive
accuracy and the export accuracy will considerably diverge.
The impact of model robustness is unveiled when analyzing the export accuracy, which drops significantly (by 21%)
for hαVSM , hi (see Figure 4 and Figure 5). For hαrobust , hi the export accuracy drops only by 8%. The better performance
of hαrobust , hi is a consequence of its small number of features, which is more than an order of magnitude smaller
compared to hαVSM , hi.

5 Conclusion
We argue to identify the restriction bias that is introduced within the model formation process with the robustness of the
resulting retrieval model. In two case studies we analyze the impact of the restriction bias on the retrieval performance,
and we observe that the idea of robust models is highly usable: it captures effects on the generalization error that cannot
be attributed to properties of the inductive learner nor to the hypothesis structure. Robust models are a means to reduce
the overfitting problem for retrieval tasks where the ratio between the training sample and the set of unseen documents is
extremely small.
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Abstract. This paper deals with the unique methodology of system-analytical researches (SAR) designing process in a wide
class of problems. In postindustrial society, modern projects of system-analytical researches in complex formats may well
affect many application areas simultaneously. These studies relate to the intellectual, creative sphere of human activity
aimed at obtaining new knowledge in very wide range of applications - from streamlining business processes in the
economic sphere and political forecasting up to the obtaining of new scientific results. The original information technology,
based on the principles of complex systems inductive modeling and the group method of data handling (GMDH), as basic
methodology of this innovative trend, is proposed.
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1. Introduction
In the post-industrial (informational) epoch modern projects of system-analytical researches (SAR) in complex formats
can affect many application areas simultaneously. These studies relate to the intellectual, creative sphere of human activity
aimed at obtaining of new knowledge in very wide range of applications - from streamlining business processes in the
economic sphere and political forecasting up to the obtaining of new scientific results. It is no secret that such projects can
last from 3-6 months or more, and dedicated financial resources can vary within very wide limits - from several tens of
thousands to tens or more of millions dollars.
Modern traditional technology of system-analytical researches enable to develop the documents of exceptional
complexity, not to mention the importance and value of the new knowledge that they carry and which sometimes affect the
course of entire countries and peoples. Such documents may include, for example:
- forecast of the U.S. developing up to 2050 (such documents are worked out in almost all developed countries);
- the forecast of climate impact in the long-term (10-20 years and longer) perspective on the development of the EU
agrarian sector;
- international export/import contract of interaction between countries;
- a comprehensive strategic business plan for banking, insurance or of the corporation trading network, etc.
Hence, it is clear and evident today very high interest in the improvement and development of SAR-technologies as at
the meta-level, and at the level of the individual system units and algorithms.
In this paper the original methodology of system-analytical researches technological process in a wide class of
problems is considered. Used modern and traditional technologies encounter very complex problems. The main of such
problems are described in this paper. A new unique information technology, based on the principles of complex systems
inductive modeling and the group method of data handling (GMDH), as basic methodology of this innovative direction, is
proposed.
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2. The main problems of modern system-analytical research technologies
and some directions of their solutions
Traditional technologies of system-analytical researches, although in most cases able to achieve the desired quality
results, often lead to a serious waste of money and time for their execution, as well as inefficient use of precious time of
professional analysts and a much larger number of them than it is actually needed .
Highlighted below causes of modern SAR-projects low efficiency suggests the need for unconventional approaches in
the design and implementation of SAR in such complex class of tasks, examples of which are mentioned above. In [1, 2] to
overcome these negatives proposed application of the complex systems inductive modeling principles and the group method
of data handling (GMDH), as its methodological framework [3, 4 and many other ones]. We consider these issues and give,
in our opinion, effective solutions based on three basic of complex systems inductive modeling principles:
• the principle of self-organization;
• the principle of external addition;
• the principle of choice-making decisions freedom.
Among the major problems (causes) we distinguish the following ones:
Problem 1: all members of individual directions groups (economists, politicians, mathematicians, lawyers, etc.) are
working on „their own problem simultaneously and, even using various professional methods, tools and techniques, that
makes impossible to objectively evaluate the results inside the group; and high confidentiality conditions almost completely
eliminate such possibility.
Solution: to introduce competition, i.e. partition the one group in the two independent sub-groups and the application
of criteria for assessing the intermediate (final) results quality similar to the GMDH-criteria of regularity and/or the
minimum unbiasedness and/or balance etc. – i.e. the application of the external addition principle.
Problem 2: The principal uncertainty of the optimal endpoint information basis at the initial stage of the study, which
would allows synthesize the final document, forcing analysts to gathering of much more information about „the problem ,
than it is actually needed and, moreover, in each group with respect to „their own problems .
Solution: should the principle of self-organization with focused gain information basis; this principle rejects the
traditional point of view that the model is more accurate than it is more complicated because this principle involves finding
the optimal information basis as an ensemble of informative parameters.
Problem 3: the lack of sufficient high-quality relevant information leads analysts to resort of indirect or synthetic
estimates regarding some of its species or the statistical characteristics (e.g., any average or relative value which by virtue of
small samples generally can’t be used in critical studies).
Solution: because such methods do not add credibility to the researches, the decision seems to apply the principle of
self-organization and the external addition principle (external criteria) to generate an optimal information basis to solve a
particular problem in the same way as in the GMDH-algorithms in solving of structural and parametric identification tasks.
Problem 4: there is a subjective assessment of intermediate results achieved at different stages of the investigation due
to poorly developed formal independent evaluation of such technologies (corresponds to a problem 1).
Solution: should the principle of external additions as well as principle of choice-making decisions freedom in order to
„self-organization of optimal solutions (the partition of the analysts group into two sub-groups with the use of objective
external criteria, etc.).
Problem 5: there is very low „convergence rate to target result in the traditional technologies due to high degree of
subjectivity in making decisions about the final outcome quality of the research (usually the final document subsequently
subjected to a reusable refinements, corrections, clarifications, removing comments, etc., etc ., etc.).
Solution: the inductive approach application to the synthesis technology essentially eliminates, on the one hand the
information base redundancy and, on the other hand, can synthesize the best information basis, as an ensemble of
informative parameters, which, by definition, must satisfy the basic requirements for the result.
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Problem 6: the professional expert assessments of high-level are most often used only in the final phase of SARproject that leads to an increase in cost and time to carry out additions and/or eliminate the comments or even leads to a
general inability to achieve improved results already obtained.
Solution: it is necessary to introduce the concept of the „target result (a „standard or „benchmark result )
constructed on the formal expertise requirements – e.g., implementation of the expert tolerances matrix [5], etc.
Problem 7: poorly formalized procedures and technologies in the system-analytical researches (corresponds to a
problems 4 and 5).
Solution: should be developed the original instruments, algorithms and techniques of procedures formalization
critically affecting the effectiveness of SAR-project and the quality of its outcome.
Naturally, the diversity and intellectual orientation of direction considered in principle actually generates a lot of
problem that for researchers in this field are well known, and such about which they are not even aware. We have identified
only the major ones, finding the solutions of which we believe can significantly improve the efficiency of system-analytical
informational investigations project as in a complex format as well as many individual subject areas in particular.
Of course, in one article it is impossible to give a comprehensive solution to each of these problems, but the general
technological scheme and the necessary components of its present here.

3. The basic concepts and definitions of inductive SAR-technologies
The notion of the result (final „document ) in the system-analytical researches is more diffuse and harder than taking
by legislation the definition of „recycled paper for the information activities sphere. To avoid losing the natural semantic
meaning concepts result of SAR let us give the following its formal definition.
Definition 1. The result R* ( I b* ) of an integrated system-analytical research (SAR) is a specific document D{R* ( I b* )}
which displays the system-analysis results of a complex object (process, phenomenon, problem, etc.), which is based on
optimal information basis I b* designed within the framework of research process, satisfies the main statutory requirements,
has information and advisory direction, is endowed with certain official status and level of access.

In the long list of customer requirements are often included the quantitative forecasts of the object behavior is
researched for decision-making in anticipation of the consequences of their implementation, etc. Thus, the SAR is a selfsufficient system-analytical project, but as a special case, may also be a significant additional element of intelligent decision
support systems (IDSS), and its result – the final „document – might look like, for example, in special way organized
knowledge base file of such systems. In addition, it is important to emphasize that the output document can not necessarily
relate to a particular subject area (as opposed to such a requirement in expert systems, for example), and cover several
subject areas, including those that are not contiguous. Obviously, the concept of SAR-result in a broad sense does not
belong to the traditional information documents such as abstracts, analytical and bibliographic reviews and the like, but is
much broader and includes, in particular, and them as a parts.
The results quality in any investigation, including the results of SAR-projects, it is impossible to assess without
reliable criteria of the evaluation. The very same test evaluation should deal with formal objects, purposefully characterizing
the subject of study. In addition, in inductive technology the evaluation criterion must have the property of the external
additions. So, for the object (objects) of evaluation the certain requirements are imposed. The such object in our case may
be the relevancy, i.e. the result of complex information-analytical research should meet the requirements set (customer, for
example) or, more importantly, the results of complex research problem (phenomenon, process) should be adequate to the
problem (phenomenon, process) itself, etc.
For definitions and formalizing the relevancy notion in inductive technologies of SAR, introduce the concept of image
„target result - R 0 ( I b0 ) . It is a rectangular matrix Å = ( eij ) with dimension n × m of type:

⎛ e11 K e1n ⎞
⎜
⎟
E = ( eij ) = ⎜ M O M ⎟ ,
⎜e
⎟
⎝ m1 L emn ⎠

(1)
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where i-th row of which, i = 1, 2, ..., m , displays one of unquestioning requirements for the research "target result” in
terms of top-level experts, and the j-th column, j = 1, 2, ..., n , – the possible gradations of i-th elements estimates. Line
may be, for example, one of the future „document partitions, and line elements (cells) – the expert assessment of
requirements to its essence.
Matrix (1) can be configured in many ways. In [6] proposed an effective and simple algorithm for constructing a
matrix Å = ( eij ) that allows to obtain stable estimates of its elements eij using the concepts of distance and the Kemeny’s

median [7, 8].
We introduce the following notation.
Let E ( R 0 ( I b0 )) - expert matrix of „target result R 0 ( I b0 ) values of the form (1); that is, all the values of its elements
completely satisfy the customer research or result R 0 ( I b0 ) solves arose problem in the „best

possible way. Further, suppose

that W ( Rk ( I )) – is the matrix of a partial result Rk ( I ) which corresponds to the current information basis I bj for the k-th
j
b

j
b

stage (step) of system-analytical project; I b1 – given the primary informational basis, and I b+ – a „target portion
monitoring information to supplement already available ensemble information ²
closer to the „target result
Denote by Δ

2
rel

0

0
b

*

j
b

of the

to the improve the Rk ( I ) , bringing it
j
b

*
b

R ( I ) ; R ( I ) – the optimal result that can be objectively achieved in this SAR-project.

the matrix form of

2
Δ rel

⎛ δ112 K δ12n ⎞
⎜
⎟
= ⎜ M O M ⎟ = (δ ij2 ) , i = 1,..., n, j = 1,..., m ,
⎜δ 2 L δ 2 ⎟
mn ⎠
⎝ 1m

elements of which are the differences squares of W ( Rk ( I bj )) and E ( R 0 ( I b0 )) matrix elements (both matrices have the same
dimension n × m), i.e.
Δ 2rel = (δ ij2 ) = [W ( Rk ( I bj )) − E ( R0 ( Ib0 ))]T [W ( Rk ( Ibj )) − E ( R0 ( Ib0 ))]

(2)

Definition 2. Under system relevancy (rel) in a system-analytical researches we should mean a measure of the form:
CRr e l = W , E

(3)

and then the system criterion of relevancy will be called the expression:
1

⎛ m n
⎞2
CRrel = ⎜ ∑∑ (δ ij2 )WE ⎟
⎝ i =1 j =1
⎠

(4)

Thus, the relevancy criterion expression in the complex system-analytical researches acquired a simple and intuitive
sense.
Now, formulation of the inductive technology SAR we can make in the following way: on the primary given
information basis I b1 and selected in the research process more targeted information {I b+ } have to synthesize a set of results
ℜ form of R ( I b ) ∈ ℜ in order to find the optimal result R* ( I b* ) that meets the minimum criteria of selection CRrel (⋅) .

Definition 3. The result R* ( I b* ) for which the value of the criterion (4) is minimal, i.e.

R* ( I b* ) = arg min CRrel (W , E ),

(5)

R ( Ib )∈ℜ

called the optimal result of complex systems-analytical research.
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The optimal result R* ( I b* ) in the future is the optimal information basis to create the final structured document

D{R* ( I b* )} as satisfying the original expert requirements Å = ( eij ) . Criteria CRrel – is the integral (system) criterion of
relevancy of the upper level and, consequently, the system evaluation of the result quality in the SAR-project.
As already mentioned, the major shortcoming of SAR traditional technologies is the slow convergence of final result
to the desired resulted parameters, and under conditions of limited resources such as time and money traditional
technologies often can not produce the desired results. With these cases the many teams of professional analysts in practice
are faced.
Application of the inductive approach can make solving of this problem quite simple and effective. In the SAR should
be involved at least two expert-analytical groups each of which must operate independently in a subjective direction. This
means applying the principle of external additions just as in the GMDH the original statistics data table should be shared in
two parts: A and B, the information each of which serves as the external addition and can complement one another. In the
inductive GMDH-procedure the model is trained on one part of the data table and its quality is assessed on the other part
and vice versa.
The using in such technology the external addition principle entails the designing of another criteria as counterpart of
R (I j ) A
R (I j )B
the consistency criterion in the GMDH for comparing the quality of some partial results k b s and k b s are
( À / Â ) . Algorithm for constructing the matrices W ( Rk ( I bj )) sA and
obtained by two independent sub-groups of analysts
W ( Rk ( I bj )) sB
0

A
A
B
B
for partial results Wk = ( wij ) and Wk = ( wij ) , k = 1, … ,

is similar to the constructing of the

0
b

matrix E ( R ( I )) .
To apply the minimum unbiasedness criterion in the complex system-analytical researches we need to use its main
demand: for models of same structure the coefficients of which were calculated for parts A and B data-table (in GMDH)
would gave the outputs are close, i.e. would have minimum divergence for the outputs. We use this consistency property for
the concept of corelevancy we have introduced in the inductive SAR.
2
the matrix
Similarly (2), denote by Δ corel

Δ

2
corel

⎛ δ112 K δ12n ⎞
⎜
⎟
= ⎜ M O M ⎟ = (δ ij2 ) , i = 1,..., n, j = 1,..., m ,
⎜δ 2 L δ 2 ⎟
mn ⎠
⎝ 1m

elements of which are the differences squares of W ( Rk ( I bj )) A and W ( Rk ( I bj )) B matrix elements (both matrices also have the
same dimension n × m, and the elements δ ij belong to the same comparable estimated result), i.e.
2
Δcorel
= (δ ij2 ) = [W ( Rk ( I bj )) A − W ( Rk ( I bj )) B ]T [W ( Rk ( Ibj )) A − W ( Rk ( I bj )) B ]

(5)

Definition 4. Under the corelevancy of partial results (minimum bias) in inductive procedures of SAR we would mean
a measure of the form:
CRcorel = W A , W B

(6)

and the corelevancy criterion of inductive procedures in inductive procedures of SAR we would call expression:
1

CRcorel

⎛ m n
⎞2
= ⎜ ∑∑ (δ ij2 )WW ⎟
⎝ i =1 j =1
⎠

(7)

where (δ ij2 )WW – the elements of (5).
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4. The basic architecture of SAR inductive technology
On the figure below in the inductive technology structure of SAR applied the scheme of the multistage GMDHalgorithms using the criteria of selection having the properties of the external addition.
In this scheme run in parallel two sub-groups of analysts and one group of high-level experts. Distinctive features of
this scheme are that in so-called "two-shoulder" SAR inductive technology the corelevancy criteria is a one for the lower
level and serves to select the best F1 partial solutions obtained independently by two sub-groups of analysts A and B and
system test of relevancy is the criteria for the upper level. The task of relevancy criteria is the final selection of the optimal
result R* ( I b* ) which for a given project resource requirements can be achieved in this particular project of SAR.
According to the algorithm [2], in the general form the inductive scheme of SAR-project is reduced to the procedure:
1. Stage I.
1.1. Setting the parameters of an economic nature {ε } and timing {τ } ;
1.2. Setting the limits on resources;
1.3. Forming the expert matrix Å = ( eij ) ;
1.4. Designing the monitoring information control system for inductive capacity by target information portions I b+ .
2. Stage II.
2.1. The synthesis of analytical results Rk ( I bj ) sÀ and Rk ( I bj ) sB , k = 1,... , that include only the initial information
base I b1 ;
2.2. Designing the matrixes W ( Rk ( I bj )) sA и W ( Rk ( I bj )) sB , k = 1,... and for commensurate results the values of the
criterion (7) are calculated.
The F1 much better results (options) are selected.
2.3. Adjusted (reduced) value of {ε } and {τ } according to the input installation requirements;
2.4. Applies the information monitoring control system and forms the portion I b+ target information then the transition
to Stage III is executed.
3. Stage III.
3.1. The providing analytical results Rk ( I bj ) sÀ і Rk ( I bj ) sB , k = 1,... , by parallel analytical groups: these results should
be based solely on the findings ones from the previous steps and the data portion I b+ of purposeful information
monitoring as well;
3.2. For commensurate results designing the matrixes W ( Rk ( I bj )) sA и W ( Rk ( I bj )) sB , k = 1,... and calculating the values
of the criterion (7).
The F1 much better results (options) are selected.
3.3. Values {ε } and {τ } are adjusted according to the input installation requirements and checked their balance.
3.4. Applies the information monitoring control system and forms the portion I b+ target information then the transition
to the next stage is executed.
The last step is the one where:
1. If satisfied the inequality: min CRcorel ( s ) ≤ min CRcorel ( s −1) , where s – is the number of stage, then it is necessary to
calculate the F2 values of the criterion (4) and to apply (5) for choice the optimal result R* ( I b* ) . That is:
2. Obtained a strong result that is objectively best by the system criterion (4) or wholly satisfies the customer
requirements.
3. Obtained a good result, which can still be improved, but it has already satisfied customer.
4. Exhausted the possibility of information monitoring system.
5. Exhausted the input installation requirements and defining resources {ε } and {τ } .
The last two cases are not trivial ones. If there are a some possibilities to go to the level of “Statement of the SARProblem” for negotiation with the customer to review levels of input requirements to the result or resources towards
mitigation, that it is necessary to use it.
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Statement of the SAR-Problem
- defining the SAR-project main resources
- forming the expert matrix E ( R0 ( Ib0 ))
- forming the analytical groups ( À / Â )
- forming the primary basis of information I b1

S2 (А).
Subject’s analysis of
² bj , j = 1,...

S2 (В).
Subject’s analysis of
² bj , j = 1,...
S3 (В).
Synthesis of
Rk ( Ibj )sB , k = 1,...

S3 (А).
Synthesis of
Rk ( Ibj )sÀ , k = 1,...

Forming of
matrices
W ( Rk ( I bj )) sB , k = 1,...

Forming of
matrices
W ( Rk ( I bj )) sA , k = 1,...
Calculation of the criterion CRcorel(s)
Selection of the best on F1: Rk ( I bj ) sAB
Monitoring

I

+
b

No

min CRcorel ( s ) < min CRcorel ( s −1)

No

Monitoring

I b+

Yes
Selection of the best on F2: Rk ( Ibj )sAB
Calculation of CRrel , k , k = 1,..., ( F 2)
*
Selection: min CRrel
→ R* ( I b* )

Working-out: D{R* ( I b* )} : (groups À ∪ B )

Transfer D{R* ( I b* )}

Fig. The architecture of SAR inductive technology based on the GMDH methodology.

69

The 4th International Workshop on Inductive Modelling IWIM’2011

5. Conclusion
In this paper the inductive information technology of integrated system-analytical researches designed to conduct of
complex research information and analytical applications in many fields: economics, ecology, law, political science, and
more other directions is considered. This technology allows for the first time:
• significantly reduce the principal of such research resources: time and money;
• eliminate the many complex problems listed above 1 - 7 by using of three basic principles of complex systems
inductive modeling:
- the principle of self-organization,
- the principle of external addition,
- the principle of choice-making decisions freedom;
• significantly improve the quality of the result at the expense of synthesis in multi-stage inductive procedure of
optimal informational basis (the optimum is in terms of research objectives and requirements).
The high quality of final results are guaranteed by the introduction of external criteria for the best private results of
research selection (criteria of relevancy and corelevancy), which eliminate a significant effect of subjective expert opinions
on the final stage.
Quality of construction and expert information content of the matrix, obviously, takes a central position when using
the proposed criteria in inductive approach for designing of SAR we have developed. Therefore, one of the main directions
of future researches should be: the development of experts competency estimation procedures, the selection of
homogeneous groups of experts or, maybe, of close estimates for the structures optimization of the matrices E and W, as
well as the development algorithms for synthesis of such matrices.
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Abstract. The inductive approach is applied to the problem of geomagnetic indices forecasting. It provides not only
quality forecasts but also gives new information about the underlying physics of the solar wind-magnetosphere interaction.
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1 Introduction
Space weather forecasting is a challenging and nontrivial activity. The most straightforward approach to space weather
prediction is to study the whole complex chain of physical processes involved in magnetospheric dynamics and conjugate
them in a global model of the evolution of the magnetosphere under the influence of the solar wind. Unfortunately,
this is not yet possible due to our poor understanding of the physics of the interaction between the solar wind and the
magnetosphere. For this reason, different approaches should be tried. Today the optimal combination of virtues and vices
is provided by the methods involving time series analysis and data mining [1]. They provide a moderate prediction time
(up to several hours) with the highest available accuracy (> 80%). They are very effective and easy to use but strongly
depend on satellite data availability. These are “black box” or “input-output” models, which seek only to reproduce the
system’s output in response to changes of its inputs. The model terms are usually physically interpretable and thus useful
for construction of new phenomenological models. For this reason, this method can not only provide a space weather
forecast per se, but also can improve our knowledge of the underlying physics and thus increase the efficiency of other
methods.
Multidimensional time series analysis can be performed using the methods of statistics, signal processing, informatics,
fuzzy logic etc. The most widely used variations are artificial neural networks, optimization, and correlation analysis.
Artificial neural networks [2, 3, 4, 5] provide short-term predictions up to 4 hours with the correlation coefficient of 0.79 in
the paper [4]. Earlier implementations of this approach experienced significant difficulties predicting strong geomagnetic
storms with KP > 5, but this approach remains one of the most popular alongside the empirical methods. Optimization
approach [6, 7, 8, 9, 10, 11, 12] seems to be more successful being able to provide 8-hour predictions in the paper [8].
However, in the papers based upon the optimization methods the volume of the dataset used is usually does not exceed 1
year, which is insufficient to correctly describe the solar cycle. Correlation analysis [13, 14, 15, 16, 17] gives interesting
results, but it was used solely for developing and constraining empirical models [16].
However, most of these methods have a common feature: they lead to a regression relation at some point, so it seems
natural to skip all the preliminary steps and instantly use the regression analysis without unnecessary multiplication of
entities. Here we describe an inductive approach, which allows achieving accurate short-term forecasts of geomagnetic
indices. The proposed method is based upon the regression analysis and the mathematical statistics. This approach
involves inductive construction of a regression relation between output and input values. This approach can provide
accurate short-term and, to a certain extent, medium-term forecasts and gives new information about the underlying
physics, thus contributing to the solar-terrestrial physics.
Some preliminary descriptions of different aspects of this method can also be found in the articles [18, 19, 20, 21, 22].
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Consider a discrete dynamical system (in our case, terrestrial magnetosphere) with an unknown number Ktot of inputs uk
and one output y (one of geomagnetic indices), which is simply one of inputs uk . At each step t we know only K < Ktot
inputs uk (t), k = 1, K (1, K means all the integer numbers from 1 to K inclusively) and an output y(t). Then at an
arbitrary step T we can write the predicted value of the system’s output in the form
y(T + Θ) = y ∗ (T + Θ) + Δy(T + Θ),

(1)

where Θ is the lead time of the forecast (the number of hours the forecasted value is ahead of the last measured value),
y ∗ (T +Θ) is the estimated predicted value, and Δy(T +Θ) is the uncertainty, which we assume to be random and stochastic. We are also forced to assume that all values are distributed normally to be able to use the methods of mathematical
statistics, though this is, of course, not always true. We also assume that the statistical properties of the dynamical system
do not change on the time scale Θ. Note that the uncertainty Δy(T + Θ) can be also assumed to be members of some set
or to lie in a certain interval [23]. The predicted value y∗ (T + Θ) is expressed through a partial regression relation [24]:
y ∗ (T + Θ) = C0 +

m


Ci xi (T ),

(2)

i=1

where xi , i = 1, m are the regressors, which are arbitrary functions of input quantities uk (t), which are already measured
at the time T when the forecast is made, Ci , i = 0, m are the regression coefficients, C0 is the coefficient of the constant
regressor x0 ≡ 1, and m is the number of variable regressors.
We choose the regressors xi in the form of products of powers of the input quantities
xi (t) =

K

k=1

upkk (t − l), l = 0, L,

(3)

where pk are powers, which can be equal to zero or any natural number, l is the lag, and L is the maximal lag. This is
equivalent to using a Kolmogorov-Gabor polynomial [25] as a basis function. In contrast to empirical models we do not
add fitting parameters and all the regressors have physical meaning. Note that different sets of regressors should be taken
for different values of the lead time Θ.
Of course, y(T + Θ) is also affected by the inputs uk (T + 1), . . . , uk (T + Θ). However, we don’t know the values
of these inputs at the moment T and thus cannot use them. This means that by increasing the lead time Θ we sacrifice the
ability to take into account the processes with time scales less than Θ.
Now we should determine the coefficients Ci by the generalised least squares method over a large sample of solar
wind and geomagnetic data, with equal statistical weights of all points. It is usually advised [26] to use singular value
decomposition for this task, but it is a rather slow algorithm and requires multiplying two n × m matrices, which requires
a lot of RAM (each matrix requires approximately 1.67 MB of RAM per regressor for the sample described in Section 3).
For this reason, we used the simple Gauss-Jordan elimination [26]. The latter also produces a covariance matrix, which is
an additional advantage of this algorithm. The expression for Ci has the form [26, 27]:

a−1
(4)
Ci (t) =
ij bj ,
j

where (•)−1 denotes matrix inversion,
aij =

T


xi (t)xj (t),

(5)

y(t)xj (t).

(6)

t=1

bj =

T

t=1

Its standard error is given by [26, 27]
ΔCi =
where



ζii ,

ζij ≡ cov(xi xj ) = σ 2 a−1
ij

is the covariance matrix,
σ=



S
n−m

(7)
(8)

(9)
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is the residual mean square (RMS) error of the forecast,
n
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2
S=

(y(t) − y)

(10)

t=1

is the residual sum of squares (RSS), and n is the number of datapoints in the sample. The value n − m here is a number
of degrees of freedom.
The statistical significances of the regressors are determined according to Fisher’s F-test [24, 28]. This test allows separating significant and insignificant regressors. The insignificant parameters are then rejected and the routine is repeated
until the regression contains only significant regressors. This is done in the following way. After processing the data with
the least square method, Fisher significance parameter Fi was determined for each regressor by comparing residuals for
the full model and the model without the regressor in question [24, 27]:


Si
Si − S
=
− 1 (n − m)
(11)
Fi =
σ
S
where Si is RSS of the model without the i-th regressor. Note that this procedure involves solving m generalised least
squares problems whose design matrices have the dimensions n × (m − 1), so it is not too fast. Even when using GaussJordan elimination, we should perform m inversions of (m − 1) × (m − 1) matrices, so the runtime growth cubically with
m. For this reason, we should not add all the regressors at once, but rather add them gradually. This procedure will be
described in Section 4. All the Fi values were compared to the values 2.71, 3.84, 5.02, 6.64, 7.88, 10.83 and 12.10, which
correspond to the statistical significance levels of 90%, 95%, 97.5%, 99%, 99.5%, 99.9% and 99.95% respectively. Then,
the insignificant regressors are rejected and the routine is repeated until all the regressors are significant. The number of
significant regressors thus depends on the selected significance level threshold. All the results given below correspond to
a minimal significance level of 90%. Since rejecting any regressor leads to the change of the statistical significances of
the others, it is necessary to reject insignificant regressors in several steps, ideally one regressor at a time. In practice,
since the F-test has a significant runtime, it is better to reject all insignificant regressors at once, but to gradually increase
the significance threshold to the desired value.
After that, new regressors are added. After adding new regressors, all the significances are recalculated, and some of
the old regressors can become insignificant.
This routine should be repeated while the addition of new regressors improves some quality characteristics. Such
characteristics, depending on the goal, can be the maximum forecast error max |Δy(T + Θ)|, the RMS error σ or the
T

prediction efficiency (PE)
PE = 1 −
where





σ
σS

2

,

S
n−1
is the sample’s standard deviation (SD), or the linear correlation (LC) coefficient

(ξ − ξ)(η − η)
r(ξ, η) = 

(ξ − ξ)2 (η − η)2
σS =

(12)

(13)

(14)

between y ∗ (T + Θ) and y(T + Θ). Note that these values for the developed model should be compared to the same values
for the persistence model
(15)
y0∗ (T + Θ) = y(T ),
which is, obviously, the simplest possible model, which states that the output value will not change since the last measurement, so it just shifts the time series one unit of time to the future.
There is one more thing worth noting about the evaluation of the models. It is possible that the developed model will
be too sample-specific and fail to work on different samples, no matter how good its quality characteristics are. To avoid
such a situation, the sample should be divided into 2 subsamples. The first subsample, which is commonly called the
training sample, is intended for the determination of model structure and parameters. The second subsample, which is
called the test or the validation sample, is for the evaluation of the model.
The regressors xi are generally nonlinear, so from the control theory’s point of view, this method is able to describe
discrete dynamical systems with strong nonlinearity. This is an essential feature of the inductive approach. To obtain a
forecast of the sought geomagnetic index, one has to sum up the regression relation over a given sample.
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Now we have only one question left: the accuracy of the obtained models. It is important to understand that there
several different sources of errors. First of all, there is an error caused by the incompleteness of our model, which,
Thenormally,
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assuming that Δy is distributed
is equal
to
2
ΔyM

=

m 
m


ζij xi xj .

(16)

i=1 j=1

Then, there are errors caused by uncertainties in determination of the input quantities. We can take them into account by
calculating the partial derivatives of the output with respect to the inputs:
Δyu2 =

K
K 

∂y ∂y
cov(uk1 , uk2 ).
∂uk1 ∂uk2

(17)

k1 =1 k2 =1

They divide into 3 types: measurement errors, which are negligible, errors caused by the filtration of the input data, which
are provided in the OMNI 2 database, and intrinsic temporal irregularities of the input parameters. Finally, there are
spatial variations ΔyS , which are due to the fact that we measure the interplanetary magnetic field (IMF) and the solar
wind plasma parameters locally and assume that they are uniformly distributed in space. To estimate this type of errors
we need to perform simultaneous multipoint measurements of input parameters, which became possible since the launch
of STEREO mission in 2006, but lies beyond the scope of this method.
This method has two implementations: static and adaptive. The static version involves calculation of the regressors
and the coefficients on the training sample with forecasting made on the validation sample. The adaptive version involves
calculation of the regressors on the training sample and calculation of the coefficients simultaneously with the prediction,
so that the coefficients are recalculated at each step as new data become available.

3 Data
We used the OMNI 2 database [29], which contains IMF, solar wind and geomagnetic data, averaged over 1-hour intervals
(at the time of publication it contained 54 parameters in total, starting from 1 January 1963). This database covers a vast
number of spacecraft. In recent years the data come from spacecraft located in the first Lagrange (L1) point, also called
a libration point, which is situated along the Earth-Sun axis approximately 0.01 AU (1.5 millions of kilometres) from the
Earth. For typical interplanetary conditions (V = 470 km s−1 ) a spacecraft located there provides real-time data with a
40-minute lead time.
The data before 1976 are scarce and of poor quality and their inclusion in the dataset negatively impacts its characteristics. Also, the final DST index is available only up to 2003, and we should reserve a validation sample to test our
models. For this reason we used a training sample that ranges from 1 January 1976 to 31 December 2000, thus forming a
continuous 25-year time series with a total of n = 219168 datapoints. For the DST index the mean is DST = −18.3 nT,
the median is −23 nT, the mode is 8 nT, and the standard deviation is σDST = 24.6 nT. The distribution of the DST
index visually represents a normal one, but the Pearson’s χ2 test [24] disproves this null-hypothesis at the 99.99% confidence level (χ2 = 416125.8). This is due to flatter wings of the distribution, which are caused by the periodicities of
the ACF. For the aP index the mean is aP = 14.9 nT, the median is 5 nT, the mode is 27 nT, and the standard deviation
is σaP = 20.0 nT. In Section 5 we will also use a sample ranging from 1 January 2001 to 31 December 2003 (the latest
value of the final DST index) and its subsamples to test the developed models.
Unfortunately, during intense storms the instruments onboard spacecraft are often turned off to prevent permanent
damage to them and some or all of the input values are unavailable. By rejecting filled values from the time series, we
obtain the sample, which can be divided into different subsamples for specific purposes. Of course, the resulting sample
will vary according to the exact dependences of the regressors on the input quantities. For example, if our model contains
a regressor, which depends on the ion density with a lag of 5 hours, then we have to reject each datapoint whose 5th
predecessor contained a filled value of the ion density. Also, before the February 26, 2009 update of the OMNI 2 database
we were forced to insert some missing data from other databases, but now all the available data are included for all years.
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Now, all that remains is to choose some initial set of regressors. It seems natural to start from the previous values of the
output value itself. This will also give us a possibility to investigate temporal variations of the geomagnetic indices. For
this purpose, we should construct an autoregression model [22]
∗
(T + Θ) = C0 +
yAR

L


Cl y(T − l)

(18)

l=0

or, in other words,
xl (t) = y(t − l), l = 0, L.

(19)

This model alone is not sufficient to correctly forecast space weather, but it sets a basis for the construction of models that
are able to do so.
Let us determine the maximum reasonable value of L. For this purpose, we plot the autocorrelation function (ACF) at
Θ = 1 for the DST and the aP index (Figure 1). A brief glance at the ACF is enough to tell that neither of the geomagnetic
indices can be treated as a Markov process. In fact, both the DST and the aP indices are periodically correlated.
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Figure 1. Autocorrelation function of the DST (left) and aP (right) indices

One can see that in both cases the ACF tends to a sinusoid with a period close to half a year. Besides the half-a-year
periodicity one can also notice the 27-day periodicity, caused by Carrington rotation of the Sun. The former is caused
by seasonal variations, which yields a question: if there were no temporal variations, what would ACF tend to at large
offsets? If the distribution of DST and aP was normal, the answer would be zero. However, the distribution slightly
deviates from the normal one, so ACF can tend to some non-zero quantity.
To determine this quantity we need to remove temporal variations. For this purpose we need to calculate the ACF of
a random sample with the same statistical characteristics as the actual sample. The easiest way to get such a sample is to
process the actual sample with a permutation method, which is widely used in astronomy e.g. for calculation of 2-point
correlation functions. This method involves random shuffling of the sample. Using this method many times (10000 times
in our case) and calculating the correlation coefficient each time, we get the distribution of the correlation coefficient by
Monte Carlo method.
The distribution of the coefficient for this sample appeared to be very close to a normal distribution. For the DST
index the mean was equal to 0.008 nT and the variance – to 5.1 · 10−6 nT2 . For the aP index the mean was equal to
0.0052 nT and the variance – to 8.4 · 10−6 nT2 . The maximum recorded value in 10000 trials was equal to 0.015 nT for
both indices. The top and the mean values are depicted on Figure 1 by the horizontal lines. As one can see, in reality the
correlation coefficient exceeds this value at most times due to temporal variations. The ACF of the DST index crosses
the top line for the first time at about 6000 hours, though the difference between the ACF and the sine with a half-year
period crosses it at about 2000 hours, which is about 3.5 27-day Carrington periods. The ACF of the aP index crosses the
top line at about 1200 hours, though the difference between the ACF and the sine with 27-day period crosses it at about
1000 hours. We will take the latter value as a rough estimation of L. This hints that rather old values of the geomagnetic
indices can be quite significant.
Let us return to equation (18). Applying the F-test we can determine which previous DST and aP values are statistically significant. We did not search statistically significant values for L  1000, but it is possible that there are even older
statistically significant values. A similar situation was reported by Johnson and Wing [16] regarding KP : ‘the significance is often quite large for extended periods of time (10-20 days)’. In fact, after adding the regressors corresponding to
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satellite data, we still found statistically significant values of DST as far as 850 hours ago (over 35 days). The statistical
significance of these oldest values can be over 99.9%.
The 4th International Workshop on Inductive Modelling IWIM’2011

After determining which previous values of the geomagnetic indices are statistically significant, we added all the
spacecraft-measured parameters available in the OMNI 2 database with lags up to 24 hours for hourly values and without
lag for daily values. Naturally, common sense also counts: for example it would be silly to add IMF components in
GSE and GSM coordinates at the same time. If some regressors xi have large statistical significance (we used a threshold
Fi  100), we also added all their possible cross-products and powers xpi i . For practical purposes we used non-negative
i

integer values of pi , limited by a total power of 4:
pi  4. The total number of regressors in final models varies roughly
i

from 50 to 250. Since it is quite large, we will not give here any lists of regressors or coefficients.
Of course, this method does not guarantee that all the significant regressors will enter the regression, since the regressors are not orthogonal and thus more than one expansion is possible.

5 Results
First of all, we determined the statistical characteristics of the developed models with 3 hours lead time over the main
sample and listed them in Table 1. It is divided into 3 parts for DST , aP and KP indices. For DST and aP indices we
provide RMS errors σ, prediction efficiencies and linear correlation coefficients for the developed r and the persistence r0
models, and for KP index we provide the percentages of points with deviations lying within ± 13 and ±1 bins. All these
data are provided for 4 models: persistence, autoregression, linear and nonlinear models.
Table 1. Statistical characteristics of the developed models for short-term forecasting (3
hours lead time)
Index
Model
Persistence
Autoregr.
Linear
Nonlinear
Persistence
Autoregr.
Linear
Nonlinear

DST
aP
σ, nT PE, % r, % r0 , % σ, nT PE, % r, % r0 , %
Training sample (Jan 1, 1976 – Dec 31, 2000)
10.38 82.2 91.1 91.1 13.65 53.5 76.8 76.8
9.92 83.7 91.5 91.1 12.74 59.6 77.2 76.8
7.89 85.6 92.5 89.2
8.06 68.5 82.9 71.6
7.38 87.8 93.7 89.3
7.69 71.3 84.6 71.6
Validation sample (Jan 1, 2001 – Dec 31, 2003)
12.00 82.3 91.2 91.2 15.72 53.8 76.9 76.9
11.59 83.9 91.6 91.2 15.07 58.8 76.9 76.8
9.26 87.7 93.7 90.6 10.35 67.2 82.4 76.6
12.11 79.8 89.6 90.9 10.80 64.3 80.9 76.6

KP
± 31 , % ±1, %
46.2
80.1
80.0
81.6

81.8
93.9
94.3
95.6

46.9
80.3
81.1
83.2

82.6
94.0
94.8
96.1

However, some other approaches work well inside the training sample, where they “saw” the correct answer, but perform poorly during the out-of-sample validation. Let us verify that our approach holds no such vices using the validation
sample ranging from 1 January 2001 to 31 December 2003. These results are also provided in Table 1. One can see
that our models worked well over the training sample with an exception of the nonlinear model for the DST index which
appeared to be too sample-specific.

6 Conclusion
In this article we have described the inductive approach to space weather forecasting. It provides precise and reliable shortterm forecasts of the geomagnetic indices at least 3 hours ahead. It is possible to increase the lead time by sacrificing
the ability to describe fine temporal structure of the output value, i.e. using output values with lower temporal resolution.
This was demonstrated by Stodilka [30], who used a similar approach to forecast the daily averaged DST index a few
days ahead. In addition, the inductive approach is not limited to forecasting geomagnetic indices, so we can apply it to
forecast solar activity as well. It can also tell which quantities are the most geoeffective and in what way they are related
to geomagnetic indices, thus contributing to the understanding of the underlying physics. Last but not least, the inductive
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approach is suitable for issuing real-time space weather forecasts since it takes about one minute on an average PC to
calculate the coefficients and just a few seconds to issue the forecast.
The 4th International Workshop on Inductive Modelling IWIM’2011
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Abstract.
Development of procedures for knowledge generation, codification, transfer, use and modification is an
important issue for the creation of intellectual man-machine systems. The analysis of weakly formalized processes could
be performed with the application of methodology based on step-by-step cognitive structuring of complex problem’s
components. During such cognitive structuring, knowledge elements are being gradually transformed from the
representation with mainly implicit knowledge to the representation with prevailing explicit one. An approach has been
proposed that determines the content of three consecutive stages in solving intellectual tasks as well as specific features
of knowledge transformation for each of these stages.
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Man-machine systems, tacit knowledge, explicit
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tasks, structuring.

1 Introduction
Today, one of the main research directions in information technology field is the creation of computerized systems
operating in various problem domains and dealing with different types of complex processes, namely, technical,
organizational, social ones. The structural organization of these systems has both universal systemic features and
specific ones determined by the unique characteristics of a concrete process. Any such kind of a system should include
a human being as the principal integrating element. In other words, these system could be categorized as man-machine
ones. Therefore, the theory of man-machine systems is one of the main methodological tools for their analysis and
synthesis.
During the early stages of the development of man-machine systems, they had been used for execution of such
actions as manual handling of production machinery or information processing based on a rigid «stimulus – reaction»
relations. These operations were based on a behavioral rather than cognitive paradigm and could not be attributed to
purely intellectual sphere of activity. It is necessary to note that up to the present time no universal and generally
accepted definitions of the terms «intellectual task» or «cognitive activity» have been elaborated. In their endeavors to
examine the phenomenon of intellectualization, different authors emphasized various aspects of human activity. In spite
of the lack of universal definition, there are a lot of examples of tasks that are considered as intellectual ones. Such tasks
include strategic planning, examination of possible way of behavior in the conditions of partial information, selection of
alternatives in case of conflicting criteria, etc. Therefore, of primary importance is the development of computerized
systems supporting various types and stages of cognitive activity. And it is necessary to stress that theoretical
foundations for creation of man-machined systems directed at analysis and solving intellectual tasks are completely
different from the ones utilized when dealing with systems based on a behavioral paradigm.
An intellectual man-machine system should, first of all, integrate all its heterogeneous components into a single
entity to provide a functional consistency. In addition, a principal current tendency in the development of man-machine
systems is that they have to cope with more and more complicated problem solving and decision making issues. Very
often the organization of man-machine interaction processes – such as data retrieval and analysis, model building,
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examination of processes' dynamics – is centered around the goal of informational support for making efficient and
effective decisions. Usually decision making is a creative action based on human knowledge, experience, motivation,
comprehension of the essence of external actions. Therefore, making good decisions in any problem domain is
impossible without understanding of both essential interactions among the objects and mechanisms of external
environment’s influences on the dynamics of these interactions. In other words, consistent decisions require the
development of procedures and algorithms for knowledge generation, modification, deployment and application.

2 Theoretical Part
Recently many researchers have concentrated their efforts upon applied rather than purely theoretical aspects of
knowledge management. The reason is that, in spite of a lot of interesting theoretical models, there are only a few
examples of their successful implementation. In [1], the following avenues for future research are identified:
information processing and knowledge building; learning culture and climate; organizational memory; knowledge
deployment, responsiveness and performance. It is stressed that the influence of the dynamic global environment and
rapid advances in information technology gave rise to the recognition that knowledge is the only resource that can
facilitate a sustained competitive advantage. The author proposes the following definition of knowledge management:
«Knowledge management is defined as the organized and systematic process of generating and disseminating
information, and selecting, distilling, and deploying explicit and tacit knowledge to create unique value». The principal
difficulty is that conventional approaches to knowledge-based system development are not appropriate for cases when
the application task exhibits a certain degree of ill structure [2]. In [3], it is stressed that the current state of expertise in
this area is fragmented because of the lack of integration across different studies. Therefore, we lack a systematic
comprehension of how specific elements interact with each other in shaping the process and outcome of information
systems development. The work [4] specifies that, first, researches have not yet been able to demonstrate that
computerized decision aids increase decision quality or accuracy and, second, important reason for inconsistent results
was the lack of appropriate theory on which to base research investigations. In [5], it is indicated that the effects of
knowledge type on performance improvement following information technology adoption have not been examined yet.
The authors also emphasize that knowledge type is a critical factor in new technology performance and implementation
success.
In our opinion, there are two main factors contributing to the significant importance of knowledge management
processes. The first one is a tremendous advance in the field of information technologies that provides much more
opportunities for knowledge creation and dissemination. The second one is a considerable increase in the complexity of
problem arising in different areas of human activity. Therefore, of great importance is the examination of the processes
of knowledge creation in specific narrow problem domains as well as the application of findings for the development of
intellectual man-machine systems supporting cognitive human activity in these domains. A very important
methodological issue for the building of such kind of systems is the analysis of information processing mechanisms
fostering knowledge acquisition, codification, transfer, application and modification. Any of the above-mentioned
processes of knowledge handling has got a number of unique features. That is why it is necessary to examine each of
them in a greater detail.
Knowledge acquisition process includes in itself two consecutive sub-processes. The first one is primarily based on
subjective interpretation and filtration of objective data as well as its transformation into information. The second one is
mainly grounded upon analysis and comprehension of the obtained information. Actually, knowledge acquisition is the
first stage of knowledge management cycle aimed at solving intellectual problems. Recently many scholars have come
to a conclusion that just data interpretation and filtration play a key role in whole knowledge acquisition process. This
poses an important question about rational foundation for structural organization of such interpretation and filtration
processes in the conditions of uncertainty and partial information.
A lot of problems any decision maker is faced with are either completely lack of structure or could be attributed to
semi-structured ones. These problems are usually novel and non-routine ones, for which there are neither established
procedures for analysis nor standard algorithms for solutions. For such kind of problems, which could not be adequately
described with the use of formalized mathematical models, subjective evaluation and judgment are essential elements of
their examination and solving. This judgment is mainly based upon non-formalized factors, such as professional
experience, intuition, psychological perception of the problem, motivation, etc. The process of cognitive analysis for
such kind of processes should start with the structuring of one or several most appropriate sub-problems of the general
issue under consideration. In our opinion, a logical starting point for such cognitive structuring is the comprehension of
overall goals of this system. The next step is to identify and analyze system components fostering achievement these
goals. Such a consecutive structuring allows generating a hierarchy that would reflect both the significance of particular
goals and contribution of various system components into attaining them.
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The above «component-goal structuring» is a first step in solving a poorly formalized intellectual task. Further, on
the grounds of the obtained hierarchical structure for system goals, it is possible to start a step-by-step cognitive
structuring of the essential components of the problem under consideration (including components that initially allowed
only verbal description). In the process of such cognitive structuring, the following stages of problem analysis are being
fulfilled:
- decomposition of an initial problem into sub-problems and development of a hierarchy for these sub-problems;
- identification of a minimum set of sub-problems critical for the attaining of a goal set (reduction of a sub-problem
set);
- evaluation of the main obstacles for successful solving of the above sub-problems;
- in case of a problem with several conflicting objectives – elaboration of inter-connected hierarchies for subproblems critical for gaining of each goal from the given set of goals g 1, g 2,..., gm ;
- adjustment of complexity levels for the utilized structural-cognitive models – to provide the level of complexity
that is most appropriate for solving a given intellectual problem.
It is reasonable to perform an analysis of poorly formalized intellectual problems with the application of a step-bystep cognitive structuring approach. The specific feature of this approach utilization in computerized systems is that
structurization is based on an interactive man-machine procedure of elicitation tacit knowledge of people participating
in the problem's analysis and solving. During such a process, more and more elements of knowledge – both generated in
the past and articulated in written instructions, manuals, etc., and being formed in the process of current situation
analysis – could be included in the composition of structural-cognitive models and utilized for solving the problem
under consideration. It is also desirable to formalize, at least in some reasonable extent, non-formalized elements of
knowledge that have been acquired during this process. Such formalization makes it possible to store the acquired
knowledge with the purpose of its future utilization. However, the main stumbling block in this road is that not all
knowledge, which had been generated during analysis and solving intellectual tasks, could be easily codified.
For further consideration, it is necessary to distinguish between two different types of knowledge. The first type is
related to the knowledge that allows its natural codification, and, consequently, easiness of subsequent dissemination.
The most vivid example of such kind of knowledge is a quantitative model that describes interactions among problem
components in such a way that different people are able to comprehend the essence of this problem in the same way. As
a result, there is a somewhat unified approach to analysis and solving of the given category of tasks. The second type is
related to the knowledge that could not be easily transformed into a standard codified representation. As rule, it is expert
knowledge that, first, could be applied within the frames of a specific context only (e.g., problem structure, parameters
of environment, etc.) and, second, is often non-separable from an expert possessing this knowledge. To provide
understanding and utilization of such knowledge by other people as well, this tacit knowledge should be, first, extracted
and, second, converted into an explicit form. Depending on a desirable structurization level, there are different forms of
explicit knowledge, such as verbal description, graphical representation, structural diagram, set theory description, logic
model, analytical expression. As a rule, the whole spectrum of knowledge elements is required for analysis and solving
really complex tasks in specific problem domains.
During the process of cognitive structuring, knowledge elements are being gradually transformed from
representation with a predominance of tacit knowledge components to representation with a predominance of explicit
knowledge ones. One of the most important for solving real intellectual tasks forms of such consecutive structurization
is connected with elicitation, examination, comprehension and codification (at least, a partial one) of professional
knowledge and skills of people who may be considered as experts in this particular problem domain. Successful
completion of this stage of knowledge management provides an opportunity to represent and store this knowledge in a
form consistent with the requirements of a future support for similar decisions. In such a case, subsequent operations
with this knowledge could be performed without the participation of experts who generated an initial set of knowledge
elements required for both thorough analysis and successful solving of these problems.
On the basis of the above reasoning, one may conclude that knowledge transformation from a tacit form to an
explicit one gives a possibility to use it not only for solving current problems but also for preparation new experts in
this problem domain. During such kind of a learning process, one can observe a reconversion from explicit knowledge
to implicit one, i.e. trainees not only learn essential codified elements and interconnections of the problem under
consideration but also acquire non-formal skills of solving similar intellectual tasks, in other words, expert skills in this
area. Later knowledge of these new experts could also be elicited, codified and applied both for solving new problems
and for training new experts in this professional area of expertise.
It is necessary to note that knowledge transformation dynamics is an essential factor that greatly contributes to both
efficiency and effectiveness of problem solving process. Therefore, in addition to already examined transformation
models of «tacit knowledge Æ explicit knowledge» and «explicit knowledge Æ tacit knowledge» types (in the
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terminology of [6], respectively processes of articulation and internalization), we would also examine the conversion of
explicit knowledge from one form to another. It seems that such transformation «explicit knowledge Æ explicit
knowledge» (the process of combination) looks as very promising for problems that should be analyzed and solved
either in real time or simply promptly enough (though not necessarily in real time). In such cases, decision makers
usually do not have enough time to perform the whole cycle of knowledge transformation from tacit to explicit type or
vice versa. But they may have sufficient time to change a way of representation for previously codified knowledge.
Such changes in knowledge representation are usually performed with the usage of simpler algorithms and much less
time is required for their execution. The efficiency of this process greatly depends upon a proper organization of
interaction between a decision maker and computerized decision aids. Such step-by-step approach to knowledge
transformation also allows an incremental decision improvement as codification levels of explicit knowledge
components gradually increases. Fig.1 shows different types of knowledge transformation processes in man-machine
systems solving intellectual tasks.

Articulation
process

Tacit
Knowledge

Internalization
process

Explicit
Knowledge

Combination
process

Fig. 1. Knowledge transformation processes in man-machine systems
solving intellectual tasks.
A proposed consecutive structuring approach is implemented in a three-stage model for the process of analysis and
solving poorly formalized issues. The first stage includes generation and subsequent «qualitative modification» of the
set of feasible alternatives for problem solutions. During this process, a computerized man-machine system actually
operates on a certain factor space FI of feasible alternatives shaped according to expert judgments about specific
features of the problem and possible ways of its solution. Two knowledge types are dealt with during this stage. The
first one contains previously acquired verbal knowledge codified in the forms of instructions, manuals, etc. The second
one contains knowledge acquired in the pace of current situation development and represented in the form of relations
«current situation Æ actions of experts». As a result of interaction of these two types of knowledge, it is possible to get
an ordering relation on factor space FI , which represents qualitatively different from each other alternatives of solving
f from a
the given problem. On the basis of such an ordering relation, it is often possible to select a certain element
factor space

FI , narrowing an initial set of feasible alternatives AΣ .

The second stage includes «quantitative modification» of the sub-set of feasible strategies generated during the first
stage. This stage utilizes completely different knowledge elements, with an emphasis on standardized mathematical
models describing formalized parts of the problem under consideration. It is reasonable to use such quantitative models
for the identification of non-feasible alternatives and their representation in the form of graphical images. Such a
representation may also greatly assist in determining feasible options on the basis of integration of different explicit
knowledge elements – codified both in the form of graphical images and in the form of quantitative models.
Final alternative selection during the third stage is performed on the basis of methodology that combines positive
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features of tacit knowledge as well as explicit one. It is also necessary to stress that here explicit knowledge includes
elements of both qualitative and quantitative models. The proposed approach allows generating, visualizing and
analyzing a rich integral set of feasible alternative options. Selection of a concrete alternative is performed upon the
basis of a human-computer dialogue with new knowledge elicitation and deeper analysis of generated sets of alternative
options. Essential simplification of decision making process is performed by the way of elaboration of detailed
procedures for standard situations as well as by the way of generation of unique solutions for non-standard ones.
Depending on a specific situation, such a selection could be performed either maximizing a certain criterion, or
according to «satisficing» principle, or using a non-formal heuristic method.

3 Conclusion
The integration of humans and new technologies represents a highly challenging area of research. So, emergence
and wide spread of information technologies have led to considerable changes in human activity and, in particular, to
changes of various aspects of his interaction with computerized systems. It gives a possibility to substantially increase
the number of tasks performed by man-machine systems as well as to use these systems for supporting more
complicated and diverse types of activity. Structural organization of intellectual man-machine systems should provide
integration of information technologies, human components and factors connected with problem solving and goalseeking cognitive activities.
The proposed approach is based upon joint utilization of tacit and explicit, qualitative and quantitative types of
knowledge. Since this approach is iterative, it provides opportunities for effective actions even in situations when
existing knowledge quickly becomes out-of-date and, consequently, there is a necessity for prompt updating of different
knowledge elements. In particular, there is a possibility of adaptation for such important kind of knowledge
modification as changes in criteria evaluating the efficiency of existing alternatives. These changes are caused by
influences of either external factors (such as instability of environment) or internal ones (e.g., shifts in decision maker's
preferences). Depending upon specific circumstances, the preferable way of adaptation may be based upon either
qualitative or quantitative elements of codified knowledge.
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Abstract. A method for analysis of work of a forecasting system by construction of confidence intervals is
presented, basic concepts are entered and an example of application of the given method for the concrete forecasting
system based on GMDH is given. As input data the real time series of quotations of currencies of the Foreks market
is taken for a period from January, 1 to June, 30, 2010.
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1 Introduction
At construction of prognoses with the use of some forecasting system naturally there is a question: as far as this
system works well. It is necessary to enter some quantitative descriptions of the got prognosis. Under the forecasting
system the realization of definite algorithm for the receipt of prognosis of the explored process is understood. For
estimation of efficiency of the forecasting system different indexes can be used, depending on the put tasks. One of
types of a similar description is the study of confidence intervals, I.e. measures of that, as far as the predicted value
from the value of the real deviates far.
About exactness of work of the forecasting system it is useful to speak, if to consider the concrete type of data
which a prognosis is built for, using this system. Only in this case it is possible to speak about some high-quality and
quantitative descriptions of prognosis.
In work the prognoses of time series, built by the forecasting systems based on the use of Group Method of
Data Handling (GMDH) [1, 2] with different parameters, were considered: polynomial and harmonic by bases, by a
different breaking up of selection [3]. For the analysis of the got prognoses construction of confidence intervals was
used.
As data the real financial row of quotations of currencies of the Foreks market is taken for a period from
January, 1 on June, 30, 2010 [4].

2 Method of evaluation of prognosis by confidence intervals
Lets some aggregate data (time series) are fixed, thus we will consider such row of data, statistical descriptions
of which do not change.
Together with data we will consider the some generalized forecasting system recipient on the entrance the data
and giving out on an output the set of prognosis values in the set points. For definiteness we will enter the following
denotations (see Fig.1):
•

M – the sequence of data (statistical selection), used for prognostication;

•

T1 , T2 ,..., Ti ,..., Tn - times of the forecast points, {1 ≤ i ≤ n} ;

•

yFi

1 ≤ i ≤ n}
– value of the forecast data, {
;

yRi
yR0

– value of the real data, {1 ≤ i ≤ n} ;

•
•

– the last point of entrance data (interval of M), being simultaneously an initial level which a
prognosis will be considered in relation to.
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M
Fig. 1. The generalized forecasting system

yRn

ξ Rn

yR0

We will enter a few accidental sizes (Fig. 2) and explore their conduct.
We will designate:
•

difference between the prognosis and real value:

•

;
deviation of prognosis value from an initial level

ξ FR = yF − yR
i

ξ FRn

i

ξ F = yF − yR
i

ξ Fn

•

i

0

(1)

(2)

;

deviation of the real data from an initial level:

ξ R = yR − yR i ∈{0,..., n} .

yFn

Fig. 2. The explored accidental

i

i

(3)

0

i

The confidence intervals of these accidental sizes will be the
descriptions of the forecasting system sought after [3].

Speaking about the prognosis value, it is useful to know, as far as it is remote from the real and with what
probability (confidence interval of error of prognosis).

3 Application of method on the real data
The real time series of quotations of currency of the GRBCHF (attitude of cost of British pound sterling toward
a swiss franc) market Foreks was considered for a period from January, 2010 for June, 2010 inclusive [4].
As a forecasting system the realization of the combinatorial algorithm GMDH [1, 2] was used with polynomial
(polynomials of degree from 0 to 10) and harmonic base functions the coefficients of which settled accounts by
LSM on a teaching selection, and criterion of regularity of selection of the got models.
A few methods of breaking up of data retrieval of M on «teaching»

M = MA ∪ MB

MA

and «verification»

MB ,

were explored . Four experiments were conducted: breaking up were considered with a

different quantity of points in subselections

MA

and

M B : [5, 5], [5, 20], [20, 5] [20, 20]. A prognosis was built

on 20 points. For every point of prognosis the values settled accounts (1) - (3).

4 Description of the got results
1. Conducting computations and using Kolmogorov criterion for different sets of parameters, we got that
empiric function of distributing of accidental sizes (1) - (3) differ from normal both for polynomial, and for a
harmonic base [3]. Consequently, it is impossible to build a confidence interval, based only on the rule of «three
sigma», as it is not executed.
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2. We will consider dependence of size of confidence interval on the relation of lengths of teaching and
verification subselections (Fig.3).

20 20
L

5 20

0.030
0.025

20 5

0.020

55

0.015
0.010
0.005
5

10

15

N

20

Fig.3. Dependence of size of confidence interval on breaking up of selection for a polynomial base
(L - size of confidence interval, N - number of point of prognosis)

The analysis of results of computations for a different breaking up of selection allows to assume that
exactness of prognosis does not rely on correlation of lengths of teaching and verification selections. However,
length of selection must be not less quantity of points of prognosis.
3. On Fig.4 the graphs of dependence of size of confidence interval for accidental sizes (1) - (3) from the
choice of class of base functions for the combinatorial algorithm GMDH are resulted: with polynomial (Fig.4 a) and
harmonic (ris.4 b) base functions.
C.I.
0.006

1

0.004
0.002

2
5

10

15

N

20

3

0.002
0.004
0.006

Рис. 4 а) Size of confidence interval at the use of polynomial base
(C.I. - size of confidence interval, N - number of point of prognosis.)

C.I.
0.003

1

0.002
2

0.001
5

10

15
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N

0.001

3

0.002
0.003

Рис. 4 б) Size of confidence interval at the use of harmonic base
(C.I. - size of confidence interval, N - number of point of prognosis)
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On results the computations and the indicated graphs can do a conclusion, that for prognostication of time
series the choice of harmonic base functions in the combinatorial algorithms GMDH gives the best results in long
term forecast, but the choice of polynomial base functions may be useful in short time forecast.
This conclusion is confirmed by another result. Often in order to judge about expedience of the use of the
concrete forecasting system it is enough to consider probability of correct direction of the prognosis got by this
system. It means the following.
For every point of row the projection of this point on a segment connecting the got prognosis and proper to
him real values is considered. If a projection gets into a segment, it means that direction of prognosis is not guessed,
a prognosis is false. If a projection does not get into a segment, it means that direction of prognosis is correct. If a
projection coincides with one of ends of segment, direction is not definite.
If probability of that direction of prognosis coincides with direction of the real data (I.e. correct), more than
50%, the such forecasting system is considered expedient for application.
Probability of correct direction of prognoses at the use as a base of polynomial and harmonic functions is
resulted in table 1 and the graphs (fig. 5 a, b):
Table1.
Probability of correct direction of prognosis
at the choice of polynomial and harmonic bases
Harmonic base functions

Polynomial base functions
#
point

Probability of
incorrect
direction

Probability of
correct direction

Direction is
not definite

(%)

(%)

Probability of
incorrect
direction

Probability of
correct direction
(%)

Direction is
not definite
(%)

(%)

(%)
1

0

0

100

0

0

100

2

45.5,

42.9,

11.6

44.2,

44.3,

11.6

3

47.0,

45.6,

7.47

45.5,

47.0,

7.47

4

47.0,

45.9,

7.12

45.6,

47.3,

7.12

5

47.1,

47.7,

5.21

46.2,

48.6,

5.21

6

48.5,

46.9,

4.59

47.1,

48.3,

4.59

7

48.0,

47.8,

4.11

47.2,

48.7,

4.11

8

47.9,

47.8,

4.29

46.3,

49.4,

4.29

9

48.5,

48.0,

3.45

46.9,

49.7,

3.45

10

47.9,

48.5,

3.54

46.5,

50.0,

3.54

11

48.7,

48.0,

3.21

47.2,

49.6,

3.21

12

49.1,

47.8,

3.10

46.8,

50.1,

3.10

13

49.6,

47.6,

2.84

47.2,

50.0,

2.84

14

49.3,

47.8,

2.97

46.8,

50.2,

2.97

15

49.8,

47.4,

2.77

47.2,

50.0,

2.77

16

50.2,

47.4,

2.44

47.1,

50.5,

2.44

17

50.7,

47.1,

2.11

46.5,

51.3,

2.11

18

50.3,

47.1,

2.62

46.4,

51.0,

2.62

19

50.0,

47.6,

2.40

46.2,

51.5,

2.40

20

49.4,

48.5,

2.11

46.7,

51.2,

2.11
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Probability True Direct
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Fig. 5 а). Probability of correct prognosis of direction at a polynomial base
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Рис. 5 а). Probability of correct prognosis of direction at a harmonic base

It is visible from the presented graphs, that at a polynomial base the probability of correct direction of
prognosis less than at the use of harmonic base functions. It confirms got before results - for prognostication of time
series by GMDH more expediently as bases to choose not polynomial, and harmonic functions.

5 Conclusions
These examples show that construction and analysis of confidence intervals can be the effective mean of
comparison of results of prognostication of time series.
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Abstract. An approach to the stable solution of discrete ill-posed problems, based on a combination of random
projection of the initial ill-conditioned matrix with ill-defined numerical rank and pseudo-inversion of the resulting
matrix. To select the dimension of the projection matrix we propose to use model selection criteria. The results of
experimental studies on the well-known examples of discrete ill-posed problems are given. Solution error is close to the
Tikhonov regularization error, however the matrix dimension reduction due to the projection provides the possibility to
decrease computational costs, especially at high noise levels.
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1 Introduction
Many practical applications require solving the inverse problem in the form:
Aх ≈ b.

(1)

Here the matrix A and the vector b are known, the vector х must be evaluated. In case when
- the singular values of A decay gradually to zero,
- the ratio between the largest and the smallest nonzero singular values is large,
the problem is known as discrete ill-posed problem [1].
Approximate solutions of discrete ill-posed problems as the least squares problem using standard methods of
numeric linear algebra such as LU, Cholesky, QR factorizations are unstable. It means that small perturbations in the
input data lead to large perturbations in the solution.
Ill-posed problems abound in many areas of science and engineering. Typical examples of discrete ill-posed
problems arise from discretization of continuous ill-posed problems, such as Fredholm integral equations of the first
kind. Important problems of spectrometry [2], gravimetry [3], magnitometry [4], electrical prospecting [5], etc. have the
properties of discrete ill-posed problems.
To overcome the instability and to improve the accuracy of solutions to discrete ill-posed problems, regularization
methods have been proposed [1; 6; 7; 8]. Regularization imposes some constraints on the desired solution that stabilizes
the problem and leads to meaningful and stable solution. For example, Tikhonov regularization [6; 1] penalizes
solutions with large l2-norms.
The drawbacks inherent in the methods of solving discrete ill-posed problems based on Tikhonov regularization
include their high computational complexity and the difficulty of selecting the proper regularization parameter (penalty
weight) which influences the solution stability. Therefore, alternative approaches are required for solving discrete illposed problems that would have the accuracy comparable to Tikhonov regularization at lower computational costs.
We develop such an approach using the ideas of our previous work on distributed representations and random
projections [9; 10, 11]. Recently, researchers working in the area of numeric linear algebra applied similar ideas to get
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fast randomized algorithms for the least squares problem, matrix factorization, principal component analysis, etc. It is
therefore of interest to study those techniques and apply them to discrete ill-posed inverse problems.
This paper is structured as follows. In the first three sections, we provide a brief survey of linear least squares
and discrete ill-posed problems, approximate matrix decompositions with randomized algorithms, and randomized least
squares approximations. Then, we describe the approach we use to solve discrete ill-posed problems by several
methods, including those employing random projections. We provide the bias-variance decomposition of solution error
and show experimentally that it has a minimum at some value of the varied smaller dimension of the random projection
matrix.
Taking well-known test examples of discrete ill-posed problems of Carasso, Phillips, Delves and Baart, we obtain
experimental results of their solution using both Tikhonov regularization and pseudo-inverse after a random projection.
The comparison shows that the minimal error of the pseudo-inverse solution after a random projection is at the level of
the standard Tikhonov regularization, but the solution is obtained faster, especially at the larger noise values. The final
section provides conclusions and directions of future work.

2 Linear least squares and discrete ill-posed problems

Many applications in mathematics, physics, data analysis, etc. require finding an approximate solution to a system of
linear equations that has no exact solution. For example, (1) with A∈ℜm×n for m>n or m<n or min(m,n) ≠ rank(A)
generally does not have x such that Ax = b. The method of least squares selects x that minimizes the sum of squares of
the elements of the residual vector by solving the optimization problem
х' = argminх ||Ax – b||2.

(2)

It is well-known that the minimum-length vector among those satisfying (2) may be computed based on the MoorePenrose pseudo-inverse of the matrix A [12]:
х' = A+b.

(3)

In particular, the traditional solution can be obtained by taking the derivative of ||Ax − b||2 = (Ax − b)T (Ax − b)
with respect to x and setting it equal to zero. This gives the system of the so-called normal equations
ATAx' = ATb

(4)

that should be solved to provide the minimizing vector x'. This requires the residual vector (Ax'−b) to be orthogonal
to the column space of A, i.e., (Ax' − b)T A = 0. If the matrix ATA has full numerical rank and is well-conditioned, (4)
can be solved using the Cholesky decomposition ATA = RTR, giving RTRx' = AT b, where R is an upper triangular
matrix.
In case A is rank-deficient or ill-conditioned, solution by a QR decomposition can be used. Here A=QR is obtained,
where Q is an orthogonal matrix and R is an upper triangular matrix. Substituting it to (4), one obtains the system Rx' =
QTb that can be immediately solved sequentially, by the backward substitution, since R is triangular.
The Singular Value Decomposition (SVD) can also be used. SVD represents A as
A = USVT,

(5)

where U is the matrix of left singular vectors with orthonormal columns, and V is the matrix of right singular
vectors with orthonormal columns, S is the diagonal matrix of singular values.
The Moore-Penrose generalized inverse, or pseudo-inverse, of A may be expressed in terms of SVD as
A+ = VS–1UT.

(6)

Then the solution х' is obtained by (3).
Known techniques find a solution to (2) in O(mn2) time. The SVD method is the most computationally intensive
among those mentioned above, but it can be useful if A is very ill-conditioned. Let us consider this in more detail.
Denote the i-th singular value of A as σi(A), σ1(A) ≥ σ2(A) ≥ ... ≥ 0, and the maximum and minimum singular value of
A as σmax(A) = σ1(A) and σmin(A). The condition number of A is cond(A) = σmax(A)/σmin(A). When cond(A) is large, the
matrix A is ill-conditioned, implying that the solution is potentially unstable and inaccurate. An indication of instability
is the fact that small changes in the vector b (e.g. due to the noise) cause large changes in the solution x', and the
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solution error is typically large, especially when the noise level increases. Actually, for large cond(A) the inverse of
singular values in S–1 become very large, and so the values of x' components, due to (3) and (6).
If there is a sharp gap in the spectrum of singular values, and the singular values after the gap are very small, they
may be considered as noisy ones and are eliminated in some implementations by thresholding to overcome the
instability. However, this does not work for discrete ill-posed problems, since, as mentioned in the Introduction, they
does not have the gap in their singular values, and so their numerical rank is ill-determined and the choice of an
appropriate numerical rank is not easy.
The classical method of solving discrete ill-posed problems is Tikhonov regularization [6; 1]. The standard form of
Tikhonov regularization problem is formulated as follows
хreg = argminх (||Aх–b||2+λ||х||2),

(7)

where λ is the regularization parameter.
Solution of (7) can be obtained by the method of filtered SVD [1]:
хreg = V diag (fi / σi) UT y,
2

2

(8)

2

where fi = σ i /(σ i + λ ) are filter factors.
One problem here is using the SVD of A, since it is a computationally expensive decomposition method. Another
problem, that may appear even more important, is selecting the proper regularization parameter λ.
A number of methods for selecting the regularization parameter have been proposed [8]. The L-curve method [13]
makes a plot of ||xreg||2 vs ||Axreg – b||2 for all valid regularization parameters. For discrete ill-posed problems the Lcurve, when plotted in log-log scale, often has a characteristic L-shape appearance (hence its name). A distinct corner
separates the vertical and the horizontal parts of the curve. The regularization parameter not far from the corner is
selected as optimal.
The discrepancy principle [7] chooses the regularization parameters such that the residual norm for the regularized
solution satisfies ||Axreg – b||2 = ||e||2, where e in the norm of perturbation of the right-hand side, and therefore requires
an estimation of ||e||2.
The generalized cross-validation [14] method is based on the idea that an arbitrary element bi of the right-hand side
b can be predicted by the corresponding regularized solution, and the choice of regularization parameter should be
independent of an orthogonal transformation of b. This leads to choosing the regularization parameter that minimizes
||Axreg – b||2 / D2, where D is a squared effective number of degrees of freedom (which is not necessarily an integer) that
can be calculated as D = m – Σifi. Here the errors of b are considered as uncorrelated zero-mean random variables with a
common variance, i.e., white noise.
However, those methods do not always produce stable results. So, at the wrong values of the regularization
parameter the error of solution may be substantial.
Now, let us consider some recent randomized approaches whose ideas, in our opinion, may be useful for solving
discrete ill-posed problems. Though randomization is aimed at faster computations, we are also interested in its
employing for stabilizing the solution of discrete ill-posed problems.

3 Randomized Least Squares Approximations

In this section we consider recent work aimed at a rapid solution of the least squares approximation problem. Though
the main ideas were considered in the previous section, in this area they are immediately applied to this very problem,
and the error bounds and complexity are investigated directly for this case.
As before, randomization is viewed as preconditioning the input matrix A, and now also the target vector b with a
carefully-constructed data-independent random matrix X (often constructed from several other matrices). Thus, the least
squares approximation problem (2) is replaced with
х' = argminх ||Xb−XAх||2.

(9)

Solution to (9) can be explicitly computed using some traditional deterministic algorithm, e.g., SVD, to compute the
generalized inverse
x' = (XA)+ Xb.

(10)
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Alternatively, standard iterative methods could be used, such as the Conjugate Gradient Normal Residual method. It
can produce an ε-approximation to the optimal solution of (9) in O(cond(XA) rn log(1/ε)) time, where cond(XA) is the
condition number of XA, and r is the number of rows of XA.
The idea to apply randomization to the least squares problem using sampling was proposed in [15]. [16] pioneered
applying a random projection matrix to this problem. The error bounds and speed for both approaches were improved in
[17] for the over constrained (m>>n) least squares approximation problems.
Their random sampling algorithm starts by preprocessing the matrix A and the right hand side vector b with a
randomized Hadamard transform H. It then constructs a smaller problem by uniformly randomly sampling a small
number r of constraints from the preprocessed problem. So, here X = SH, where S is a matrix that represents the
sampling operation. Then, this algorithm solves the least squares problem on just those sampled constraints.
In a similar manner, the second algorithm also initially transforms the input A and b by H. Then it multiplies the
result by a sparse projection matrix T of O(n/ε) × m. So, here X = TH. Finally, the second algorithm solves the least
squares problem on just those O(n/ε) coordinates to obtain n-vector x'.
In both cases, the solution to the smaller problem provides a relative-error ε-approximation to the exact solution,
while making no assumptions on the input data. And if m is sufficiently larger than n, the approximate solution can be
computed in o(mn2) time. Traditional methods (of Gauss, etc.) find a solution in O(mn2) time.
In [18] similar techniques were used to analyze theoretically and evaluate empirically random-projection based
algorithms for overdetermined least-squares problems. X implements the subsampled randomized Fourier transform.
Their procedure computes an n-vector x such that x minimizes the Euclidean norm Ax−b to a relative precision ε. The
algorithm typically requires O((log(n) + log(1/ε))mn + n3) floating-point operations, whereas the earlier algorithms
involve costs proportional to 1/ε. This cost is less than O(mn2) required by the classical schemes based on QRdecompositions or bidiagonalization. Moreover, the methods extend to underdetermined (m<n) least-squares [19].

4 Solving discrete ill-posed inverse problems by the random projections method
Now let us consider discrete ill-posed problem in the for m:
Фх = у.

(11)

Here we have the matrix Ф∈ℜN×N with singular values σi gradually decaying zero and large condition number. The
vector у∈ℜN is distorted by the additive noise ε∈ℜN: у=y0+ε.
Let us use the randomized algorithms (described in the survey sections above) not only to accelerate, but also to
stabilize the solution x' of the ill-posed problem, as follows. Multiply both sides of (11) by the matrix Ω∈ℜK×N, K≤N,
whose elements are realizations of a normal random variable with zero mean and unit variance. The number of columns
N of matrix Ω is determined by the dimension of the matrix Ф, the number of rows K is a priori unknown since the
numerical rank of Ф is ill-determined and the required numerical rank of approximation is unknown. We obtain
ΩФ x = Ωу, where ΩФ ∈ℜK×N, Ωу∈ℜK.

(12)

Then the least-squares problem is
хPr = argminх ||ΩФ x – Ωу||2.

(13)

Signal reconstruction based on pseudo-inverse is obtained as
хpinPr = (ΩФ)+ Ωу.

(14)

The accuracy of solving the inverse problem will be evaluated using the error e of the true signal recovery
e=||х–х'||=||e||,

(15)

where x ' is the reconstructed signal vector, e is the solution error vector.
The error vector e is represented [20; 21] as the sum of bias and variance. Let us calculate them for our task as
follows. Denote P the operator that transforms y to x': x' = Py. Then, taking into account that y= y0+ε and y0=Фх0, the
expression for x' can be represented as:
х' = P (y0 + ε) = P y0 + P ε = P Фх0 + P ε.

(16)

Using the expression for x', we obtain the expression for e:
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e = х' – x = P Фх – x + P ε = (P Ф – I)х0 + P ε.

(17)

e = e1 + e2, где e1, e2∈ℜN, e1= (P Ф – I)x, e2=P ε.

(18)

Thus,

e1 is called bias, e2 is called variance [20; 21].
To obtain the solution without projection, we use the following methods.
The pseudo-inverse solution based on SVD is actually computed as:
хpin = Ф+ y, Ppin = Ф+ = V diag (φi / σi) UT, iff σi>tresh φi=1, otherwise φi =0.
tresh = max(k,N) eps(max(σi)),

(19)

where U, V, S are obtained by SVD of Ф = USVT; σi = diag S are singular values, the elements of a diagonal
matrix S; floating-point relative accuracy eps(z) is the positive distance from abs(z) to the next larger in magnitude
floating point number of the same precision as z.
Here the bias-variance decomposition is
e1pin= (Ppin Ф – I)x0, e2pin= Ppin ε.

(20)

For the solution based on Tikhonov regularization (7)
Preg = V diag (fi / σi) UT, where fi = σ2i /(σ2i + λ2) are filter factors.

(21)

ereg = хreg–x0 = Preg(Фx0 + ε) – x0 = (Preg Ф – I) x0 + Preg ε;

(22)

e1reg = (Preg Ф – I) x0, e2reg = Preg ε.

(23)

After the projection, the bias-variance decomposition of the solution error vector takes the following forms.
By analogy to (17), we can write:
ePr = хPr – x0 = PPr Ω y – x0 = PPr Ω (Фx0 + ε) – x0 = (PPr ΩФ – I) x0 + PPr Ωε,

(24)

where хPr is the solution after projection, PPr is the operator that transforms Ωy to хPr: хPr = PPr Ωy.
For the pseudo-inverse solution after the projection:
PpinPr = С diag ( φi /si) BT,

(25)

where B, C, Σ are the SVD result for the matrix ΩФ = B Σ CT, si = diag Σ are singular values, the elements of the
diagonal matrix Σ, si are thresholded by φi as in (19). The error terms are
e1pinPr = (PpinPr ΩФ – I)x0, e2pinPr = PpinPr Ωε; e1pinPr+e2pinPr = epinPr ,

(26)

where epinPr is the solution error vector for the pseudo-inverse using the random projection.
Pseudoinverse solution based on QR factorization is realized as follows:
хQR = (QTR)+ QTy, PQR == (QTR)+ QT

(27)

where Q and R are obtained as QR factorization of the matrix ΩФ = QR;
e1QR= (PQR Ф – I)x0, e2QR= PQR ε.

(28)

Fig.1 shows the dependences of the two error terms on K: the norm of the bias error term e1 = ||e1||2 and variance e2
= ||e2||2 (24)-(26) obtained for the solution by the method of random projection with random matrix Ω(k×n) for noise
levels 1E-3 1E-5 1E-7.
With the increasing K, ||е1|| decreases and ||е2|| increases, so that ||е1+е2|| has a minimum. When the noise level
increases, position of the error minimum shifts towards the lower values of K. This occurs because the dependence of
||е1|| on K is practically the same for all levels of noise, whereas ||е2|| increases with the increasing noise level.
This behavior of the error occurred for all investigated ill-posed inverse problems with noise levels above a certain
minimum. Thus, to obtain a solution with a minimal error, a random projection matrix with the dimension K close to the
optimum should be used. However, determining the optimal value of K using the graph of the signal reconstruction
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error vs K is impossible, since the expression for the error e (15) contains the unknown vector of the true solution. We
propose to estimate K corresponding to the error minimum by minimizing a model selection criterion. The best-known
model selection criteria are CP of Mallows [22] AIC of Akaike [23] and MDL of Bin Yu [24].
1.E+03

e

1.E+02
1.E+01
1.E+00
1.E-01
1.E-02
1.E-03
1.E-04
1.E-05
1.E-06

e 1e-7

e1 1e-7

e2 1e-7

e 1e-5
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e2 1e-5
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e2 1e-3
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Fig.1. The dependences of bias e1, variance e2, and the total error e on K at the noise levels 10–7, 10–5, 10–3 for the
solution of the Phillips problem

4.1 Experimental investigation
Let us conduct an experimental investigation using well-known discrete ill-posed problems: Carasso, Phillips, Delves
and Baart [24].
0.07

In all problems, the matrix Ф has dimensionality of
200×200. The right-hand side y0 is distorted by an
additive noise with the normal distribution and various
amplitudes. The random projection matrix Ω∈ℜK×N,
N=200, K≤N is the Gaussian random matrix with the
entries of zero mean and unit variance.

Time, s

0.06
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R+Pinv
QR+Pinv
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We compared experimentally the following
methods for solving discrete ill-posed inverse problems

0.04
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1. Solution based on the pseudoinversion (5),
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K
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Fig.2. The computation times of pseudo-inverse solutions vs
K: Pinv – ordinary, R+Pinv – with random projection,
QR+Pinv – random projection orthogonalized

2. Tikhonov regularization (7) with choice of the
regularization parameter according to the method:
generalized cross-validation GCV; generalized
discrepancy DSC; L-curve LC.
The solution for the Tikhonov regularization
obtained by using the programs Regularization Tools
[25].

3. Solution based on the pseudoinversion
(PseudoInverse) with projection of the random matrix
Ω (13) and orthogonalized matrix Q (22) and the
choice of their dimensions, using the criteria: Bin Yu MDL; Mallows Cp; Akaike AIC.
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Table 1
Mean and std of the error for the Carasso, Phillips, Delves, Baart problems
solution using Pseudoinverse and Tikhonov regularization

M(err)
Carroso
PseudoInverse
Tikhonov GCV
Tikhonov DSC
Tikhonov LC
Phillips
PseudoInverse
Tikhonov GCV
Tikhonov DSC
Tikhonov LC
Delves
PseudoInverse
Tikhonov GCV
Tikhonov DSC
Tikhonov LC
Baart
PseudoInverse
Tikhonov GSV
Tikhonov DSC
Tikhonov LC

ско

M(err)

nl=1E–4
1.1e+04
0.258
0.185
0.522

1.1e+03
0.087
0.012
0.085

119
0.048
0.039
36.99

nl=1E–4
841.9
0.033
0.013
0.582

16.6
0.013
0.003
58.8
nl=1E–6

274.6
0.041
0.002
0.119
nl=1E–4

323
0.26
0.18
0.18

ско
nl=1E–6

20.0
0.14
0.02
0.02

nl=1E–5
1.14E+08
7.04E+07
2.92E+07
9.24E+07
0.107
0.027
0.075
0.015

7.82
0.003
0.002
1.090

3.25
4.9e-4
1.8e-4
0.448
nl=1E–6
3.36
0.23
0.084
0.006
0.082
0.002
0.145
0.010
nl=1E–7
9.40E+05
5.92E+05
40920
116648
0.064
0.002
0.063
0.007

M(err)
ско
nl=1E–8
1.179
0.27
0.017
0.003
0.016
3e-4
1.178
0.27
nl=1E–8
0.079
0.017
7.35e-04
3.7e-5
6.2e-4
8.7e-6
0.029
0.008
nl=1E–8
0.034
0.004
0.024
0.001
0.028
0.002
0.026
0.002
nl=1E–9
11649
3558
2313
7314
0.038
0.001
0.046
0.013

Table. 1 shows the solution of discrete ill-posed problems of Carasso, Phillips, Delves, Baart for three levels of
noise nl in y by traditional methods without projection – pseudoinverse (PseudoInverse) and Tikhonov regularization
(Tikhonov) with some choice of the regularization parameter (CRP). The average values M(err) and standard deviations
for 10 realizations of noise in y are given.
Pseudoinverse provides reasonable solution error only at the lowest level of noise and only in some tasks, and can
not be used in all the tasks at high levels of noise due to very large errors. Using regularization significantly reduces the
solution error.
For the problems of Carroso, Phillips, Delves, Tikhonov regularization with DSC provides the lowest solution error
among the deterministic methods. Similar results have are obtained with GCV. For the problem of Baart, Tikhonov
regularization with LC and DSC works well. GCV for this problem works very poorly.
For some CRP, unstable results are obtained – at some noise realizations, the error of solution is very large and may
be close to the PseudoInverse error.
Figure 2 shows the computation times of different techniques vs K. As expected, the solution based on pseudoinverse without random projection has a constant and rather large computation time compared to the solutions using
random projection at the smaller values of K. For example, at K=30, the computation time with random projection
(~0.003s for both considered projection methods) is 20 times less than that of ordinary pseudoinverse without random
projection (0.06s). This time reduction is because the singular value decomposition is performed on the resulting (N×K)
matrix after the projection, where K is a small fraction of N of the original (N×N) matrix Φ. Particularly large gains are
achieved at the higher noise levels because their optimal K is small.
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Table 2 Mean and std of the solution error and std of the selected
dimensionality k for the Carasso, Phillips, Delves problems
M(e)
Phillips
eG
MDL G
Cp G
AIC G
eQ
MDL Q
Cp Q
AIC Q
Carroso
erG
MDL G
Cp G
AIC G
eQ
MDL Q
Cp Q
AIC Q
Delves
eG
MDL G
Cp G
AIC G
eQ
MDL Q
Cp Q
AIC Q
Baart
eG
MDL G
Cp G
AIC G
eQ
MDL Q
Cp Q
AIC Q

0.041
0.064
0.059
0.13
0.013
0.017
0.023
0.019
0.63
0.74
0.69
1.26
0.19
0.27
0.34
0.31
0.282
0.497
0.390
0.680
0.177
0.195
0.227
0.186
0.16
76.8
76.8
104
0.07
0.14
0.14
0.07

ско M(k)
nl=1E–4
6e-3 13.9
3e-2 15.9
2e-2 15.5
0.12 18.7
3e-3 15.5
4e-3 13.2
6e-3 11.7
7e-3 18.1
nl=1E–4
0.17 22.4
0.31 23.0
0.2
20.6
1.03 27.4
0.02 26.2
0.05 19.7
0.05 17.3
0.13 27.8
nl=1E–4
0.05
3.1
0.03
4.1
0.17
4.1
0.52
6.8
0.02
8.3
0.02
4.7
0.02
3.1
0.02
6.6
nl=1E–5
0.04
4.0
170
5.8
170
5.8
183
5.9
0.00
5.0
0.02
4.1
0.00
4.0
0.00
5.0

ско

M(e)

1.9
2.5
2.3
4.3
1.4
1.0
0.9
2.4

6.1e-3
6.6e-3
7.5e-3
0.017
2.2e-3
2.9e-3
3.3e-3
2.8e-3

3.8
4.1
4.5
6.1
1.4
2.4
1.6
2.8

0.081
0.086
0.088
0.139
0.044
0.049
0.055
0.049

1.2
2.7
1.4
3.9
2.5
0.7
0.9
1.1

0.12
0.13
0.13
0.25
0.08
0.10
0.11
0.11

0.67
1.03
1.03
1.10
0.00
0.32
0.00
0.00

0.07
0.11
0.11
0.11
0.06
0.07
0.07
0.06

ско
M(k)
nl=1E–6
1.2e-3 28.7
1.1e-3 28.4
1.5e-3 32.6
0.014 42.7
3e-4
32.1
5e-4
26.3
6e-4
25.0
1.1e-3 35.8
nl=1E–6
0.013 45.3
0.017 46.1
0.017 46.5
0.086 55.4
0.003 48.9
0.003 39.1
0.005 36.4
0.003 52.6
nl=1E–6
0.01
23.5
0.01
23.7
0.01
21.1
0.09
46.0
0.005 32.7
0.01
20.8
0.01
16.1
0.01
43.2
nl=1E–7
0.01 5.10
0.06 5.60
0.06 5.60
0.06 5.70
0.00 6.00
0.00 5.00
0.00 5.00
0.00 6.00

ско

M(e)

2.1
4.3
3.1
10.2
3.2
1.9
1.6
3.9

9e-4
1.4e-3
9.5e-4
9.6e-4
6.3e-4
9.1e-4
7.8e-4
6.4e-4

2.8
2.5
2.6
6.6
2.4
2.9
2.7
5.8

0.025
0.028
0.025
0.025
0.021
0.023
0.021
0.021

3.47
5.12
5.13
8.74
4.16
3.91
2.64
3.19

0.056
0.072
0.057
0.057
0.052
0.069
0.055
0.053

0.32
0.52
0.52
0.48
0.00
0.00
0.00
0.00

0.05
0.06
0.06
0.06
0.04
0.04
0.04
0.04

ско
M(k)
nl=1E–8
7e-5
67.3
4e-4
48.1
8e-5
61.6
8e-5
68.9
1e-5
69.0
2e-4
44.0
6e-5
49.6
1e-5
67.0
nl=1E–8
3e-3
69.8
0.06
63.1
3e-3
69.5
3e-3
69.7
1e-3
69.9
9e-3
61.6
1e-3
69.3
1e-3
69.8
nl=1E–8
3e-3
69.7
7e-3
42.1
3e-3
67.1
3e-3
67.5
2e-3
70.0
7e-3
40.0
1e-3
61.3
2e-3
67.2
nl=1E–9
0.01
6.60
0.01
6.40
0.01
6.40
0.01
6.50
0.00
7.00
0.00
7.00
0.00
7.00
0.00
7.00

ско
3.0
6.1
6.0
1.1
1.2
4.8
3.5
2.3
0.6
5.8
0.9
0.5
0.3
11
0.9
0.4
0.5
7.6
2.5
2.6
0.0
8.0
4.1
3.8
0.52
0.52
0.52
0.53
0.00
0.00
0.00
0.00

5 Conclusion
An experimental study of methods for solving ill-posed inverse problems, for which singular values of matrix Ф
gradually decrease to zero, Ф has a high condition number and у is corrupted by additive noise, was done. The test
problem solution obtained by the pseudo-inverse and Tikhonov regularization with various parameter selection method
was compared to the solution by the same methods, but using a random projection matrix Ω(k×N). The error
partitioning into bias ||е1|| and variance ||е2|| was done. Investigation of the error components behavior on the number of

96

The 4th International Workshop on Inductive Modelling IWIM’2011

rows k of matrix Ω showed that ||е1|| decreases with increasing k, and ||е2|| grows. In the above problems ratio ||е1|| and
||е2|| is so that ||е1+е2|| has a minimum. With increasing noise level position of the error minimum shifts to lower values
of k, and the error value at the minimum increases.
With proper choice of k, the accuracy of the method based on the matrix pseudo-inverse with projection, for the
investigated problems is at the level of regularization method. Error solution by pseudo-inverse without projection is
high and the method of pseudo-inverse without projection is not suitable for the considered inverse problem. Thus, the
study and use of methods based on pseudo-inverse with projection is a promising due to their stability, manifested in the
smooth variation of the relative error signal recovery with increasing noise, and also because of lower computational
cost of singular value decomposition of A (since k<N).
The author is grateful to Dmitri A. Rachkovskij for comprehensive help and support.
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Algorithm FOCC of objective clustering based on
fuzzy sets
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Dept. of Geoinformation Systems, National Mining University, 49005, K. Marx. av., 19, Dnipropetrovsk, Ukraine,
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Abstract. The FOCC (Fuzzy Objective Computer Clustering) algorithm of clustering which considers on intuitive
representation about grouping of the data, without imposing aprioristic assumptions concerning structure of the data is
offered. The FOCC algorithm considers a set of measures of similarity between objects, and quality of clustering. It is
estimated by external and internal criteria

Keywords
Clustering, internal and external clustering criteria of
quality, fuzzy set, measure of proximity, membership
function, fuzzy relation, GMDH

1 Introduction
Clustering is a process of automatic generation of a relatively "distant" from each other groups of "close" to each
other objects for information about the distances or relationships (measure of proximity) between them.
In an accurate clustering data are separated by different clusters, where each element of data belongs to one of the
clusters. In fuzzy clustering, data elements can belong to more than one group and each element of data set get
membership function to each cluster. It indicates the strength of the relationship between this data element and a
specific group. Fuzzy clustering is a process of appropriation of these measures of appurtenance and their use for
determining the composition of each cluster.
The best-known clustering algorithms impose restrictions on the geometry of received clusters, in particular, the
possibility of requiring coverage of each individual cluster convex space. Such a restriction is imposed by assumptions
about the existence of such algorithms cluster centers (K-Means) or the probability density function for each cluster
with the corresponding value of the expectation and variance (Expectation Maximization). As a result, these algorithms
can not adequately be divided into clusters of non-convex space is more complex split of nested structures.
Also, most algorithms for clustering work no matter when a cluster is much more than others and they are close to
each other.
This problem is solved by described in this article clustering algorithm based on fuzzy relations, which allows you
to group items into clusters, between which there is a sequence of pairs of "close" to each other elements. It allows you
to get better and more objective clustering in comparison to many known algorithms.
The FOCC algorithm does not require a large number of input parameters, using only the original matrix of
"objects-signs." This property provides an algorithm based on fuzzy relations more advantages as compared with other
algorithms based on fuzzy logic (Fuzzy C-Means and Gustafson-Kessel algorithm) [1].

2 Problem Statement
Let

x ij be attributes measurings characterizing the given set of objects-observations Z={Z1, Z2,…, Zn} ( i=1, 2,…,

n is the number of observation, n is the quantity of observations, j = 1,2,..., m is the number of attributes, m is the
quantity of attributes). Initial data represents the matrix (xij) of object-property type, Xj=(x1j,x2j,…,xnj)T is the column
vector of values of the j-th attribute for n objects; Xi=(xi1,xi2,…,xim) is the row vector of values of m attributes of the ith object.
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We call set X clusterization К = { K1, K2 ,...,Kk}, 1≤ k ≤ n , the family of nonempty, nonintersecting in pairs subsets
(clusters) Kq , q = 1,2,..., k, the X set, which union coincides with X:
K1∪K2∪…∪Kk=Z, Ki∩Kj=∅,
i≠j, i,j=1,2,..,k, Kq≠∅, q=1,2,..,k.
Let Ф be the set of all possible partitions (clusterizations) of the given set X. The best by the quality criterion J(K)
is the clusterization for which
K*= arg max J ( K )
K ⊆Ф

(or K*= arg min J ( K ) ).
K ⊆Ф

(1)

Fuzzy clustering - clustering, where each Xi of X is defined as µ K q ( X i ) ∈ [0; 1] – a real value indicating the degree
of belonging each object Xi to a cluster Kq.
The internal criterion – functional, which characterize quality clusterization which is calculated on all sample of
objects. The external criterion, unlike internal, is calculated by splitting definitely all sample on two subsets (A and B)
and the subsequent check of conformity of two clusterizations, received on these sets [2].
Objective clustering - clustering with optimization, not only by internal but also external criteria of clustering
quality.
For solving the clusterization problem it is necessary to:
a) determine cluster, i.e., specify properties, general for all objects of certain cluster (measure of similarity
between objects);
b) specify a way of clusters generation;
c) specify external quality criterion for clusterization;
d) organize motion to minimum (maximum) of the internal criterions.
The purpose of this work - the development and testing objective clustering algorithm based on fuzzy sets.

3 Algorithm FOCC
The developed clustering algorithm on the basis of fuzzy sets consists of following steps:
A. Calculation of a matrix of distances between objects.
А1. Calculation of metrics.
m

d1 ( X i , X j ) = ∑ xiq − x jq – the Manhattan

(2)

d 2 ( X i , X j ) = max x iq − x jq , q = 1,..., m - the Tchebyshev

(3)

q =1
q

m

d 3 ( X i , X j ) = ∑ wq xiq − x jq – Weighed Euclidean distance

(4)

q =1

m

∑ xiq x jq

q =1

d4 ( X i , X j ) =

m

m

∑ xiq ⋅ ∑ x jq
2

q =1

– angle between vectors

(5)

2

q =1

m

d5 ( X i , X j ) =

∑ xiq x jq

m

q =1
m

m

q =1

q =1

q =1

– Tanimoto’s measure of similarity

(6)

∑ xiq xiq + ∑ x jq x jq + ∑ xiq x jq

А2. Normalization of similarity measures.
Each metrics is normalized under the formula:
d q* ( X i ,

X j) =

d q ( X i , X j ) − min d q ( X i , X j )
i, j

max d q ( X i , X j ) − min d q ( X i , X j )
i, j

, q = 1, 2, 3 .

(7)

i, j
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Angle between vectors and a measure of similarity of Tanimoto do not have to be normalized as their values vary
from zero to one.
А3. Distance matrix calculation.
For each pair of objects Xi, Xj from set Z it is defined:

(

)

d ( X i , X j ) = (1 − d5 ( X i , X j )) + d 4 ( X i , X j ) ⋅ max d *q ( X i , X j ) ,
q∈{1, 2,3}

(8)

B. Calculation of weight factors of signs.
It is intuitively clear that average values of features of different clusters are different. It is possible to assume that the
larger is feature dispersion, the larger is its contribution into division of objects into classes. It is also possible to assume
that more weighty feature has a close connection with other features. Therefore calculation of weight factors is based on
the account of a standard deviation of a features and pair correlation factor between features.
For each j th sign it is calculated:
1

1
2
σ j =  ∑ ( xij − x j ) 2  , j = 1,.., m ,
n




(9)

where n – number of objects, and m – number of features
.
m

ρ j = ∑ rij , j = 1,..., m ,

(10)

χ j = σ *j + ρ *j + 1 ,

(11)

i =1

where rij – pair correlation factor.

σ *j =

σ j − min σ j
j

max σ j − min σ j
j

, ρ *j =

j

ρ j − min ρ j
j

.

(12)

w j ∈ [0; 1]

(13)

max ρ j − min ρ j
j

j

Determination of j-th feature weight factor
χj
wj = m
∑χ j
j =1

The more this indicator for a certain feature, the better are the results of clustering in the case of data presence
C.

Definition of clusterizations by α levels [3].
С1. Function evaluation of a measure of similarity between j-th object and i-th
ξ i ( j ) :=

{

}

d ( X i , X j ) − min d ( X i , X j )

{
i, j

i, j

}

{
i, j

}

max d ( X i , X j ) − min d ( X i , X j )

(14)

С2. Function evaluation of a measure of similarity between k-th and l-th objects concerning i-th
ς i (k , l ) := 1 − min(ξ i ( X k ) − ξ i ( X l ),1)

(15)

С3. Function evaluation of a measure of similarity of two objects concerning all objects clustering
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µ (i, j ) := min{ς k (i, j ) | k ∈ {1,..., n}}

(16)

С4. It is recursively defined:

µ (1) (i, j ) := µ (i, j )
 (k )
µ (i, j ) := max min µ ( k −1) (i, s ), µ ( k −1) ( s, j ) | s ∈{1,..., n }

{ {

}

}

(17)

С5. Calculation of the binary relation of equivalence Rα, which breaks set Х into clusters.

( X i , X j ) ∈ Rα :⇔ µ ( n ) (i, j ) ≥ α

(18)

For different values of α we obtain different partition (clustering) of the original objects.
D.

The analysis and selection of objective clustering.

The optimal is the clustering, in which the values of quality criteria are optimal: the sum of average centroid radii f1,
the average maximum radius of the centroid f2, sum of square distances from medoids f3, the average square distance
from medoid f4, the sum of minimum distances between clusters f5, the sum of the average distances between clusters f6,
the sum of distances between centroids f7, the sum of distances between medoids f8 (Table 2). In addition, reaches a
minimum of such an additional criterion:
f9 ( K ) = 1 −

where ai ( K ) =  1
 k

n

∑

j =1


1
bi (K) = 
d (Xi , X j )
k j=1
n

∑

d(Xi , X j )

1
n

n

b (K ) − a (K )

∑ max(i ai ( K ),ibi (K ))

(19)

i =1



X i , X j ∈ K p  - average distance to i object from objects in the same cluster K p ;




X i ∈ K p , X j ∈ Ks , K p ∩ Ks  - average distance to i object from objects from others clusters.


For objectivity estimation of received clusterings the GMDH external criterion was used [4]:
We will split initial sample X containing n clustered objects into two not intersected equivalent subsamples A and B
n
with dimensions × m , A ∩ B = ∅, A ∪ B = X , X T = [ X TA M X BT ] .
2
А) Compute n( n − 1) / 2 distances d ( X i , X j ) between objects X i and X j , i = 1, 2,..., n − 1; j = i + 1, i + 2,..., n .
B) Define objects X q and X s such, that d ( X q , X s ) = min d ( X i , X j ) .
i, j

C) The X q object is entered in subsample A, and X s object, nearest to it, in subsample B. Each subsample A of the
object corresponds to a subsample B of the object. They together form the pair ( X q , X s ) named a dipole.
D) Repeat steps B) - C) for the residual objects and distances between them, while all objects will be entered in A
and B. The subsample A contains objects with numbers q 1 , q2 , … , qn/2 , and the subsample B contains objects with
numbers s 1 , s2 , … , sn/2 (n it is supposed even, in case of odd n any one object of last pair is considered twice).
Let's conduct at the same time clusterization for subsamples B and A and calculate the sum of intracluster distances
between objects on subsample B by results of clusterization on A and on the contrary same magnitude on A by results of
clusterization on B (correspondence of objects subsamples A and B is established by their appurtenance to one dipole):

J AB =

kA

∑

n qA

∑ d

q =1 i qA , j qA

B

n qB
kB
A A
(i q , j q ) + ∑ ∑
q =1 iqB , j qB

d A (iqB , jqB ) ,

(20)

where q is a number of a cluster;
k A is current number of clusters in subsample А; k B – is current number of clusters in subsample В;
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iqA , jqA are numbers of objects in subsample А; iqB , jqB – are numbers of objects in subsample В;
nqA is current number of objects in a cluster K q in subsample А; nqB is current number of objects in a cluster Qq
in subsample В;
d B (iqA , jqA ) is a distance between two objects in subsample В, first of which has in pair object iqA , second has object
jqA

; d A (iqB , jqB ) is a distance between two objects in subsample A, first of which has in pair object iqB , and second has

object jqB .

4 Testing
For testing of the FOCC algorithm the counting of clustering error (distance d ( K α , K real ) was used, where the Kα clustering by α level, K real - the real clustering). Comparison of clusterization results by the FOCC and the k-means
algorithms, FCM on three sets of standard data "Elements of the Periodic Table" (48 chemical elements with such
properties: the atomic volume (106 m3/mol), the first ionization potential (s), the work function (eB), the temperature
coefficient of electrical resistance (103 K-1)), data of three wine brands, Fisher’s iris, which are shown in Table 1. The
minimum values of clustering errors for the FOCC algorithm means that this algorithm is more effective than other.
Tab. 1. Clustering errors for FOCC, k-means, FCM algorithms.

Data sets

Data size

Number of
clusters

Clustering errors

Elements of the Periodic
Table

48×4

4

37

29

23,

Data of three
wine brands [8]

178×13

3

40

93

32

Fisher's irises [9]

150×4

3

17

17

12

(Distance to true splitting d ( K α , K real ) in %)
k-means

FCM

FOCC

Results of f1 – f9 criteria values, (20) for clustering data "Elements of the Periodic Table" by FOCC and k-means
algorithms, FCM are shown in Table 2. The minimum values of the criteria are obtained as a result of application of the
algorithm, which once again confirms its effectiveness.

5 Conclusion
The FOCC algorithm of objective clustering is based on fuzzy relations and is characterised by:
§ empirically chosen set of measures of similarity between objects
§
including the weighting features tailored to their measure of dispersion and correlation coefficients
§
a set of internal and external criteria of quality of clustering.
The FOCC clustering algorithm been developed has the following advantages:
§ no need for a priori assumptions about the data structures (cluster centers, the number of clusters, etc.)
§ clear interpretation of clustering results: the elements are in the same cluster, as between them there is a
sequence of elements close to one another.
§ no restrictions on the geometry of clusters.
§ the algorithm execution time is slightly dependent on the number of attributes of input objects.
4

A significant drawback of the algorithm is large run-time (order n ). This problem can be solved by optimizing
work with matrices. Testing the algorithm on three sets of standard data showed good results.
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Tab. 2. Values of quality criteria for clustering by FOCC, k-means, FCM algorithms.
Criteria
k

f1 ( K ) =

∑
i =1

f 2 ( K ) = max
i

Algorithm
k-means

FOCC

FCM

Ri
→ min
Ki

1,59

7,06

7,16

Ri
→ min
Ki

0,65

6,09

6,09

278

928

914

21

317

317

336

87

83

387

149

147

392

151

149

393

114

114

k

∑ ∑ d 2 (ei , X j ) → min

f3 (K ) =

i =1 X j ∈K i
k

f4 (K ) =

∑∑

i =1 X j ∈ K

k

f5 ( K ) =

d 2 (ei , X j )
Ki

→ min

k

∑∑ dmin (K i , K j ) → max
i =1 j =1
k

f6 (K ) =

k

∑∑ d avr (K i , K j ) → max
i =1 j =1

k

f7 (K ) =

k

∑∑ d (vi , v j ) → max
i =1 j =1
k

f8 ( K ) =

k

∑∑ d (ei , e j ) → max
i =1 j =1

f 9 → min

0,46

0,49

0,48

J A, B → min

3518

5029

4794

d ( K α , K real ) → min

0,23

0,38

0,29

where Ri = max d (vi , X j ) – center’s radius of cluster Кi;
X j ∈K i

1
vi =
ni

∑

K i - count of elements in cluster Кi.
Ki

X j ∈Ki

∑

1
d ( X l , X j )} – medoid of cluster Кi
X l ∈K i K i
j =1

X j – centroid of cluster Кi; ei = { X l ∈ K i | min
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Abstract. The task of search of discriminant function of optimum complexity in conditions of uncertainty on structure
of features is considered. The way of sliding examination for comparison of the discriminant functions constructed on
various sets of features is investigated. The condition of a reduction of discriminant function of optimum complexity is
received.
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Group Method of Data Handling, criterion of linear
discriminant functions quality, optimal set of features.

Introduction
The decision of task of the discriminant analysis in conditions of structural uncertainty on structure of features assumes
acceptance of any way of comparison of discriminant functions which are constructed on various sets of features. Two
ways of comparison are popular in practice. The first way is based on dividing of observations on training and testing
subsamples. This way training subsamples are used for estimation coefficients of discriminant functions, and testing
subsamples are used for estimation its qualities of classification. The second way is a way of sliding examination.
In this way observations which are serially excluded from training subsamples are used as testing observations. In the
literature these ways are traditionally treated as heuristic receptions though the fact of existence in them of optimum set
of features repeatedly proved by a method of statistical tests. In the Group Method of Data Handling analytical research
of these two ways of comparison of discriminant functions is carried out [1-4]. For the decision of a task of the
discriminant analysis in conditions of structural uncertainty except for a way of comparison discriminant functions it is
required to specify algorithm of generation of various combinations of the features included in discriminant functions.
It is supposed, that as such method is chosen the complete sorting-out of all possible combinations of features.

Way of comparison of discriminant functions on the basis of sliding examination
Suppose that at the step with number s ( s = 1, 2, ..., m) of algorithm complete sorting-out of all possible sets of features
only s components from the set X (which constitute the current set V ) can be included in the discriminant function.
In the following are supposed VI and VII a ( s × nI ) and ( s × nII ) matrices of observations in general sets PI and PII ,
ν I and ν II a s -dimensional column vectors of the mathematical expectations of the observations in PI and PII ,
ΣV a covariance ( s × s ) matrix of the observations in PI and PII .
The traditional way of sliding examination is the following: a) one of the observations is eliminated from
training sample; b) this observations is classified on basis of discriminant function which was constructed without it;
c) observations returns into sample; d) this procedure repeat for second observation, third and so on, until all
observations are classified in this way. Usually, a probability of erroneous classification is estimated in applications,
that is number of erroneous classified observations is calculated. As opposed to traditional ways of sliding examination
in way what we have proposed, a distance is calculated
1
DS2 (V ) = ( DS2I (V ) + DS2II (V )) ,
(1)
2
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D S2I (V)

= (nI )

−1

~

~

nI

d T(I,i ) ( v Ii − v II )( v Ii − v II ) T d (I,i )

i =1

d T(I,i ) S (I,i ) d (I,i )

∑

nI

~

=

~

= (nI ) −1 ∑ ( v Ii − v II ) T W(I,i ) ( v Ii − v II ) ,

(2)

i =1

~

d T(II, j ) ( v I − v IIj )( v I − v IIj ) T d (II, j )

j =1

d T(II, j ) S (II, j ) d (II, j )

DS2 II (V ) = (nII ) −1 ∑
nII

~

nI I

~

=

~

= (nII ) −1 ∑ ( v I − v IIj ) T W(II, j ) ( v I − v IIj ) ,

(3)

j =1

W (I, i ) =

d (I, i ) d T(I, i )
T
d (I,
i ) S (I, i ) d (I, i )

W(II, j ) =

;

d (II, j ) d T(II, j )
d T(II, j ) S (II, j ) d (II, j )

.

(4)

In formulas (2), vector d (I,i ) is an estimate of the coefficients of the Fisher discriminant function. Specifically,
it is the estimate calculated without the observation number i in the first group:
~

~

−1
d (I,i ) = S (I,
i ) ( v I(i ) − v II ) ,

(5)

v I(i ) is estimate of the mathematical expectation ν I
where the vector ~
nI

~

v I(i ) = (nI − 1) −1 ( ∑ v Ih − v Ii ) ;

(6)

h =1

v II is estimate of the mathematical expectation ν II
the ~
n II

~

v II = ( n II ) −1 ∑ v IIh ;

(7)

h =1

the matrix S (I,i ) is an unbiased estimate of covariance matrix ΣV
⎤
nII
~
~
~
~
T
T ⎥
~
~
~
~
= (nI + nII − 3 ) ⎢ ∑ v Ih (i ) v Ih (i ) + ∑ v IIq v IIq ⎥ ,
q =1
⎥
⎢(hh=≠1i )
⎦
⎣

(8)

~
~
~
v Ih (i ) = v Ih − v I(i ) , h = 1,2,..., nI (h ≠ i ) ;

(9)

⎡

S ( I ,i )

−1 ⎢

nI

~
v Ih(i ) is the observation numbered h in the first group, centered about the estimate ~v I(i )
where ~
~
v IIq is the observations numbered q in the second group, centered about the estimate ~v II
and ~
~
~v = v − ~
v II , q = 1,2,..., nII .
IIq
Iq

(10)

In formulas (3), vector d (I, j ) is an estimate of the coefficients of the Fisher discriminant function. Specifically,
it is the estimate calculated without the observation number j in the second group:
~

~

−1
d (II, j ) = S (II,
j ) ( v I − v II( j ) ) ,

(11)

where vector ~v I is estimate of the mathematical expectation ν I and calculated analogous to (7); the vector ~v II( j ) is
estimate of mathematical expectation ν II and calculated analogues to (6); the matrix S (II, j ) is an unbiased estimate
of the covariance matrix ΣV and calculated analogous to (8).
From formulas (1)–(11), it is obvious that the statistics DS2I (V) is simply the weighed sum of the paired distances
between the observations of the first group and estimate of the mathematical expectation ν II second group, and that
statistics DS2II (V) – is simply the weighed sum of the paired distances between the observations of the second group and
estimate of the mathematical expectation ν I first group.
Using (5) and (11), we obtain for DS2I (V) and DS2II (V) :
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nI

D SI2 (V ) = ( n I ) −1 ∑

2
D SII

(V ) = ( n II )

−1

~

~

−1
[( v Ii − v II ) T S (I,
i) ( v
~

~

I( i ) −
~

T −1
II ) S (I, i ) ( v

~

v II )] 2
~

i =1

(v

n II

−1
[( v I − v II j ) T S (II,
j) (v I− v

j =1

(v I− v

∑

I( i ) − v

~

~

~

I( i ) − v

~

~

~

II( j ) )]
~

T −1
II( j ) ) S (II, j ) ( v I − v

,

(12)

II )
2

.

(13)

II( j ) )

Let τV2 = ( ν I − ν II ) T ΣV−1( ν I − ν II ) be the Mahalanobis distance for the set of components V , nI = nII = n ,

r = n I + n II − 3 = 2 n − 3, c −1 = n −1 + ( n − 1) −1 .
Theorem. For the random variable DS2 (V ) , we have
⎛
τ 2 [ s − (r − 1) / (r − s)] c −1 (n + 1) (r − 1) ⎞⎟
r
.
E{DS2 (V )} = ⎜ τV2 − V
−
2
−1
⎜
⎟ r − s −3
n
(
r
−
s
)
(
τ
+
s
c
)
V
⎝
⎠

(14)
~

The validity of theorem follows from the validity of the following: 1) the observation v Ii , the estimate v
~

the estimate S ( I,i ) are independent; 2) the observation v IIj , the estimate v

II

I

and

and the estimate S ( II, j ) are independent;

3) matrices S ( I,i ) and S ( II, j ) are random ( s × s ) matrices, which have a Wishart distribution with r degrees of
freedom.
Definition 1. The optimal set components (set features) is defined as the set VOPT for which
VOPT = arg max E{DS2 (V )} .

(15)

V⊆X

Definition 2. Optimal discriminant function with respect to the number and composition of the components is
defined as the Fisher discriminant function constructed on the set of components VOPT .
We proved that optimal set of components exist in the way that considered and formulated the conditions under
which the optimal discriminant function is simplified in number of the features included in it. For this purpose, it was
investigated E{DS2 (V )} depending on composition of set V .
o
o
~ o ~
It is possible to divide set of components X into the following nonintersecting subsets X = X U RU R = V U R :

o

so that 1) X ≠ ∅ (where ∅ is the empty set) is the set of components whose mathematical expectation satisfy
o

o

o

o

o

χ Ih ≠ χ IIh , h = 1, 2,..., m , where m is their number; 2) R is the set of cimponents whose mathematical expectation
o

o

o

o

o

satisfy ρ Ih = ρ IIh , h = 1, 2,..., l , where l is their number and each component in R depends stasistically on the least one
o

o

~

components in the set X (the set R may be empty); 3) R is the set of components whose mathematical expectation
~
~
~
satisfy ~
ρ Ih = ~
ρ IIh , h = 1, 2,..., l , where l is number and each component each component in R is statistically
o
~
independ from each set X (the set R may be empty). Relationship between the Mahalanobis distance for the set
o

o

o

components V = X U R and the Mahalanobis distance for a current analyzed set of components V ⊆ X is formulated in
the form of lemmas [1-4].
In case of known parameters of general sets PI and PII it follows from the stated lemmas that: 1) every
o

component from set X is necessary in the sense that its inclusion into the current set of components V increase the
o

Mahalanobis distance τV2 ; 2) every component from the set R is necessary in the sense that its inclusion into the

~

current set of components V increase the Mahalanobis distance τV2 ; 3) every components from the set R is redundant
in the sense, that its inclusion into the current set V does not increase the Mahalanobis distance τV2 .

Condition of a reduction (simplification) of optimum discriminant function
As a rule, in practical applications parameters of general populations are unknown; however they can be
estimated as statistical estimates by training samples of observations of limited volume. It is known, that if we use
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constructed rule of classification to the training sample, then estimate of recognition quality will be overstated
by mathematical expectation in comparison with the same evaluation of quality on data, independent of training data.
Way of sliding examination give not overstated estimates of recognition quality. Experience of practical
applications and test investigations of this way on basis of method of statistical test show that in this way: 1) on increase
of size of observations samples increases the number of components in the set, on which the best quality of recognition
is attained, and on decrease of size of observations samples the number of components in such set decreases;
2) on increase of the Mahalanobis distance τ 2X between general populations (from which observation samples were
obtain) the number of components increases in the set, on which the best quality of recognitions is attained, and
on decrease of this distance the number of components in such set decreases.
Our analytical investigations confirm these empirically determined regularities about the existence of the
discriminant function optimal by the number and composition of components. Let’s formulate the conditions
of reduction (simplification) optimal discriminant function for a special case of an independent feature. Let the set of V
o

o

o

o

is those, that is carried out X = V U x , where x ∈ X (one feature is missed). Taking into account (14), we receive
o

Δ(V ) = E{DS2 ( X )} − E{DS2 (V )} =
o
o
⎛
⎞
⎜
⎟
τ 2o [m− (r − 1) / (r − m)] c −1
+
−
(
n
1
)(
r
1
)
r
⎟
= ⎜ τ 2o − X
−
−
o
o
o
⎜ X
⎟
−1
2
τ
+
−
−
−
m
c
n
(
r
m
)
r
m
3
o
⎜
⎟
X
⎝
⎠
o
o
⎛
⎞
⎜ 2 τV2 [(m− 1) − (r − 1) / (r − m+ 1)] c −1 (n + 1)(r − 1) ⎟
r
.
− ⎜ τV −
−
⎟
o
o
o
−1
2
⎜
⎟ r − m− 2
τ
+
(
m
−
1
)
c
n
(
r
−
m
+
1
)
V
⎝
⎠

(16)
o

According to the above mentioned lemmas for Mahalanobis distances of sets V and X the ratio τV2 = τ 2o − γ 2
X

o

o

is carried out, where γ 2 = σ 2o (χ I − χ II ) 2 is the component of Mahalanobis distance caused by the missed independent
x

o

o

feature x ∈ X . In view of it, having limited to accuracy (1 / n) , neglecting members of the order (1 / n 2 ) , we receive

Δ(V ) =

( )

o
⎧ ⎛
⎞
⋅ ⎨− ⎜⎜ τ 2o + m c −1 ⎟⎟ ⋅ γ 2
⎛ 2
⎞
⎡
⎤
X
⎛
⎞
⎠
r − m− 2 ⎜⎜ τ o + m c −1 ⎟⎟ ⎢⎜ τ 2o − γ 2 ⎟ + (m − 1)c −1 ⎥ ⎩ ⎝
⎠
⎝ X
⎠ ⎣⎝ X
⎦

r

o

⋅

1

o

o

o
⎞
⎛
2
⎞⎫
o
1
⎟ 2 ⎛ 2 ⎞ ⎛⎜ 2
⎜ 2 r − m− 4
2
−1 ⎟ ⎪
−1
τ
c
⋅
τ
⋅
+
⋅
γ
−
2
m
c
+ τ o ⋅⎜τ o ⋅
+
+
⎜
⎟
o
o
⎟
o
o
o
⎟⎬ .
X ⎜ X
X ⎠ ⎜ X
⎝
⎟
r − m− 3
r − m− 3 ⎠
r − m− 3
⎝
⎠⎪⎭
⎝
2

2

+

(17)

o

The value Δ(V ) can be both positive, and negative. If Δ(V ) > 0 the feature x is necessary for including
o

in discriminant function. If the Δ(V ) < 0 the x should not be included in discriminant function as it will lead to
o

decreasing of value DS2 , i.e. addition of an feature x does not improve quality discriminant function by considered
criterion. The condition Δ(V ) < 0 is a condition of a reduction (simplification) of discriminant function that is optimal
by quantity and structure of features. This condition represents a condition of negative definiteness of a quadratic
trinomial relatively γ 2 in braces (17). Reduction of discriminant function is possible when value γ 2 below then
threshold value
⎛ τ 2o ⎞
⎟ −1
⎜
X
⎟+c
⎜
o
⎜ r − m− 3 ⎟
⎠
( γ 2 ) por = τ 2o ⋅ ⎝
.
(18)
o
X
τ 2o + m c −1
X
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In figure dependences of threshold value (18) from volume samples n for a set of Mahalanobis distance τ 2o

X

o

(τ 2o = 6, 8, ... , 18) are submitted at fixed m = 6 .
X

(γ 2 ) por

n
2

Figure - Dependences of threshold value ( γ ) por on volume of subsamples n
Let's note, that in asymptotic at n → ∞ ( r → ∞ , c −1 → 0 ) the condition of the reduction is not carried out,
o

i.e. VOPT = X .

Conclusion
The way of sliding examination for comparison of discriminant functions in conditions of uncertainty on structure of
features is proved. In spite of successful use of this way in practice and repeated confirmation of its efficiency by the
method of statistical test, it was supposed traditionally as heuristic devices. Conditions of reduction (simplification) of
discriminant function which is optimal by structure of features are revealed. It is obtained that this conditions depend on
volumes samples and parameters of general sets, i.e. on mathematical expectations and covariance matrices of features.
It was shown that under condition of structural uncertainty and the absence of a piori estimates of variances and
covariances of features the way of sliding examination make it possible to solve the problem of search of the
discriminant function of optimal complexity.
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Abstract A modification of the classical MIA GMDH algorithm for model self-organization is proposed. The developed
algorithm of hybrid type combines both multilayered and combinatorial schemes of model structure search.
Effectiveness study results of this generalized algorithm for artificial data are presented.
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1 Introduction
As for today, a great variety of GMDH algorithms of sorting-out and iteration type are developed and explored. The
sorting-out algorithms are effective as the tool for structural identification but only at the limited number of arguments.
Iteration algorithms capable of working at a great number of arguments but the specific of their architecture do not
guarantee model construction of true structure. Until now these two classes of algorithms were developed without
combining their strengths.
Presently the classical multilayered iteration algorithm MIA GMDH [1] is most widely known however he has some
substantial drawbacks: possibility of loss of informative and/or inclusion of spurious arguments, exponential growth of
polynomial degree. To overcome these failings, some modifications were earlier offered and the realized but they did
not resolve all problems in a complex.
The paper demonstrates the efficiency of inductive modelling algorithms on the hybridization basis of the iteration
and combinatorial GMDH algorithms. The developed algorithm of hybrid type includes the following main novelties:
- enabling to use the initial arguments in each layer to avoid loss the relevant ones;
- performing the optimization of every partial model structure by combinatorial algorithm to avoid over-fitting.
Description of the proposed modified GMDH algorithm as well as research results of its performance are presented
below.

2 Theoretical Part
2.1 Structure-parametric identification problem
Let us given a data set W = ( Xy ) , where X is n × m matrix of input variables (arguments) and y is n × 1 vector of an
output variable (function), n and m are numbers of observations and inputs respectively. Generally, the problem of
structure-parametric identification consists in generating (forming) from observation data some set Φ of models of
diverse structures of the type
yˆ f = f ( X , θˆ f )

(1)
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and searching the optimum model according to the minimization condition of a given model quality criterion

f * = arg min CR( y, f ( X ,θˆ f ))
f ∈Φ

(2)

with parameters in (2) being estimated for every model f ∈ F as solution of another extreme problem of the type

θˆ f = arg min QR ( y, X , θ f ) ,
θ f ∈R

(3)

Sf

where s f is called the complexity of a model f and is equal to the number of unknown parameters in the model (1), and
QR is a quality criterion for solving parametric identification problem for every particular model being generated in the
structure identification problem.

2.2 Hybrid multilayered GMDH algorithm with combinatorial optimization of partial
descriptions complexity
In the classical multilayered algorithm (fig.1) each partial model is formed as a combination f ( xi , x j ) of input
variables xi , x j , i, j = 1,2,..., m , in initial layer and combination of model outputs obtained in the previous layer,
starting from the second. Typically linear or nonlinear polynomials may be used as the partial descriptions:
ylr = a0 + a1 y ir −1 + a 2 y rj −1 ,

ylr = a0 + a1 yir −1 + a 2 y rj −1 + a 4 yir −1 y rj −1 ,
y lr = a 0 + a1 y ir −1 + a 2 y rj −1 + a 3 ( y ir −1 ) 2 + a 4 y ir −1 y rj −1 + a 5 ( y rj −1 ) 2

(4)
(4a)
(4b)

Coefficients a 0 , a1 ,…, a5 are estimated in the training data set by the least squares method. The best F models by
the value of an external selection criterion are involved in the formation of model variants in a next layer. The process is
finished in the layer after which the minimum of criterion begins to rise. In this case there is a possibility of informative
arguments loss in the selection process if they have lost after the first layer. On the other hand, some spurious
arguments may be retained in the final model if they were included to partial models in initial layers.

Fig. 1 Multilayered Iterative Algorithm

To avoid these drawbacks, we have proposed hybrid algorithms of the next types [2]:
1. Combined Iterative Algorithm CIA GMDH (fig.2) – the algorithm with equal usage of both intermediate
and initial arguments:
y l( r +1) = f ( y ir , y rj ) ∨ f ( y ir , x j ) .

(5)
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Fig. 2 Combined Iterative Algorithm

2. Generalized Iterative Algorithm GIA GMDH of hybrid type (fig. 3) – algorithm with combinatorial
optimization of partial descriptions complexity and adding the initial arguments in each layer:
yl( r +1) = f opt ( yir , y rj ) ∨ f opt ( yir , x j )

(6)

Fig. 3 Generalized Iterative Algorithm

Combinatorial optimization consists in that on each layer we consider the model, for example linear:
f ( y ir , y rj ) = a 0 d1 + a1 d 2 y ir −1 + a 2 d 3 y rj −1 ,

(7)

where d k , k = 1, 2, 3 are elements of structural vector d and 1 or 0 manifests inclusion or exclusion of the proper
argument, and compare performance of all possible variants of partial models to choose the best one:
d k = {0, 1} , f opt ( yir , y rj ) = f ( yir , y rj , d opt ) :
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1 0 0 → f1 = a 0

CR1 ⎫
⎪
CR2 ⎪
CR3 ⎪
⎪
CR4 ⎬ ⇒ f opt ,
min
CR5 ⎪
⎪
CR6 ⎪
⎪
CR7 ⎭

a1 yir −1

01 0 → f 2 =

a1 y rj −1

0 01 → f 3 =
110 → f 4 = a 0 + a1 yir −1

+ a1 y rj −1

1 01 → f 5 = a 0 +

a1 yir −1 + a 2 y rj −1

011 → f 6 =

111 → f 7 = a 0 + a1 yir −1 + a 2 y rj −1

3 Research results
We have tested these algorithms on an artificial data set.
The model quality was computed as the regularity criterion AR value which is equal to the prediction error for the
measured output on the subsample B:
AR( s ) = y Bs − X BsθˆAs

2

,

(8)

where θˆAs is the vector of parameters estimated on the subsample A and s means the model complexity.

3.1 Data description and Results
In this section we describe the data set used for experiments and results obtained. There are presented characteristics of
compared performance of the above three algorithms in two experiments on data both without and with noise.
Experiment 1. Artificial data set consists of 200 input variables and one output. The whole matrix X dimension was
243×200 (243 lines and 200 columns). The training subset contains 135 points (approximately 2/3 of all data) and
testing subset 65 points (approximately 1/3 of all data). This data was used without noise.
Output data for linear case was generated by the model: y = −3x1 − 3x2 + 5 x3 − x4 − x5 + 3 x6 + x7 − 2 x8 + x9 + x10 .
Fig.4 shows the timing features of the compared algorithms for different numbers F (freedom of choice) of best
models selected in every layer to be used in the next iteration.
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Fig. 4 Timing features for algorithms being compared

Fig. 5 shows changing the value of AR criterion for these algorithms as dependent on different F values.
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Fig. 5. The AR criterion values for tested algorithms

Experiment 2. Artificial data set consists of 40 input variables and one output. The training set contains 35 points
and testing set 15 ones. This artificial data was used with noise (10%, 20%).
o

Output data for linear case was generated by the model:. y = 0,5 − 1,2 x2 + 5 x10 − 3,4 x25 .
Fig. 6 shows the value of AR criterion for hybrid algorithms for different noise level (0%, 10%, 30%).
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Fig.6 The value of AR criterion for tested algorithms by different noise level

The results show that GIA GMDH algorithm with combinatorial optimization of partial descriptions complexity and
adding to intermediate arguments initial ones was the winner in all cases (fig. 5-6).

4 Conclusion
Experiments show that the proposed modifications improve considerably the practical performance of the multilayered
GMDH algorithm and accuracy of simulation results.
We have compared the performance of the classical MIA GMDH algorithm with its modifications CIA and GIA
algorithms on an artificial data set.
All these variants are implemented in a single application, where one may choose the kind of modification for usage
or run the simulation for all of them.
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Abstract.
The method of structure identification of macro models as difference operators based
on the analysis of interval data and genetic algorithm is created. A study of quality of structure of
model and show that the formulated task of structure identification is a multi criteria optimization task
with the discrete target functions and nonlinear constraints specified ISNAE.
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structure

1 Introduction
There are such objects which are described by differential equations in the part derivatives, or by its
difference analogues [1]. In case of large errors and small selection of experimental data, it’s not
enough physical reasoning for the choice of structure equation, that is why it is expedient to use the
macromodel as difference operators. Besides that, through the large errors of observation, utmost limits
of which are known, as a rule, the structure of macromodels as difference operators must be selected
on the conditions of concordance with experimental data, using the methods of analysis of interval
data.
Given the complexity of the problem of structural identification, the discreteness and lack of
quantitative interpretation of individual structure elements for solving the indicated task it is expedient
to use genetic algorithms, which use evolutional principles of heredity, variability and natural
selection. These algorithms are based on the principles of evolution and self-organization and staying
close with algorithms realized in the group method of data handling (GMDH) are the methods of
inductive modeling.

2 Task statement
Let it is known that an object can be described by a macromodel as a difference operator of general
view :
r r )
)
) )
)
)
)
(1)
v j +1, k +1 = g T ⋅ f (v0,0 ,..., v0,k , v1,0 ,..., v1,k ,..., v j ,0 ,..., v j , k , u0,0 ,..., u j ,k ) ,
k = 0,...,N −1, j = 0,..., J − 1 ,
r )
) )
) )
)
where f (v0,0 ,..., v0, k , v1,0 ,..., v1, k , v j ,0 ,..., v j , k , u0,0 ,..., u j , k ) is an unknown vector of base functions(by a

dimension m × 1 ), which sets the structure of difference operator;
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)
v j +1,k +1 is predicted characteristic in j + 1 point of space and in k + 1 moment of time;
r
u k = (u0,0 ,..., u j , k )T is an unknown vector of entrance variables (by a dimension p ×1 ) in j point of

space and in k discrete moment of time;
r
g is unknown vector of parameters (by a dimension m × 1 ) of difference operator.
r
The unknown vector of parameters g of difference operator will estimate on the terms of including
of the predicted values in the corresponding interval of experimental data. The noted conditions have
such formal kind:
)
)
)
(2)
[v j +1,k +1 ] = [v −j +1,k +1 ; v +j +1,k +1 ] ⊆ [v j +1,k +1 ] = [v −j +1,k +1 ; v +j +1,k +1 ] ,
k = 0,...,N −1 , j = 0,..., J − 1

)
)
)
where [v j +1, k +1 ] = [v −j +1,k +1 ; v +j +1,k +1 ] is the predicted interval that in the general case is calculated on a
formula:

r
)r
)
v j +1,k +1 = g T × f ([v)0,0 ],...,[v)0, k ],[v)1,0 ],...,[v)1, k ],[v) j ,0 ],...,[v) j , k ], u0,0 ,..., u j , k ) ,

(3)

)r
where g is a vector of estimations of parameters of difference operator which will get from conditions
of including (2);
)
)
)
)
)
)
[v0,0 ],..., [v0, k ], [v1,0 ],..., [v1, k ],..., [v j ,0 ],..., [v j , k ] is the set or calculated interval estimations of initial
discrete values of the predicted characteristic.
As for the receipt of interval of the predicted characteristic

)
v j +1,k +1 after the formula of difference

operator (3) it is necessary to conduct a calculation on the rules of interval arithmetic, then such
operator will name an interval difference operator.
)
Putting in expressions (2) the interval estimations v j +1,k +1 , calculated on a formula (3) and using
)
)
)
)
)
)
the initial approaching [v0,0 ],...,[v0, k ], [v1,0 ],...,[v1, k ],...,[v j ,0 ],...,[v j , k ] , will get such interval system of
algebra equations [2]:
)r r )
)
)
)
)
)
v −j +1, k +1 ≤ g T ⋅ f ([v0,0 ],..., [v0, k ], [v1,0 ],..., [v1, k ],..., [v j ,0 ],..., [v j , k ], u0,0 ,..., u j , k ) ≤ v +j +1, k +1 ,

(4)

k = 0,..., N − 1 , j = 0,..., J − 1 .

The abovementioned reasoning allows to formalize the task of construction of macromodel as a
difference operator using ISNAE (4), however only in the case when base functions are known or
model structure is known. Let consider that the structure of macromodel as an interval difference
operator is unknown.
Let the difference operator has the following subsets [3]:
r
U ps = u j , k ∈ R p u0,0 ,..., u j , k is subset of entrance variables (control), which is determined on the
r
set of all possible components of vector of controls u j ,k ;

{

{

{

{

}}

}}

)
)
)
)
)
)
)
Vηs = v j , k ∈ Rη [v0,0 ],..., [v0, k ], [v1,0 ],..., [v1, k ],..., [v j ,0 ],..., [v j , k ]

is subset of discrete values of

prognosis size in initial moments, which is determined on the set of all possible components from a set
)
)
)
)
)
)
[v0,0 ],...,[v0, k ], [v1,0 ],...,[v1, k ],...,[v j ,0 ],...,[v j , k ] and characterizes the order of difference operator;

{

}

r
Gms = g m ∈ R m {g1 ,..., g m } is set of parameters of difference operator, which is determined by
r
components of vector ĝ ;
r
Fms , d = f ∈ R m f j , k ,1 ,..., f j , k , i ,..., f j , k , m is subset of base functions of difference operator, which
r
is determined by the vector of base functions f = f j , k ,1 ,..., f j , k , i ,..., f j , k , m .

{

{

}}

Thus, the current structure of difference operator can be described as such cortege:
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λs : U ps , Vηs , Gms , Fms , d
s

(5)

s

Structure elements from the set U p , Vη of the indicated cortege are bound by the vector of base
r )
)
)
)
)
)
functions f ([v0,0 ],..., [v0, k ], [v1,0 ],..., [v1, k ],..., [v j ,0 ],..., [v j , k ], u0,0 ,..., u j , k ) the set of which will designate
r
F (•) .
The task of structure identification will be taken to the search of cortege λs in a kind (5), which
provides compatibility of ISNAE (4). Obviously, that compatibility of the indicated system can be
provided by complication structures of difference operator, which are unacceptable from the point of
view of macromodeling.
On the other hand, the synthesis of structure of difference operator can be built on the methods of
inductive modelling [4], that are based on the corresponding criteria of estimation of quality of
structure. However these criteria are useless in case of construction of macromodel as an interval
difference operator.
At the same time, in labour [2] it is shown that verification of compatibility of ISNAE (4) gives not
only possibility to provide being of optimal estimation of parameters of difference operator but also
conduct the estimation of quality of his structure :

δ (λ s ) =

[

] [

{mid ([v)

max

k = 0K N −1, j = 0... L −1

j +1, k +1

(λs )]) − mid ([v j +1, k +1 ])},

(6)

]

)
if v j +1, k +1 (λs ) ∩ v j +1, k +1 = ∅ , ∃ k = 0,..., N − 1 , ∃ j = 0,..., J − 1 ;

δ (λ s ) =

[

] [

{wid ([v)

max

k = 0K N −1, j = 0..L −1

j +1, k +1

(λs )]) − wid ([v) j +1, k +1 (λs )]∩ [v j +1, k +1 ])},

(7)

]

)
if v j +1k +1 (λs ) ∩ v j +1, k +1 ≠ ∅ , ∀ k = 0,..., N − 1 , ∀ j = 0,..., J − 1 ;

where mid (•) , wid (•) are accordingly operations of determination of center and width of interval.
The condition of completion of calculable procedure is: δ (λs ) = 0 .
In labour [3] the criteria of complication of realization, in particular calculable, exactness, and also
plenitude of reflection of properties of object are offered, which is needed for achievement whole
designs.
Thus the search of optimal structure of difference operator comes true in two stages:
1.
decision :

Estimation of model adequacy or verification of compatibility of ISNAE, and making
if Ω v~

j ,k

r
, F (• )

≠ ∅ , then a model as a difference operator is adequate.

Will consider the best structure among inadequate model for which:

δ (λs ) ⎯
⎯→ min
2.

(8)

Choice of optimal structure for adequate models on the basis of optimization task:

⎧
⎪ p min or η min or m min,
→
→
⎪ →
⎪
λs
⎪Δψ (λs ) ⎯⎯→max,
N −1
⎪
)r r
)r r ⎞
⎛
⎪Δψ (λ ) = 1
⎜⎜ max
g T ⋅ F (•) − min
g T ⋅ F (•) ⎟⎟,
s
rˆ
rˆ
⎨
N − 1 k =0 ⎝ g∈Ω
g∈Ω
⎠
⎪
λs
⎪R(λ ) ⎯⎯→
max,
⎪ s
r )
r )
)
)
N −1
⎪
min{v +j +1,k +1, v +j +1,k +1 (u j,k , v j,k )} − max{v −j +1,k +1 , v −j +1k +1 (u j,k , v j,k )}
⎪R(λs ) = 1
,
N − 1 k =0
⎪
2 ⋅ v +j +1,k +1 − v −j +1k +1
⎩

∑

∑

{

}

{

}

(

(9)

)
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The features of this task consist in that she is a multicriterion, and her upshots search structures on
a discrete set. It is known that for solving of such task apply genetic algorithms.
Going out foregoing, the aim of this labour is development of method of structure identification of
macromodels as difference operators which are built on the basis of analysis of interval data and with
modification of the known genetic algorithms.

3

A Method Of Structure Identification Of Interval Difference
Operator On The Basis Of Genetic Algorithm

Let’s consider the method of structure identification, which uses the principles of coding and oriented
to the multirank iteration selection of optimal structure.
A method is orientated on solving of multicriterion task in a kind (9). Thus, at first it is necessary to
find the adequate structures of models, which provide δ (λs ) = 0 , and then carry out a selection among
adequate on criteria (9).
Let’s accept certain contemplations which the method of structure identification is based on.
Contemplation 1. For the construction of adequate in sense compatibility of ISNAE δ (λs ) = 0 of
macromodel of the investigated object the known set of structure elements, which includes the subset
of all structure elements of adequate model necessarily.
This contemplation means that going out the physical reasoning, it is necessary to form sets:
r
r
U ps = u j , k ∈ R p u0,0 ,..., u j , k ; Vηs = v j , k ∈ Rη v0,0 ,..., v0, k , v1,0 ,..., v1, k , v j ,0 ,..., v j , k ;
r
Fms , d = f ∈ R m f j , k ,1 ,..., f j , k , i ,..., f j , k , m

{

}}

{

{

{

{

}}

}}

{

with the general amount L of structure elements and that a condition is executed:
U о ⊂ U ps ;

Vо ⊂ Vηs ;

Fо ⊂ Fms , d ,

(10)

where λо is a structure of adequate model which is written down by a cortege :

λо : U о , Vо , Gо , Fо .

(11)
r
It is necessary to notice that all elements for an adequate structure are linked by basis functions f ,
if it is known λо structure, then we simply can write down difference operator in a kind:
r r
v j +1, k +1 (λs ) = g ⋅ f (v0,0 ,..., v0, k , v1,0 ,..., v1, k , v j ,0 ,..., v j , k , u0,0 ,..., u j , k ) ,

(12)

k = 0,..., N − 1 , j = 0,..., J − 1 .
s
s
Contemplation 2. The known interval [ I min
; I max
] which assuredly includes the number of m that

sets the number of structure elements for an adequate structure λо :
s
s
I min
≤ m ≤ I max
.

(13)

s
s
Contemplation 2 is less hard, as in general case an interval [ I min
; I max
] can equal an interval [1;L],
although here calculable complication of method of structure identification of macromodels as interval
difference operators will grow substantially.

Let’s consider the general characteristic of method. Let’s designate the set of all generated structure
elements for structure identification:
r r
r r
r r
f1 v j , k , u j , k ,..., f l v j , k , u j , k ,..., f L v j , k , u j , k .
(14)

{ (

)

(

)

(

)}

Let’s designate S is power of set of the generated structures and let’s name a size freedoms of
choice of the best models, as it is accepted in GMDH [5].
Then on every stage of forming of models-pretenders will carry out by means of formula:
)r
)r
)r
)r
r
r
r
[v j +1,k +1 (λs )] = μ1 ⋅ g1 ⋅ f1 [v j , k ], u j ,k + ... + μl ⋅ g l ⋅ f l [v j ,k ], u j , k + ... + μ L ⋅ g L ⋅ f L [v j , k ], u j ,k , (15)

(

)

(

)

(

)
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s = 1,..., S ,
r

where μl is means a casual vector with components 0 and 1:
s
I min
≤

L

∑μ

l

s
≤ I max
.

(16)

l =1

Conduct the selection of the generated structures and models built on their basis after formulas (6)
and (7) with the use of relations:

δ (λ1 ) ≤ ... ≤ δ (λs ) ≤ ... ≤ δ (λS )

(17)

Chosen structures after a condition (15) in the general amount of S combined casual character in
pairs for the receipt of new models-pretenders.
In addition, on the next row of selection with the aim of diminishing to the risk of loss of structure
elements for an adequate model, except the got pair as a result of combining of current structures,
structures are passed from the previous row of selection. Every pair of the selected structures on a
previous row products two pair of structures.
If on some of the stages of selection δ (λs ) = 0 ∃ s = 1,..., S , then all structures which this
condition will be executed for weigh on criteria (9) and the best gets out among them.
Thus entrance variables for realization of method are:
r r
r r
r r
• set of structure elements f1 v j , k , u j , k ,..., f l v j , k , u j , k ,..., f L v j , k , u j , k ;

{ (

)

(

)

(

)}

•

s
s
interval [ I min
; I max
] which includes the number of m structure elements;

•

parameter S, which is named the size of freedom of choice of the best models.

As a result of realization of method will get the adequate model on a criterion (7), and also optimal
model in sense of criteria (9).
It is necessary to notice that as a result of realization of method can appear a Paretto-optimal set
among adequate models, as a search is based on three criteria some more. In this case an optimal
model is additionally selected going out the physical reasoning.

4 Conclusion
The new method of structure identification of interval difference operator is created. This method is
marked the criterion of selection and decline of calculable complication.
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Abstract. The paper considers recurrent modification of classical Gauss algorithm for solving of linear equations
systems for the problem of parameters estimation using least-squares method. The test experiments on run-time
comparison of this algorithm with nonrecurrent Gauss algorithm are carried out. The results of these experiments
confirm effectiveness of the recurrent algorithm.
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1 Introduction
The modeling problem consists in construction of mathematical model reproducing a relationship between the set of
input and output variables. The computational complexity of parameters estimation stage is exponential by arguments
amount when using combinatorial algorithms. In this case it is more expedient to use the high-speed methods of
parameters estimation based on the recurrent algorithms for solving of linear equations systems.
The numerical stability of well-known recurrent bordering algorithm [1] is insufficiently investigated in illconditioned problems.
Recurrent modifications of Gauss and Gramm-Shmidt classical algorithms for solving of linear equations systems
are proposed in [2].
The paper presents corrected formulae for recurrent modification of Gauss algorithm and investigates its efficiency.

2 Modification of Gauss algorithm for the recurrent parameters estimation
Let we have the system of n conditional equations with m unknowns:
Xθ = y .

(1)

The normal system Hθ = g with elements

{

}

{

}

H = X T X = hi j , i, j = 1, m , g = X T y = g i , i = 1, m

(2)

corresponds to system (1).
The first step of the recurrent procedure for solving the normal system:
g 1s

=

g s0
hs1 s

,

θ11

=

g11 ;

h11i

=

h10i
h101

, i = 2, m .

(3)
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Computing formulae for step s ( s = 2, m ) (when adding argument s to the system containing s–1 arguments)
will be as follows.
For direct motion:
hiss = ( hiss−1 −

i −1

∑ hisj−1h sj −s1 ) / hisi−1 ,

i = 2, s − 1 ,

(4)

j =1

hssi = hssi−1 −

i −1

∑ hss−j1h sj −i 1 ,

i = 2, s,

g ss = ( g ss −1 −

j =1

s −1

∑ hssi−1 g is−1 ) / hsss−1.

(5)

i =1

For counter motion:

θ ss = g ss −1 , θ is = g is −1 −

s

∑ hisj−1θ sj ,

i = s − 1, ..., 1 .

(6)

j =i +1

Here (3) – (6) are corrected formulae presented in [2].
X sT X s

The modification, in essence, means the following: at every step s during direct motion the normal matrix
is reduced to superdiagonal form. Only a bordering to the matrix X sT−1 X s−1 (reduced to superdiagonal form on

step s–1), namely column-vector (h1s , h2 s , ..., hs −1, s ) (4) and row-vector (hs1 , hs 2 , ..., hss ) T (5) are computed. The
corresponding element g s of dilated normal matrix is also calculated. A counter motion (6) is executed exactly the
same as in the classical Gauss algorithm.

3 Estimation of operations number
An analytical estimation testifies that laboriousness (amount of elementary arithmetic operations) of parameters
estimation stage for including of argument s in a model containing s-1 arguments, is as square of model complexity
(amount of arguments). Whereas the same laboriousness for classical (nonrecurrent) algorithm is as cube of model
complexity.
Graphic comparison of laboriousness indices for recurrent and nonrecurrent parameters estimation is presented
on figure 1.
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Fig. 1. Labouriousness of parameters estimation.
It should be noted that quadratic dependence of calculation is concerned to one (intermediate) solving stage.
General amount of operations for solving a system of m equations (or m×m matrix inversion) with the use of recurrent
algorithm is as cube of model complexity, according to single use of nonrecurrent algorithm.
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4 The results of experiments
To study effectiveness of the recurrent algorithm for parameters estimation of stepwise complicated structures we
carried out comparative testing of recurrent Gauss algorithm and nonrecurrent classical one.
Experiment 1
The experiment was executed as follows: the design matrix X of size 500×400 (500 records for 400 arguments)
was generated. Time of parametric identification was measured for models containing first 50 arguments, 100
arguments, …, 400 arguments (complete model).
Figure 2 represents values of recurrent algorithm effectiveness calculated as run-time ratio of recurrent and
nonrecurrent algorithm for given model complexity s.

Effectiveness
75
50
25
0
s
200 250 300 350 400
Fig. 2. Effectiveness of the recurrent algorithm.
Experiment 2
In this experiment we measured the time for sequential solving the complete system of 900 equations with 900
unknowns with the use of recurrent Gauss algorithm and single solving this system using nonrecurrent algorithm. The
results presented on figure 2 testify high efficiency of recurrent algorithm. Even though 900 intermediate results were
fixed in recurrent algorithm, the difference in run times was not considerable.
Time, sec

65
52
39
26
13
0
Recurrent

Single solving

Fig. 3. Run-time of complete system solving.
Experiment 3
To study effectiveness of the recurrent algorithm we carried out comparative testing experiments on structural
and parametric identification with the use of:
− parallelization (cluster system scit-3 [3] was used). The run-time of combinatorial algorithm with
nonrecurrent parameters estimation was measured. The number of processors was varied from 1 to 8 and arguments
amount – from 20 to 24;
− single processor Pentium. The run-time of combinatorial algorithm with recurrent estimation of
parameters was measured. The arguments amount was varied from 20 to 24.
The results presented on figure 4 demonstrate significant superiority of recurrent procedure on parallelization
(8 processors).

121

The 4th International Workshop on Inductive Modelling IWIM’2011

Time, sec

9000
8000
7000
6000
5000
4000
3000
2000
1000
0

20
21
24
22

1

2

Processors

20

4

8
recurrent,
1 processor

22
23
24

Arguments

Fig. 4. Run-time of combinatorial algorithm.

5 Conclusions
The paper considers corrected formulae for recurrent modification of Gauss algorithm for the problem of parameters
estimation.
The results of test experiments confirm effectiveness of the algorithm for sequential estimation of parameters
in the problem of modelling from data observed.
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Abstract. In this proceeding, the project definition and discussion phase of web application’s structure development for
weather inductive forecasting was shown. In praesenti, the existing standard meteorological forecasting systems are
characterized by low-quality prognosis (up to 75 % at the average). Moreover, they do not use up-to-date computational approaches such as inductive methods. Hence, the inductive theory’s large-scale experience is proposed to apply
for the weather forecasting’s web application development. It is well known that prognosis has two terms – long and
short. First task can be decided by classical inductive analogue method effectively, e.g. Pro tanto, second task can be
decided by modern analogue complexing algorithm. The most asked-for long-term forecasting data are the air temperature and precipitation. Unfortunately, the precipitation’s autocovariance function is decreased to zero within two-week
time interval. Therefore, precipitation can be predicted within two-week interval only. The most asked-for short-term
forecasting data are the air temperature, precipitation (or air humidity), pressure, the wind’s direction and velocity.
Through high computational complexity, the necessary data in passing points cab be calculated on the basis of the
analogue complexing algorithm with values in main points (attractors). This work is scientific and non-profit, and,
therefore, free meteorological sources can be used (e.g., http://www7.ncdc.noaa.gov/CDO/cdo). This project realization is planned to conduct within ASP.NET technology through Microsoft Academic Alliance Program. All topics are
under discussion.
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1 Introduction
In praesenti, the problem of the quality increase of the long and short weather processes’ forecasting is highly topical [1-3]. The main reason of this situation is a strong relevance among weather processes and noosphere. It is well
known classical hydrodynamic equations which are used for these events continuous modelling. However, this approach depends on the variables variation (the theory catastrophe’s known effect). Also, discrete modelling is applied
on the basis of analogue complexing algorithm [4]. Though, experts note that the forecasting quality is not enough
nowadays (up to 75 % at the average). Moreover, the standard soft- and hardware complexes have not been developed
till now. Therefore, the complicated task of the quality increase of the long and short weather processes’ forecasting is a
topical problem. It is proposed to solve it by combined approach – forecasting methods, soft- and hardware synthesis
jointly.

2 Weather Inductive Forecasting’s Application Structure Development
This task includes three main steps:
1. Meteorological data mining.
2. Data processing methods development and selection.
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3. Soft- and hardware development.
This project is scientific and non-profit, and, therefore, free meteorological sources can be used (e.g.,
http://www7.ncdc.noaa.gov/CDO/cdo). So, we will consider that the meteorological data mining step is covered.
It is well known that weather forecasting is differentiated on two directions – short and long term. It is proposed to
use the classical inductive analogue method for long-term forecasting [3] and an analogue complexing algorithm – for
short-term.
Long-term forecasting on the classical inductive analogue method basis has satisfactory quality (more than 80 % at
the average). Therefore, we will consider that it is possible to apply this approach in soft- and hardware. It is necessary
to admit that this method has computational complexity. Hence, it is proposed to calculate the prognostic values in
reference points separately in computer clusters or/and clouds. Thereafter, values in passing points can be calculated by
the analogue complexing algorithm. The most asked-for long-term forecasting data are the air temperature and precipitation. Unfortunately, the precipitation’s autocovariance function is decreased to zero within two-week time interval [5].
Therefore, precipitation can be predicted within two-week interval only.
Short-term forecasting on the analogue complexing algorithm basis has not developed satisfactory. The most askedfor short-term forecasting data are the air temperature, precipitation (or air humidity), pressure, the wind’s direction and
velocity. Hence, it necessary to continue investigations in this direction.
Software has to be developed on the web-technologies basis trough the user remote access. Pro tanto, web-pages
have to be dynamic. In praesenti, it can be achieved with two main technologies now – Microsoft ASP.NET and Java
[6]. Both approaches have advantages and disadvantages. It is proposed to apply ASP.NET within Visual Studio 2010
through Microsoft Academic Alliance Program.
It is proposed to use IaaS-technology (Infrastructure as a Service) for hardware synthesis. It is supposed that specialized organizations will provide clusters or/and clouds.

2 Long-term forecasting method generic description
Prognostic model has polynomial (1):
p

x n [k ] = a1 + a 2 k + ∑ ai x f [ y[k ] − d − c − (i − 3) f ] ,

(1)

i =3

where a1, a2, …, ap+2 – coefficients of models, calculated by least-squares method; p – quantity of the model linear
part’s elements; y[k] – the element’s number in the initial data; xn[k] – the forecasting value of the average decade air
temperature; x f [k ] – middle air temperature on an f-size interval in discrete time moment k=1,…,N1, where middle
value is made from an element with number x[k] to an element with number x[k-f+1]; d – the feedforward – difference
in days between forecasting date and data end; с – difference in days between real data end and the element’s number
which are really utilised for forecasting, days; N1 – middle air temperatures. Right part’s variables in (1) are within 500
days diapason:
(f(p-2)+c+d)≤500 .
Thus, the forecasting model’s optimal structure is selected with variables (f, p, c). This task can be solved through
(f, p, c) combination analysis and comparison of the proper alternative models on a test data with combined criterion
usage (e.g., “minimum of displacement plus regularity”). More detailed description can be found in [7].

3 Short-term forecasting method generic description
The analogue complexing algorithm description is based on paper [4]. The main conditions are:
1. Investigated object can be described as multidimensional process.
2. Multidimensional process is sufficiently representative.
3. Part of the system’s previous behaviour can be repeated in future.
In multidimensional space each object has own coordinate – point A0. The point A1 nearest to each given output
point A0 is called as its first analog. The next after distance point A2 is called second analog, etc. The point, which fol-
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lows the first analog in time, A1F is called as first analogs forecast. The point, which follows the second analog in time
A2F, is called the second analogs forecast, etc. Points AiF, which are located after analogues Ai in time, are called as their
predictions. Forecast is calculated by complexing of optimal number of analogs forecasts. Distance between points in
Euclidean space is defined as:
P

Li = ∑
k =1

∑ (x

2
− xajk ) ,

M

ijk

j =1

where xijk – value of variable j in analyzed point i of observation k, j = 1, M , i = 1, N , k = 1, P ; xajk – value of variable j in
analogue in analyzed point a of observation k; P – number of observations; M – number of investigated variables; N –
number of analogues.
As closest analogue is used point i with minimal value Li.
Analogue complexing algorithm for forecasting task has next main steps. During rigid complexing of F predictions
by analogues, the prediction A0F is defined using weights λi of analogues complexing:
N

AoF = β ∑
i =1

1

A ;
λi iF λi =

N

Li
N

∑L
k =1

,
, i = 1, N ; ∑ λi = 1
i =1

k

where F – number of predictions; β – multiplier for output variable scale accounting (the multiplier β usually equals 1
in the analogue complexing algorithm); Li – Euclidean distance between A0F and AiF.
During software complexing of predictions by analogues the weights coefficients λi are defined by the above described rigid formulae and then are adopted by sorting of their values by the chosen inductive algorithm.
The long-term forecasting generic problem of the parameters’ inductive algorithm optimization can be solved in two
one-dimensional (on set of input variables X and coefficients λi ) and one two-dimensional sorting (on number of predictions F and number of observations P). More detailed description can be found in [7].
In addition, it is possible to embed hypertext reference within a program code. Two free weather informers’ examples:
<a href="http://weather.co.ua/"><img src="http://weather.co.ua/images/weatherXML_bl.gif"></a>
<EMBED
src="http://rp5.ru/informer/120x60/1/14.swf"
loop=false
menu=false
quality=high
scale=noscale wmode=transparent bgcolor=#CCCCCC flashvars="id=5483&lang=ru" WIDTH="120"
HEIGHT="60" NAME="loader" ALIGN="" TYPE="application/x-shockwave-flash" PLUGINSPAGE=
"http://www.macromedia.com/go/getflashplayer"></EMBED>.
Moreover, it is well known that many web-sites send data in XML (e.g., RSS – Really Simple Syndication; XML –
eXtensible Markup Language). For example, Great Britain Meteorological Office presents weather observations every
three hours, forecasting – every twelve hours. It can be obtained by parser on www.rp5.ua for Ukraine and friendly
presented in user interface; example for Russian Moscow city is:
<?xml version="1.0" encoding="utf-8" ?>
<weather created="rp5.ua" date="2011-6-26">
<point id="5483">
<point_id>5483</point_id>
<region_id>100</region_id>
<country_id>3</country_id>
<point_name>Москва (ВВЦ)</point_name>
<point_name_trim>Москва</point_name_trim>
<point_name2>в Москве (ВВЦ)</point_name2>
<point_timestamp>1309131614</point_timestamp>
<gmt_add>4</gmt_add>
<point_date>Sun, 26 Jun 2011 23:40:14 +0400</point_date>
<point_date_time>2011-6-26 23:40</point_date_time>
<timestep>
<time_step>24</time_step>
<datetime>2011-6-27 04:00</datetime>
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<G>4</G>
<HHii>04:00</HHii>
<cloud_cover>53</cloud_cover>
<precipitation>0.0</precipitation>
<pressure>743</pressure>
<temperature>16</temperature>
<humidity>84</humidity>
<wind_direction>В</wind_direction>
<wind_velocity>4</wind_velocity>
<falls>0</falls>
<drops>0</drops>
</timestep>
<timestep>
<time_step>36</time_step>
<datetime>2011-6-27 16:00</datetime>
<G>16</G>
<HHii>16:00</HHii>
<cloud_cover>42</cloud_cover>
<precipitation>0.3</precipitation>
<pressure>744</pressure>
<temperature>26</temperature>
<humidity>46</humidity>
<wind_direction>В</wind_direction>
<wind_velocity>4</wind_velocity>
<falls>1</falls>
<drops>0.5</drops>
</timestep>
<timestep>
<time_step>48</time_step>
<datetime>2011-6-28 04:00</datetime>
<G>4</G>
<HHii>04:00</HHii>
<cloud_cover>69</cloud_cover>
<precipitation>0.0</precipitation>
<pressure>745</pressure>
<temperature>17</temperature>
<humidity>82</humidity>
<wind_direction>В</wind_direction>
<wind_velocity>4</wind_velocity>
<falls>0</falls>
<drops>0</drops>
</timestep>
<timestep>
<time_step>60</time_step>
<datetime>2011-6-28 16:00</datetime>
<G>16</G>
<HHii>16:00</HHii>
<cloud_cover>27</cloud_cover>
<precipitation>0.2</precipitation>
<pressure>746</pressure>
<temperature>27</temperature>
<humidity>46</humidity>
<wind_direction>В</wind_direction>
<wind_velocity>4</wind_velocity>
<falls>1</falls>
<drops>0.5</drops>
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</timestep>
</point>
</weather>

4 Soft- and hardware structure generic description
As we can see above, software decides two main task:
1. Server-side calculation of the proper forecasting values. Server stores common data. In praesenti, ASP.NET is a
most suitable approach in this matter [8]. Moreover, ASP.NET permits to program the client-side applications if necessary (e.g., AJAX-technology).
2. Getting, processing and visualisation the XML-data from open sources if necessary. Subjectively, the ASP.NET
is software very suitable for this purpose.
Also, it necessary to admit that ASP.NET is cross-platform technology. Therefore, the question of hardware synthesis is not conducted. Only one condition is important – applications have to be developed for Windows operating systems.
To this section conclude, let describe two main ASP.NET coding technologies – MVC v. 2 (model-view-controller)
and standard web form model. MVC approach permits to design software that separates the layers of website into user
interface (view), data and business logic (model), and input handling (controller). This separation through MVC results
in a set of objects that are testable, can be developed independently, and offer granular control – it is a main advantage
for developers’ teams. In fact, it is possible to combine both models in a single website.

5 Conclusion
In this proceeding, the discussion question of the weather inductive forecasting’s application structure was shown.
Three main steps (meteorological data mining, data processing methods development and selection, soft- and hardware
development) were presented. All topics are under discussion.
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