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Abstract. The paper considers the problems of automating the construction of classification trees based on the scheme of branched feature selection.
The object of research is classification trees. The subject of research is methods, algorithms, and schemes for constructing classification trees. The aim
of this work is to build an effective method (scheme) for synthesizing classification tree models based on a group assessment of the importance of discrete
features within a branched attribute selection. A method for constructing classification trees is proposed, which for a given training sample determines
the individual information content (importance) of groups of features (and their combinations) in relation to the initial value of the classification function
(data from the training sample). The developed logical tree method, when constructing the next node of the classification tree, tries to identify a group
of the most closely interrelated discrete features, this reduces the overall structural complexity of the model (the number of levels of the classification tree),
speeds up calculations when recognizing objects based on the model, and also increases the generalizing properties of the model and its enterprise.
The proposed scheme for selecting groups of discrete traits allows using the constructed decision tree to assess the informative value (importance)
of traits. The developed classification tree method is implemented programmatically and studied when solving the problem of classifying discrete objects
represented by a set of features. The conducted experiments confirmed the operability of the proposed mathematical support and allow us to recommend
it for use in practice in solving applied problems of classification of discrete objects based on logical classification trees. Prospects for further research
may consist in creating a modified method of the logical classification tree by effectively iterating and evaluating sets of elementary features based
on the proposed method, optimizing its software implementations, and experimentally studying the proposed method on a wider set of applied problems.
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METODA HYBRYDOWYCH LOGICZNYCH DRZEW KLASYFIKACYJNYCH OPARTYCH
NA GRUPOWYM WYBORZE CECH DYSKRETNYCH

Streszczenie. W artykule rozwazono problemy zwigzane z automatyzacjq tworzenia drzew klasyfikacyjnych w oparciu o schemat rozgatezionego wyboru
cech. Przedmiotem badan sq drzewa klasyfikacyjne. Tematem badan sqg metody, algorytmy i schematy tworzenia drzew klasyfikacyjnych. Celem niniejszej
pracy jest opracowanie skutecznej metody (schematu) syntezy modeli drzew klasyfikacyjnych w oparciu o grupowg oceng znaczenia cech dyskretnych
w ramach rozgalezionego wyboru atrybutow. Zaproponowano metodg konstruowania drzew klasyfikacyjnych, ktora dla danej probki szkoleniowej okresla
indywidualng zawartosé informacyjng (znaczenie) grup cech (i ich kombinacji) w odniesieniu do wartosci poczgtkowej funkcji klasyfikacyjnej (dane
z probki szkoleniowej). Opracowana metoda drzewa logicznego, podczas konstruowania kolejnego wezta drzewa klasyfikacyjnego, probuje zidentyfikowac
grupe najbardziej powigzanych ze sobq cech dyskretnych, co zmniejsza ogolng ztozonos¢ strukturalng modelu (liczbe pozioméw drzewa klasyfikacyjnego),
przyspiesza obliczenia podczas rozpoznawania obiektéw na podstawie modelu, a takze zwigksza wilasciwosci uogélniajgce modelu i jego przedsigbiorstwa.
Proponowany schemat wyboru grup cech dyskretnych pozwala na wykorzystanie skonstruowanego drzewa decyzyjnego do oceny wartosci informacyjnej
(znaczenia) cech. Opracowana metoda drzewa klasyfikacyjnego zostata zaimplementowana programowo i zbadana podczas rozwigzywania problemu
klasyfikacji obiektow dyskretnych reprezentowanych przez zbior cech. Przeprowadzone eksperymenty potwierdzily funkcjonalnosé¢ proponowanego
wsparcia matematycznego i pozwalajg nam polecic¢ je do praktycznego zastosowania w rozwigzywaniu problemow stosowanych zwiqzanych z klasyfikacjq
obiektow dyskretnych w oparciu o logiczne drzewa klasyfikacyjne. Perspektywy dalszych badan mogq polegac na stworzeniu zmodyfikowanej metody
logicznego drzewa klasyfikacyjnego poprzez skuteczne iterowanie i oceng zestawow cech elementarnych w oparciu o proponowang metode, optymalizacje
jej implementacji programowych oraz eksperymentalne badanie proponowanej metody na szerszym zestawie problemow stosowanych.

Stowa kluczowe: drzewa decyzyjne, klasyfikator, cecha dyskretna, kryterium rozgatezienia

Introduction

The complex of discrete object classification tasks arises
in many applied fields of both economic and social human
activities. The main purpose of creating classical recognition
systems (RS) is the need to automate a group of processes related
to perception, search, extraction, and classification of patterns
based on certain operations on real data obtained in one way
or another [1, 2]. Information technologies based on mathematical
models of pattern recognition (namely, models of decision trees
of various types) are widely used in various systems for collecting
and processing discrete information, as they have the ability
to eliminate the shortcomings of classical neural network
recognition methods and achieve fundamentally new results
by rationally using the power of computing systems [3, 8, 24].

The central task in the theory of pattern recognition
is the construction, based on certain theoretical and experimental
studies, of effective computing systems for assigning objects
to corresponding classes. It is clear that for such a class of applied
problems, logical classification tree models (LCT structures based
on a branched feature selection) are a fairly effective tool,
representing inductively constructed models that are trained based
on an array of data of some fixed information [16, 17].

The object of research is a class of classification models
in the form of LCT structures of all types and structures.

Thus, the class of problems that are reduced to the theory
of pattern recognition is extremely diverse, and, most importantly,

there is no universal approach to solving them that would provide
comparatively high speed and acceptable quality (efficiency)
when solving arbitrary problems. The reason for this situation
is the central problem of the theory of pattern recognition
— the problem of selecting (constructing) features (vertices
in the LCT structure). A universal solution to this problem would
allow the automatic creation of a universal RS, effective for any
pattern recognition tasks [11].

The logical classification tree method (feature selection
branching method) presented in the paper represents a promising
basis for further research in the field of mathematical design
and optimization of the resulting classification models in the form
of LCT structures with vertices based on generalized features.
This particular feature in the methods of branched feature
selection gives them the most important advantage over other
approaches. The flexibility of systems on feature selection
branching lies in the wide possibility of manipulating features
(elementary and generalized features) that are selected at each
step of generating the resulting classification rule. The ability
to regulate recognition quality in feature selection branching
schemes lies in the fact that the logical recognition tree can be
built indefinitely long on a limited information, thereby achieving
a certain degree of approximation accuracy (that is, recognition
quality) [5, 27].

The subject of research is the methods, schemes,
and algorithms for constructing logical classification trees.
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The purpose of the work is to create a simple and effective
method for constructing classification models based on decision
trees, with individual groups (sets) of elementary (discrete)
features as vertices.

1. Problem statement

Let there H,,H,,...,H, be a system of classes (images)
defined on a set G consisting of objects x,(i=1...,m).

The nature of the partitioning of the set G into corresponding
classes is specified by a training sample (TS) of the following

form:
(g F (60D, (% B2 06D, (X £ (X)) @)
Note that here X, €G, fo(x)e{0,1,....k -1},
(h=12,..,m), k — the number of classes in the TS,
m - the total number of objects in the TS,
and is f,(X) — a certain finite function that defines the partition
of the set G
The relationship is

into corresponding images (basic classes).
fo(x%,)=1,(1=0,1,...,k —1) signifies that
X, € H,. It is noteworthy that each TS of form (1) can be

associated (via some algorithm or representation method) with
a fully defined classification decision tree (LCT), which assigns

the values of the function to the objects X,,(h=1,...,m)
in TS (1), defining f;(x,) the partitioning R on the set G.

Therefore, the task will be to construct a classification tree
(LCT/ACT) with a structure that would be optimal relative

fL(x;) — opt to the initial TS data [8, 9].

2. Review of the literature

In the works [6], a method for synthesizing classification
models based on the assessment of the informativeness
of individual discrete features (attributes) has been developed.
The central problem of this classification tree generation scheme
is the high structural complexity of the constructed model
and the issue of overfitting based on training data. In the works
[23], a solution to the structural limitations of decision logic tres
(LCT) is provided through a modular scheme for building
classifiers, which overcomes the constraints of traditional decision
tree methods. This raises the important task of building
an efficient scheme for generating generalized features for such
structures (models of ACT) [22]. The disadvantage
of this approach lies in the limitations on the computational
resources of the system when constructing ACT models and
its lack of universal applicability.

The principal limitation of decision tree methods, associated
with assessing the structural complexity of built models
and methods of their final pruning (minimization of LCT
structures), is the subject of the works [21]. From the works [20],
it is known that the constructed LCT model (it can be constructed
by any method or heuristic algorithm) has a tree-like logical
structure. This then raises the central question of decision tree
theory — the problem of choosing a quality branching criterion.
The LCT structure consists of nodes grouped by levels, obtained
at a certain step in constructing the recognition tree [19, 28].
One possible way to modernize decision tree methods (standard
LCT structures) is through the synthesis of recognition trees,
which essentially represent a tree of algorithms [23].

An important case arises when discrete features are
individually low-informative [28]. In this situation, known
decision tree methods will generate very deep and structurally
complex classification trees that may not provide the necessary
accuracy or complexity for the model and will have a low level
of data generalization. This will lead to high hardware resource
consumption (system memory and processing time) [21].
Thus, in many tasks, the features available for measurement
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are individually low-informative, yet collectively possess
sufficient group informativeness for constructing some
generalized feature (a node of the decision logic classification
tree) [22, 27]. This is why the issue of building LCT structures
for cases of low-informative discrete features arises.

The important question of generating and decomposing
classification rules within decision tree structures is raised
in the work [13]. The task of effectively assessing
the informativeness of features [12] when constructing
classification tree nodes remains central. The work [28] addresses
fundamental issues regarding the generation of decision trees
for low-informative features. A possible way to improve this work
could be the use of combinations and sets of features to generate
informative nodes in LCT structures [22].

This task is the focus of the presented work.

3. Branched feature selection in decision tree
method

General scheme of the branched feature selection method.
All algorithms based on the method of branched selection
of discrete features follow the following scheme: first, a certain
elementary feature ¢ is selected. It is required that its importance

concerning the training sample is maximal compared to other
features. Feature importance is understood as the following value:

W@ =Y 0./, p=max@ /b) @

Similarly, the importance of other features can be assessed
[28]. The value (q" /b;) can be interpreted as the probability
that function f(x) takes the value O, under the condition
that the value of feature ¢ equals i. The value p; represents
the maximum of these probabilities. One can say that the value p,
represents the information that can be obtained about the value
of function f(x), knowing that on the set d , the value of feature
¢ equals i. The value W(¢), defined by this formula,
characterizes the information that can be obtained about function
f (x) if the value of feature ¢ is known on the set d . It is clear
that the feature for which this information is the greatest
is considered the most important feature concerning f (x) .

Formula (2) can be used as a branching criterion in branched
feature selection methods (BFS). Thus, all steps of the branched
feature selection scheme can be represented using the following

tree (Fig. 1).
‘0/ (2 1
\ / ¥z 1
o3 || o3
AN AT

Fig. 1. General scheme of the classification tree based on BFS

Note that at each node of this tree (structure LDC), there
is either a certain feature @' or a number m! (this number

characterizes membership in a certain class Hmi ). The node
where the number mij (the value of the recognition function)

stands is called the terminal node of the tree. Two arrows branch
off from each node where feature ¢ij stands, marked as 0 and 1.
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The arrow marked as O corresponds to the value ¢ =0,

and the one marked as 1 corresponds to the value @' =1

(the feature takes only two values; otherwise, the number
of arrows increases). The tree consists of layers.
In the j—th layer, there are features @', ¢),..., . All the features
that stand in all layers of the tree, starting from the first and ending
with the n—th, represent those features obtained after conducting
n— steps of the BFS scheme. Moreover, the features in the n—th
layer represent all those features obtained in the n—th step
of this process. In this example, only three steps of the BFS
process are presented, and ¢,4°,4; ¢4 4,4 — are all the
features obtained as a result of these steps (stages of constructing
the LCT structure). The mathematical justification of this LCT
scheme can be taken from the works [23, 28].

Scheme of the BFS method based on group selection
of elementary features. Similarly to the BFS scheme described
above, the structure of LCT can be built based on the selection
of groups of elementary features. To do this, we introduce
an informativeness assessment of an arbitrary group of discrete

features @ .4, ... 4 (L<iy,iy,..., I <h). For example, we fix
a certain group of elementary features ¢,4,,...,4,(2<y<h).

Here as well, let the G - set of elementary features ¢,,..., ¢,
be defined on which of recognition  function
(RF) fo(X),(X=4¢,....4,) is set. The hypothesis of adequacy
is imposed on the set G (G approaches the domain of definition
of f(x)).

Let us fix A=t,t,,...,.t, as an arbitrary set of values

ne
of elementary features. Then denote U, the number of all sets

#,...¢, from G for which the relationship holds ¢, =t;.

Then denote U the number of sets ¢, ...,4, from G for which

fo(@,....4,) =0, (here h
the cardinality of the set G), and C— the set of all sets
of features @, 4,...,#, . Then the informativeness W (¢,,,...,4,)

of a certain group (set) of elementary features is defined
by formula (3).

W(d ) =D, (U, T)*6, ®)
Note that here &, =max(U, /U,). For the justification

the relationships ¢, =t; and

of (3), we can fix y,(1<y<h) and among all groups
b8,y

features. Clearly, for large y and h, the calculation of the most

find the most informative group of elementary

informative group of features @, .4, ,....4 s associated with

a large volume of computations, namely, iterations, which can be
calculated by formula (4).

,h

Toylh-y)!
It should be noted that formula (3) represents a branching
criterion in the LCT structure, the vertices of which are some
generalized features (sets or groups of discrete features). The idea
of a generalized feature can be borrowed from the work [23].
Emphasize that such an LCT structure with vertices in the form
of generalized features is significantly approximated to ACT
structures from works [22, 23]. The informativeness assessment
(3) of a group (set) of discrete features will be referred to
as the importance functional of a group of features (IFGF).
It should be noted that (3) evaluates the informativeness
of a group of discrete features relative to W(4,4,....4,)

and has an unambiguous connection with the classification errors
of TS objects. That is, the numerical value of the IFGF coincides

4)
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with the proportion of TS objects that can be correctly classified
into TS classes (naturally, using only the selected group
of elementary features when classifying discrete objects). It should
also be noted that based on (3), an effective procedure for ranking
subsets of features can be carried out, allowing the construction
of sets of generalized features (vertices of LCT structures
of a new type).

An important point of the IFGF is that an arbitrary subset

of the set ¢i1,¢iz,...,¢,5,(1£s£h) of discrete features ¢, ..., d,

forms some test of the initial TS if and only if:

W(g .4, ...4)=1 (5)
Here, by a test, we mean some set of elementary features
¢,1,¢,2,...,¢i5 that allows an unambiguous separation

of the classes of the initial TS.
It should also be noted that for (3), the following relationship
will hold:
%s IFGF <1 (6)

It should be noted that in (6) k — the total number of classes
of the initial TS.

Fast calculation scheme for the importance of groups
of discrete features in the LCT method. Thus,
for the calculation IFGF, it is not necessary to store an array
of discrete features in the computer memory (to remember all sets

of the TS set). The value W (#) can be calculated sequentially
when training pairs (X, f,(x,)) are fed. That is, the following

algorithm for calculation W (¢) can be proposed.

Let at some step of calculating IFGF, pairs z of TS
of the form have already been presented, and for these training

pairs (X, fo(x)), the values b; and qf are calculated
(here j= 0,1,...,kj -Li=12,..,hhm=0,1,..,k-1).

The value bij is the number of all sets from training TS pairs
in which feature ¢, took the value j .

The value q;”i is the number of all sets from training TS pairs
in which feature ¢ took the value j, and the function fj(x)
took the value O, .

Then, when receiving the next (h+1) pair (I,1,,....1,,0,) ,
0<I <k -L(0<v<k-1),

change as follows:
1. Thevalue z increases (Z+1).

2. Thevalue by =by if j=1; b, =b;+1,if j=1.

where the values z,b;,qj

3. Thevalue (q) =qf if j=1l or m=v; (q}) =qj +1,
if j=1 and m=v.
Thus, with this scheme for calculating the importance

of discrete features, only the wvalues V,bij,q?i‘ are stored

in the computer memory. It is clear that according
to this algorithm, these values should be calculated until the value

W(¢#) begins to stabilize near some values |;. Then the set
of values I, can be accepted as an estimate of the importance

of the corresponding elementary features ¢, .

Hence, sets of IFGF can be calculated according
to this scheme. The application of such algorithms is particularly
effective in conditions where there are some limitations
on the volumes of RAM.

Attention is drawn to the fact that the functional (3) allows
relatively simple (in terms of saving system computational
resources) to find sets of tests (primarily minimal tests
are of interest), as well as the importance of sets and groups
of discrete features in the case when the initial TS consists
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of more than two classes. Minimal tests are fundamentally
important in terms of constructing the optimal structure of LCT
(both conventional and modified based on vertices — generalized
features), which do not require final trimming or structure
minimization.

In some cases, in applied problems, it is very difficult
(or completely impossible) to find a test. In such cases, a possible
solution is to search for a set of discrete features that would allow
effectively distinguishing objects of one class from objects
of another. Such a group of features is called a quasi-test,
and formula (3) allows finding quasi-tests directly based
on the given TS.

It should be noted that based on (3), an effective mechanism
for finding sets of elementary features can be organized, ensuring
the recognition of the initial TS with a predetermined accuracy.
That is, for LCT structures, this allows building decision trees
of fixed complexity (structural complexity, structural depth)
and fixed recognition accuracy. On the other hand, the most
informative group of discrete features can be calculated (relative
to the function that specifies the division of the initial TS)
with a fixed number of features in the group.

An important property of functional (3) is that the importance
of discrete features (groups or sets of features) and finding tests
is calculated in parallel. This allows highlighting a group

of features for which W(¢,4,,....4,) <1,(k=>2), as some

quasi-test recognizing TS objects with some accuracy W .
In various test search problems, subtasks for determining
the informativeness of elementary features are solved
sequentially, increasing the resource and processing time costs
of the information system.

It should be noted that by analogy with LCT structures,
the functional (3) can be used to select attributes in the vertices
of graph-schematic structures of boolean and multivalued logical
functions in tasks of their minimization.

In  the problem of assessing the completeness

of a set of elementary features ¢,4,,...4,, the value
U(g, ey, ¢)= TIQ 6, is of great importance, here 8, and A

have the same meaning as in (3). It should be noted that
this assessment is stricter than W(¢,,4,,...,4,) , and therefore
it should be applied in problems where stricter accuracy
requirements  for  object classification  x,;(i =1,...,m)

are imposed, when it is necessary to minimize the number
of classification errors (of all types). Similarly, the functional

W (¢)=W (4, b H.1,»A) can be introduced.
In this case, the most important discrete feature under
the constraint is considered f; to be such a feature ¢ for which

the value W (#) will be minimal.

4. Experiments

Based on a fixed training dataset, using a branched feature
selection, it is possible to construct decision tree structures
of wvarious types with a set of different constraints
regarding structural complexity (number of structure levels)
and the accuracy of the final classification model. For hybrid
decision tree structures based on generalized features as vertices
(groups and sets of discrete features), functional (3) is used
as the branching criterion.

It is noted that constructing such decision tree structures
requires significantly more hardware resources for the
classification system compared to classical decision tree models
[18, 30]. In this case, the question arises of evaluating
the constructed classification models (decision trees) to choose
the best one relative to the current training dataset.

After the final trimming (minimization) procedure
of the classification model, the next stage involves the analysis
and comparison of synthesized tree-like recognition models
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(decision tree structures of different types and structural
complexities). At this stage, it is necessary to determine sets
of local indicators (evaluation characteristics) that most
informatively describe the basic properties of the obtained
classification models. In the vast majority of cases, the evaluation
stage of constructed decision tree models is conducted based on an
overall integral quality indicator — the central criterion for model
comparison (decision tree structures). Based on the works
[21-23], the following basic characteristics (indicators)
of synthesized decision tree structures can be highlighted
in the following composition:

Vi; — the number of vertices of all types in the decision

tree structure. Logically, the minimum value of this quantity will
be one more than the power of the initial training dataset.

N;; — the number of elementary features on which the decision
tree is based.

C;r — the number of transitions, connections between levels
in the decision tree structure.

O;; - the number of final vertices (recognition function values)

in the decision tree structure. In hybrid decision tree structures,
this also includes unfinished transitions in the tree structure.

En,; - the generalized number of errors of all types
in the classification model on the training dataset.
Et; — the generalized number of errors of all types

in the classification model on the test dataset.
Er, — the number of classification errors for each of the classes
of the initial training dataset.

The most important in this list are the indicators of all types
of classification errors, which directly affect the integral quality
assessment of the constructed decision tree model. Introducing
a set of indicators of the decision tree classification model
concerning its basic characteristics:

Cave = (Cix /VrR) the average number of connections
(transitions from other levels) per vertex in the decision tree
structure.

Nyr =(N;z /n) — the total share of discrete features used
in the decision tree structure.
Orr = (O /Vy) — the total share of resulting recognition
function values (tree leaves) in the decision tree structure.
Qe =(M/Oy;) —the average number of initial training dataset
sets per resulting recognition function value (tree leaves)
in the decision tree structure.

At the next stage, a general indicator of the logical tree model

for generalizing the data of the initial training dataset can
be introduced in the following form:

Ty = (m*n)/ (VTR + 2CTR) (7

The most important task remains the problem of reducing
the structural complexity of the constructed decision tree model
(final pruning procedure LCT). This highlights indicators N,

such as the number of features in the decision tree structure, Vi,

the number of vertices in the decision tree model, and C.,

the total number of transitions in the decision tree structure,
as well as memory g and processor time 7 expenses.

Minimizing these parameters allows for good results in terms
of model classification performance, structural complexity
of the final decision tree model, and resource consumption
of the information system.

Considering all the mentioned decision tree model parameters,
the greatest resource savings of the system can be achieved

by increasing the indicators O, and O . This approach will

significantly reduce the overall classification time for the logical
tree model (total decision-making time based on the classification
rule) and save processor time.
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Given  the characteristics of  parameter lvian

(the generalization indicator of the decision tree model), it is clear
that it should also be maximized, which will ensure the most
optimal (trimmed) decision tree structure. Maximizing parameter

lyan should also provide maximum compression of the initial

training dataset. This allows for the representation of the initial
data array with a minimally structurally complex decision tree
(decision tree structure of any type). It is clear that the parameter

I yan Should be considered together with the parameter Q,

(average number of training dataset sets per resulting
recognition function value), which allows evaluating the degree
of generalization of the training dataset by the decision
tree structure.

At the next stage, it is fixed that the central quality indicator
of the constructed decision tree classification model (decision
tree structure) considering the above-mentioned parameters
is the integral quality indicator of the model in the following form:

QMAIN = (OTR *el) / (NTR *VTR * TR) (8)
It should be noted that here:
En. *Et. —&?
A= _M )

M * MTS
From the given formulas, it is clear that this integral quality
indicator of the decision tree model (8) makes sense only
if (Engz/M)<5.Inthecase of (En, /M) >6, it will equal

zero. Here represents M. the overall power of the test dataset.

Thus, it can be concluded that an increase in this indicator
indicates an improvement in the quality of the decision tree model,
and vice versa, a decrease indicates a deterioration in classification
(recognition) quality.

5. Results
Verification of the proposed methods (schemes

for constructing LCT structures based on sets and groups
of elementary features as vertices) was carried out using

the "Orion 11" software complex (a system for generating
autonomous  recognition  and  classification  systems).
The "Orion I1I" software complex was developed at Uzhhorod

Table 1. Initial parameters of the classification problem
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National University, and its library of autonomous classifiers
includes 15 recognition algorithms. Among them are simple
geometric recognition algorithms as well as the algorithmic
implementation of the hybrid LCT structure construction proposed
above (based on generalized features).

The method for constructing the hybrid LCT structure
was tested on the problem of geological data classification —
specifically, the task of identifying oil-bearing layers in geological
research. The classification task utilized 13 primary elementary
features and 11 additional ones (the feature space dimension
is 24). The LCT structure is characterized by objects
of two classes. The total volume of the training sample consisted
of 1395 objects (of which 809 are oil-bearing), and the test sample
volume was 462 objects.

It is worth noting that the training and test sample data were
obtained based on geological surveys conducted in the Zakarpattia
region (Ukraine) from 2001 to 2021. The general parametric
characteristics of the geological object classification task
are presented in (table 1). The main results of the above
experiments  (various decision tree models - logical
and algorithmic classification trees) are presented in (table 2),
respectively. It should be noted that the constructed LCT models
within this work ensured the required accuracy level specified
by the task conditions (the classification accuracy level can be
effectively adjusted), decision-making speed, and memory
efficiency of the information system.

Taking all of the above into account, it can be concluded that
the proposed quality assessments of the model (integral quality
indicator of the LCT structure) of the logical decision tree reflect
the most important characteristics (parameters) of the decision
tree. Thus, the proposed quality indicators of the LCT model
can be applied as an optimality criterion in the synthesis tasks
of classification models based on logical decision trees (tasks
of pruning LCT structures, constructing, and selecting LCT sets).

The construction of decision tree models was carried out
on the following hardware configuration — Intel i7-13800h.
In (table 2) presents general information about the type
of classification tree model, its structural complexity indicator
Syan (number of vertices, attributes, and structural transitions),

the number of classification errors (failures) of all types Eryy,
the time to generate classification models, and the overall integral
quality indicator of the decision tree model (LCT/ACT structures).

The dimension
of the feature

The power of data
Description of classes H; tasks

array of the primary

Relation of test
sample classes

The total number
of classes by data

Relation of objects
of different classes

space N TS-M splitting TS — | (Hi/TS) TS — (Hi/M)
Oil-bearing layers (H1) (13/11) 1395 2 284/462 809 / 1395
Aquifers (H,) (13/11) 1395 2 178/462 586 / 1395

Table 2. Comparative table of constructed ACT/LCT models

Decision tree-based classification model (LCT/ACT Integral feature of model Indlcat(_)r O SUAGiLEL et cIas_snflcatlon Time to build (model)
structure) quality (LCT/ACT) Q EBTE 00 BITS (BEE ey (I the decision tree T,
fan (LCT/ACT) Swiain (LCT/ACT)Er Gl
LCT method based on peer-to-peer
branched feature selection [21-23] 0.002219 140 1 445
Constraint-based LCT method (Z = 5) [21-23] 0.003016 99 15 39s
Algorithmic tree method (type I) [21-23] 0.005286 51 11 64s
Algorithmic tree method (type II) [21-23] 0.003032 63 10 8ls
ACT method based on constraints (Z = 4) [21-23] 0.002661 57 15 62s
Hypersphere-based ACT method 0007219 30 7 51s
LCT method based on selection of sets (groups)
of elementary traits (S = 2) 0.002356 125 9 49s
LCT method based on the selection of sets (groups)
of elementary traits (S = 3) 0.002531 112 10 54
LDK method based on the seI_ectlon_of sets (groups) 0.003014 114 1 585
of elementary traits (S = 4)
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During the experiments, the hybrid LCT scheme based on sets
(groups) of elementary features as vertices (generalized features)
was compared with both LCT methods (schemes of branched
selection of features with single and stepwise informativeness
assessment) and algorithmic trees (two types of ACT structures)
and showed acceptable results within the scope of the task.

It should be noted that algorithmic tree methods are based
on an approximation scheme wusing a set of algorithms
for the initial training sample. For LCT methods, the scheme
is based on the approximation by a set of elementary features
(@ group of discrete features for hybrid LCT structures)
of the initial training sample.

It can be seen that compared to LCT structures, algorithmic
trees have significant advantages in terms of universality
and relatively compact model structure. It is clear that such
classification model advantages require significantly greater
resource  expenditures for storing generalized features
(sets of classifiers) and stepwise evaluation of classification
algorithm efficiency. However, LCT structures of all types have
high classification rule speed, reduced resource requirements
of the information system for storing LCT/ACT structures,
and adjustable classification accuracy.

6. Conclusion

The method for constructing hybrid LCT structures (based
on the selection of groups of elementary features)
and the constructed decision tree models demonstrated the equired
level of classification accuracy compared to other classification
tree methods. The basis of such hybrid structures (LCT models)
lies in an effective scheme for evaluating the informativeness
of sets (groups) of discrete features. The main drawback
of this approach remains the need to iterate over feature sets
to highlight the most informative groups (sets) of discrete features.
It is clear that direct iteration of TS relative to elementary features
is accompanied by significant resource costs for the information
system and may only be appropriate with restrictions on the length
of the set of elementary features (S).

Among all the constructed decision tree models, the high
efficiency of tree algorithm models in terms of classification
accuracy and structural compactness (Swain) Should be noted.
In these classification models, the simple geometric hypercube
algorithm showed the greatest efficiency (the most effective
classifier for all types of ACT structures). It should be noted
that the constructed ACT models showed a relatively low number
of classification errors of all types during operation (Eray).
For example, the first type of tree algorithm based
on the hypercube (a model based on restrictions on classifier
selection) demonstrated a good result (Quain = 0.007219).
The LCT structure based on branched feature selection
(@ complete classification  tree) showed a  result
of (Qmain = 0.002219). In contrast, the second type of tree
algorithm demonstrated acceptable accuracy and quality
(Qwmain = 0.003032) on the one hand, but significant resource and
time costs on the other (T, =81 s). The advantage of ACT
structures is explained by the more complex design of the model
(sets of generalized features — independent classifiers), which
requires a longer generation time (model construction).

It should be noted that ACT models can effectively work
in LCT structure tasks, but there are cases where it is
economically feasible to use logical classification trees restrictions
on complexity, model generation time, or computational
resources). A noticeable disadvantage of the constructed tree
algorithm models is the relatively high time expenditure
at the stage of synthesizing classification tree models, especially
compared to LCT structures. The difference in time
for constructing ACT models (only models with a complete
structure and without restrictions) compared to LCT trees was
at least 30%.

p-ISSN 2083-0157, e-ISSN 2391-6761

The scientific novelty of the work lies in the development
of a method for constructing hybrid LCT structures
based on group selection (sets) of elementary features (tree
vertices in the form of generalized features) for the first time.
The results obtained are of significant practical importance.
The proposed method for constructing hybrid LCT structures
(classification tree models) allows building effective classifiers
with predefined accuracy. The hybrid LCT structure method was
integrated into the algorithm library of the "Orion" software
system, enabling the solution of various applied classification
tasks and demonstrating a high degree of versatility in various
fields of application.

All constructed classification tree models and the developed
software demonstrated their effectiveness in applied tasks,
allowing the recommendation to expand the scope of hybrid LCT
structures (decision trees based on group selection of elementary
features). A possible future direction of research could
be the further development of LCT/ACT methods (structures),
including the introduction of new types and schemes
of classification trees. Moreover, the optimization of software
implementations (parallelization of the algorithm for calculating
the informativeness of discrete features) of the proposed hybrid
LCT method and its practical testing in various tasks of accurate
classification and recognition could provide valuable information
and improvements in this field.
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