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Abstract. Problem of allotment of competence areas for 

private classifiers are considered. Suggested solutions 

are based on correlation measures and connection 

graph. It is pointed to problem of contradictions on 

using correlation statistical methods for discovery of 

competence areas. For solving the problem it is 

proposed to use the particular graph structures obtained 

by means of system decomposition of correlation signed 

graph. Method of discovery and verification of 

particular graph structures is suggested.. 
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1. INTRODUCTION 

The problems of pattern recognition in heterogeneous 

space, gave rise to the idea of using collective classifiers 

[1]. The most difficult step in this approach is the 

problem of allotment of competence areas for private 

classifiers. 

Competence area is a subset of the object feature 

space, within which you define the scope of the private 

classifier with a given subset of recognized images. The 

main problem lies in the absence of reliable criterion for 

estimation of homogeneity competence area. 

In the data analysis examines statistical dependencies 

between the variables of feature space. Typical solutions 

based on correlation measures allow to construct a 

connection graph, where the degree of mutual 

dependence between the attributes are expressed by the 

coefficient of pair correlation. Data can consist of 

observations characterizing the qualitatively different 

behavior of the system. A statistical approach removes 

these differences for paired relationships, but transforms 

them at the structural level, where they show themself as 

contradictions in n-ary relations between vertices of the 

graph of connections. The challenge is to use structural 

information in the form of a connectivity graph to find a 

subset of features, which are carriers of areas with 

homogeneous behaviour and identify typical models of 

behavior of the system in terms of parts. The relevance 

areas of the mathematical models are found, by means of 

verification them with the source data table. The 

resulting subset of objects of observation will be to 

define the scope of competence for the private classifier. 

In this approach the full classifier is built based on the 

composition of the private classifiers which act on its 

relevant areas. 

2. AREA OF CONTRADICTIONS 

The contrasting form of the existence of a causal-

effect contradictions is a signed graph obtained by 

clipping paired connections to the values +1 and -1 

according to a certain threshold of significance. 

Insignificant connections are discarded. 

Minimal signed graph which allows to express a 

contradiction is a closed circuit consisting of three 

vertices (fig. 1). In this graph if the circuit transmission 

the positive increment of a vertex variable is transformed 

to a negative increment of the same variable, i.e., a 

contour transmission coefficient has the value -1, than it 

is physically interpreted as a contradiction. Signed graph 

is balanced if there are no contradictions and is not 

balanced otherwise (also uses the terminology 

"concordant"  "discordant" signed graph). 

Each edge of the signed graph reflects the mutual 

dependence of two system variables 
i jx x . This 

connection is bilateral for internal variables and is 

unilateral for external variables. 

On fig. 1 vertices 1 2 3, ,x x x  correspond with internal 

variables, and vertex 1y   external influence. An 

equivalent description of a signed graph is the 

connection matrix (the adjacency matrix). For the graph 

shown in Fig. 1 this matrix has the form: 

1 2 3

1

2

3

0 1 1

1 0 1

1 1 0.

x x x

x
C

x

x






 

The elements of the connection matrix are equal to 

the transmission coefficients between the system 

variables. The matrix is symmetric to the main diagonal, 

because all internal connections are symmetrical. From 

the graph it is possible to construct the system of 

algebraic equations that determine the system's reaction 

to external influences: 
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Fig. 1  Full model of signed triangle  
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The system matrix associated with the clipped 

connection matrix by the expression: A I C  , where 

I - identity matrix. Reaction of the system to external 

influence can be expressed as a matrix equation: 

AX Y , 

where   1 2 3X x x x  ,  1 0 0Y y  .  

The equation has a unique solution for the vector X , if 

determinant A  of system matrix  A  is not equal zero. 

It is easy to verify that for contradict triangle the value of 

the determinant is zero. When zero determinant the 

response of the system to external influences is not 

defined. Thus, the presence of contradictions in the 

triangle indicates a bad conditioning of the 

corresponding algebraic system. Let us now consider the 

balancing conditions and conditionality for signed 

graphs of arbitrary dimension. 

3. BALANCE AND SYSTEM DETERMINANTS 

FOR SIGNED GRAPHS 

According to [2] a signed graph is balanced if all its 

cycles are positive. We will limit our consideration of 

signed graphs whose structure is divided into triangles. 

From the analysis of the properties of determinants can 

be obtained following statements: 

Approval 1. If all triangles of a signed graph are 

contradict, then determinant of the system matrix equal 

to zero. 

Approval 2. Balancing and conditioning of a signed 

graph does not change if the sign of all connections of 

one of the vertices of the graph to change to the opposite. 

Approval 3. If in fully connected graph all 

connections are positive, then the system determinant of 

the graph is determined by the expression 

 12 2nA n   (It follows from diagonal 

decomposition of system matrix). 

Approval 4.  If full connected signed graph has at 

least two vertices associated negative relationships with 

all other nodes of the graph, then the graph is not 

balanced and the determinant of the system matrix of 

this graph is equal to zero. 

Approval 5. If in a full-connected graph there is a 

full connected subgraph with all negative connections, 

then original graph is not balanced and determinant of its 

system matrix is zero. 

From these statements it follows that the existence of 

contradicted triangles in the connection graph leads to 

poor conditionality of the system matrix. Contradictions 

in connection graph arise when the system integrates 

heterogeneous data areas generated by various behaviors 

of the object of observation [3]. Therefore, instead of 

analyzing a complete connection graph is available to 

identify concordant areas of the graph and to build 

partial models for areas with homogeneous behavior of a 

complex system. 

Thus, an algorithm for constructing competence areas 

lies in the allocation of suitable connected balanced 

subgraphs of the connection graph. Following [3] each 

suitable connected component will be called locality.  

4. LOCALITY MODELS 

The clause "suitable subgraph" requires further 

explanation. A connected subgraph is characterized by 

the indices vertex and edge connectivity if these values 

are equal to one, it is enough to remove one vertex or 

edge so that the subgraph splits into two components. 

That is, such a subgraph has high sensitivity to possible 

errors in the model building. It is advisable to choose 

such a method for constructing subgraphs that provides 

sufficiently high values of indicators of connectivity. 

Suitable option to build localities may be the use of 

three-dimensional figures called topological polytope. 

Polytop is a subset of a topological space, which is 

representable as the union of a finite number of 

simplices such that any two simplex or do not have a 

common point, or they intersect only along a edge of 

some dimensionality [4]. Intersection and union of a 

finite number of polytopes is polytope. All polytopes are 

triangulorum.  

In three-dimensional space simplex of maximal 

dimension is a tetrahedron (fig. 2). To build the localities 

we will use polytope composed of tetrahedra. Each 

vertex of such polytope in three-dimensional space is, at 

the same time, the top of at least one tetrahedron, so the 

value of an edge the connectivity of the subgraph will 

not be less than three. If you require to tetrahedra were 

intersected, at least on one face (of dimension 2), the 

level of vertex connectivity, will also be at least three. 

Each inner point of polytope made up of tetrahedra has a 

neighborhood isomorphic to 3-dimensional cube, so the 

volume figure in general is three-dimensional piecewise 

linear manifold.  
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Fig. 2  Tetrahedron 

 

Fig. 3  Open locality TriangStar 
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Thus, according to the accepted agreement graph 

model agreed locality should correspond to polytope 

consisting of balanced tetrahedra. Idealization of the 

model is in a temporary disregard of the internal 

connections of locality existing outside polytope design. 

The problem of system decomposition is to find 

localities in complete graph which meet the model 

agreement. The concept of the algorithm of the pattern 

localization is the gradual increase in complexity of the 

polytope model. The baseline option can be a star 

formed by the set of tetrahedra with a common face. If in 

the process of analyzing this multi-faceted structure is 

found, it is marked as a candidate of a concordant 

locality. 

This type of model and an appropriate locality will 

call TriangStar. An example of such localization is 

shown in fig. 3. Highlighted in the figure triangle (also 

called the kernel of the locality) is the common face for 

five tetrahedra. Table 1 shows the absolute value of the 

determinant   of the system for the model TriangStar 

depending on the number k  of rays of the star.  The 

corresponding analytical expression has the form 

4 12k     (this formula follows from the generalized 

diagonal decomposition of the determinant of the system 

matrix). Locality with model TriangStar will be named 

as reference model. 

Table 1 System determinant values for locality models  

k 1 2 3 4 5 6 7 8 9 10 

  
16 28 40 52 64 76 88 100 112 124 

UNION
  

 48 128 320 768 792 4096 9216 20480 45056 

 

Many-vertex structures were built due to the 

separation of the vertices of the tetrahedra and their 

connections with vertices of the kernel. Return the 

immersion of the selected patterns in the source graph, 

leads to the appearance of additional connections that 

can disrupt the balance of the reference model. 

Subgraph, which inherits the structural model 

TriangStar and added connections of the initial graph 

defines the model of open locality (UNION). Fig. 4 

shows an example of an open locality TriangStar-

UNION formed a full set of positive connections 

between the star points. Table 1 shows the values of the 

system determinant for an open-locality of this kind. 

A graph of this type is fully connected, analytical 

expressions for the determinant follow from approval 3 

(taking into account the relation 3n k  ). To build the 

particular models TriangStar patterns are selected so that 

to preserve balance in an open locality. The induction of 

more complex models can be continued further, for 

example, uniting a balanced TriangStars so that the 

triangles of the kernel form a tetrahedron. As reference 

models, you can also use a structure containing 

contradictory triangle at the base of the tetrahedra. Under 

certain conditions, these structures permit a reasoned 

balancing [5]. 

5. VERIFICATION OF REFERENCE MODELS 

The final step in the procedure of allotment of 

competence areas is to verify the reference models, 

which is to highlight rows in the source table the data 

satisfying the mutual behavior characteristics of the 

reference model. The selected subset of rows is called as 

data cluster of the reference model. Within the locality, 

the cluster appears as a part of a whole with a 

characteristic uniformity of the system behavior. The 

verification procedure significantly depends on the 

method of allocation of the cluster. Look at the different 

variants.  

Variant 1. Since the reference model is balanced, 

then it can be supposed that the cluster of the reference 

model is the set of all rows of the table of observations. 

In this case, the   model verification is implemented in 

the data in a statistical sense, therefore, some 

combinations of observations may contradict the 

reference model. 

Variant 2. Building a connectivity graph based on 

calculation of the pair correlation function which is a 

normalized sum of compiled from the products of: 

    i x i ycv i x m y m   ,      ,
i

cov X Y cv i    

where ix  are characteristic values for  i -th row in the 

data table, and 
x ym ,m  are corresponding mathematical 

expectation. The number of summands in the sum equals 

the number of rows in data table. The summands can 

have a signs which does not coincide with the sign of 

connections. When the verification there is chosen a 

subset of rows in the data table for which there has been 

a convergence of signs of summands and signs of 

connections. 

Indexes of the selected rows form a stereotyped set 

for the analyzed connections. Intersection of the 

stereotyped sets on all model connections forms the data 

cluster, within which is implemented a reference model. 

In this verification variant, there is warranted to be free 

from contradictions for any combination of observations 

of the selected cluster, but some observations may be not 

significant. To filter stereotypical sets on significance 

level too, the components of the correlation sum should 

be ranked and to choose the part of the variational series 

with lower facet  which is greater than the selected 

threshold of significance. 

Variant 3. For all vertices of the reference model 

there are specified two levels High and Low it can be, 

for example, upper and lower quartiles of the data 

columns for those vertices. Anything above the value of 

the upper quartile refers to the High level, everything 

 

Fig. 4 TriangStar model 

192 



below 

is selected one of two values, for example High. 

Through the graph of the model, the level of this vertex 

is translated to the levels of the remaining vertices. 

When positive connection the High level of the vertex 

goes into a High-level connected vertex, and when 

negative connection  the High  level goes into  a Low 

level. 

Quartiles of data columns determines specific values 

of High and Low level for all vertices. According to 

these values it is possible to build predicates which must 

be met on the set observations in the cluster. Scanning 

the table of data in terms of predicates, we determine the 

cluster data corresponding to the reference model. In this 

verification case, it is guaranteed compliance of the 

selected cluster to the reference model with the quartile 

threshold of significance of all connections. 

Variant 4. Levels High and Low can be determined 

through the median value: anything above the median 

value for a given vertex belongs to the High level, 

case, it is guaranteed compliance of the selected cluster 

to the reference model with the median threshold of 

significance of all connections. 

The clusters are very different in size in depending 

on the selected variant of verification of a reference 

model. Minimal volume of the clusters are obtained 

using variant 1. The choice is determined by the assumed 

verification error level of the model and the volume of 

the cluster. 

6. CONCLUSION 

Complex systems are characterized by heterogeneous 

behavior, which leads to the inability to directly build a 

single model from empirical data. System decomposition 

of the data allows to overcome the existing problem due 

to a reasoned selection of homogeneous areas of the 

system behavior. In each area of homogeneity particular 

model is built. Model of complex system is considered 

as the composition of the particular models working in 

the themself fields of relevance. It is obvious that the 

collective classifier of states of complex systems will 

have good performance if its structure will be similar the 

structure of this system. 

In this work it is shown that the problem of 

constructing areas of competence of private classifiers 

can be solved by methods of system analysis data. The 

starting point is a graph of statistical dependencies 

between the variables of feature space.  

The working tools of system analysis are the 

proposed model localities in the form of topological 

polytope with high values of edge and vertex 

connectivity. Verification of the reference models in the 

system data enables to assess their adequacy and to 

highlight homogeneous areas in the feature space. These 

homogeneous regions are used as areas of competence of 

private classifiers. The absence of contradictions in a 

homogenous region provides a learning ability of the 

private classifier. Integration solutions private classifiers 

can be implemented by any method, for example based 

on the principle of weighted voting. 
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