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ABSTRACT

Context. Optimizing search in multidimensional catalogs of radio-electronic components (sensors, microcontrollers,
communication modules) is a crucial task for computer-aided design systems, electronic component logistics management, and
intelligent technical support systems. The complexity arises due to the high dimensionality of the parameter space (operating
frequencies, power consumption, temperature ranges, etc.), data heterogeneity, and the high frequency of complex queries combining
numerical constraints with categorical filters. Classic indexing algorithms from relational database management systems are
inefficient for this specific domain, which slows down the performance of real-time information systems.

Modern indexing technologies for searching multi-attribute catalogs of technical components are moving away from the
paradigm of universal one-dimensional structures in favor of specialized and hybrid approaches tailored to the nature of technical
data. The focus has shifted from fast single-key search to efficient pruning of multidimensional parameter space. To achieve this,
spatial indexes are actively used, interpreting each component as an object in an N-dimensional space, where each technical
parameter is a separate axis. This allows a single query to the index to find all entries that fall within a specified multidimensional
hyperrectangle.

Simultaneously, technologies that treat search as an information retrieval problem are evolving. Categorical attributes, such as
interface type or manufacturer, are indexed using inverted indexes or compressed bitmap indexes, which provide ultra-fast execution
of AND/OR operations over large sets.

A separate direction involves the use of vector representations (embeddings) of technical characteristics, obtained using machine
learning models, followed by indexing using specialized structures for nearest neighbor search. This enables semantic search by
technical description or finding analogous components.

A key issue in indexing for search within multi-attribute catalogs of technical components is the selection and combination of
data structures that effectively prune the search space across all relevant dimensions simultaneously, minimizing the retrieval of
irrelevant data in the early stages of query execution.

Therefore, the development of a new method that systematically combines the strengths of modern approaches within a unified
adaptive architecture is a relevant scientific and technical problem. Its solution will significantly reduce the execution time of
complex queries in key information systems for the fields of radio electronics, telecommunications, and automated engineering,
addressing the challenges of production digitalization and intelligent data processing.

Objective. Development of a combined indexing method for efficient execution of complex search queries in multi-dimensional
catalogs of technical components.

Method. A combined indexing method is proposed, which combines R-tree for multidimensional filtering of numerical
parameters and inverted indexes for categorical features. The method for improving search efficiency is based on an adaptive query
planner that dynamically chooses the optimal execution strategy (Index-First, Parallel-Merge or Full-Scan) based on an assessment of
the selectivity of the conditions.

Results. The problem was formulated, and a combined indexing method was developed for multidimensional catalogs of
radioelectronic components. In the course of the study, a formalized mathematical search model was created that takes into account
the selectivity of numerical and categorical conditions, and algorithms for automatic distribution of attributes between index types
and dynamic selection of the query execution strategy were developed. A hybrid index architecture was proposed that combines an
R-tree for indexing numerical parameters and inverted indexes for categorical features, as well as mathematical models for assessing
selectivity and optimizing the query execution plan. Experimental studies on a synthetic data set confirmed the effectiveness of the
developed method, demonstrating a reduction in the execution time of complex queries compared to basic indexing based on B-trees.

Conclusions. The work develops a combined indexing method for efficient execution of complex multi-attribute queries in
radioelectronic component catalogs. The method is based on a formalized mathematical search model, which allowed building a
hybrid index architecture. This architecture integrates an R-tree for filtering numerical parameters, inverted indexes for categorical
features, and an adaptive planner that dynamically selects the optimal query execution strategy (Index-First, Parallel-Merge, Full-
Scan) based on an assessment of the selectivity of conditions. An algorithm for the automatic distribution of attributes between index
types is developed. Experimental modeling confirmed the effectiveness of the method, showing a 35-55% reduction in the execution
time of complex queries compared to traditional B-tree-based indexing, especially for queries typical of engineering component
selection. The results obtained prove the feasibility of using combined indexing to increase the productivity of information systems
working with multidimensional technical catalogs.

KEYWORDS: multi-attribute search, combined indexing, radio electronic components, query optimization, hybrid data structure.

ABBREVIATIONS MBR — Minimum Bounding Rectangles;
CAD — computer-aided design system; PLM - Product Lifecycle Management;
DBMS — database management systems; R-MLGTI — R-Multi-Level Grid-Tree Index;
DDL — Data Definition Language; SPI — Serial Peripheral Interface.
DS — data sampling;
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NOMENCLATURE
A" — set of categorical attributes;

A™™ _ set of numeric attributes;

b —number of intervals (buckets);
¢ — separate component from the set C; ;

CP" _ search result for the most selective index;

c’ — set of records found by inverted
indexes; C(/,Q) — the set of candidates obtained after
applying the index 7 ;

C; — domain of the categorical attribute A/‘_m ;

¢; — components from the C catalog;
C, — intermediate set of candidates after the most
selective index;

C™™M _ set of records found using the R-tree;
count — number of components in the catalog for

which the value of attribute 4" lies in the
range[mini , maxi] ;

corr(Aq , 4y ) — correlation function;

D; — domain of numeric attribute 4" c R ;

Srange (A™™") — frequency of range requests;

H; —histogram for attribute 4" ;

I — set of available indices;
i —numeric attribute index;

1" — set of categorical indices participating in the
query;
I"™™ — set of numerical indices participating in a

search query;
j — categorical attribute index;

l;
attribute in the search query;

max; — maximum value of the ith attribute among all

— lower bound of the range for the ith numeric

components in the catalog;
M .x — resource limit: maximum available memory

for the index;

MBR(N) — minimum bounding rectangle for node N
in an R-tree;

M,,.,(1) —memory occupied by the index structure;

min; — minimum value of the ith attribute among all
components in the catalog;

P(C) — set of all subsets of the directory C (posting
lists);

N — total number of entries in the directory;

P — probability;

PF(1,Q) — pruning factor;

Pyi — correlation coefficient;

O — search query;
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Qcat

categorical attributes;

— part of the query with conditions for

Q™" _ part of the query containing numeric range
conditions;
R™ — m-dimensional Euclidean space;

R intermediate set of candidates

cand after

intersection of index results (before exact verification);
Res(Q) — final result of the query O after exact

verification of all conditions;
|Res(Q)| — expected size of the result;
s(Q) — overall query selectivity;

Sel% — maximum possible selectivity that a query
can have after passing the strongest filter;

5;(Q) — selectivity for numeric attribute 4" ;

5;(Q) — selectivity for categorical attribute A;“t ;

cat

Sj

— selectivity of the j-th categorical attribute;

ni
S

1M _ selectivity of the i-th numerical attribute;

Sioal — total selectivity;
T(Q) — request execution time;

Uu:

; — upper limit of the range for the i-th numeric

attribute in the search query;
U, — uniqueness coefficient;

U(1,Q) — index utility coefficient;
V.

1
the catalog 4" ;

V; — set of allowed values of categorical attribute

cat .
A7
X —set of catalog components (data elements);

x; — vector of numerical characteristics of the i-th

— set of actual unique values of attribute 4" in

component;

I’ — correlation matrix;

X — inverted index;

x — threshold parameter;

v — attribute value for which the index stores a list of
corresponding components;

n — order of its application index structure;

0 — threshold parameter;

0, — lower selectivity threshold for strategy B;

0, — upper selectivity threshold for strategy B;

o — permutation function, which determines the order
in which indices are applied;

o _ threshold size (typically 64 bytes);
¥ — set of all possible index structures.

INTRODUCTION
The digital transformation of industrial production,
design is

telecommunications, and
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accompanied by an exponential growth in the volume of
technical information about radio-electronic components.
Modern manufacturers of electronic products operate with
catalogs containing from tens to hundreds of thousands of
names of microcircuits, sensors, communication modules,
and other components. Each position is characterized by
numerous  technical parameters that form a
multidimensional information space of high complexity.
Efficient and fast search in such spaces is a critically
important task that is actively researched in modern
information technologies [1-4].

Effective access to such information is a critical factor
in the competitiveness of enterprises in high-tech sectors.

The speed of component selection directly affects the
duration of the new product development cycle, the
quality of technical solutions, and the overall productivity
of engineering teams. CAD, PLM platforms, and
intelligent logistics systems of the element base require
high-performance search engines capable of processing
complex multi-parameter queries in real time.

At the same time, traditional approaches to organizing
searches in structured catalogs, developed mainly for
general-purpose  transactional  systems, demonstrate
limitations when working with the specifics of technical
data. The nature of engineering queries, combining
numerical ranges of parameters with categorical filters,
requires specialized solutions that take into account the
specifics of the subject area.

Scientific tasks include:

— analysis of modern indexing methods for multi-
attribute search in technical component catalogs and
determination of their limitations for processing mixed
(numeric and categorical) queries;

— development of a formal mathematical model of
multi-attribute search, including a description of the data
structure, query model, selectivity criteria, and
optimization formulation;

— development of a hybrid index architecture that
combines an R-tree for multidimensional filtering of
numerical parameters and inverted indexes for categorical
features;

— formalization of an algorithm for automatic
distribution of attributes between index types based on
analysis of data characteristics and query patterns;

— development of a mechanism for dynamic selection
of a query execution strategy that adaptively chooses
between access strategies based on an assessment of the
selectivity of conditions;

— experimental verification of the effectiveness of the
proposed method on realistic datasets of radioelectronic
component catalogs;

— comparative analysis of query execution time of the
developed hybrid system relative to traditional indexing
approaches.

The initial data for the study are the technical
specifications of radio electronic components, the
architecture of modern DBMSs, as well as the accepted
requirements for the performance of engineering
information systems.
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The object of research is the process of multi-
attribute search in structured catalogs of radio-electronic
components.

The subject of research is algorithms and data
structures for combined indexing aimed at optimizing this
process.

The purpose of the work is to is the development of
a combined indexing method for effective execution of
complex search queries in multi-dimensional catalogs of
technical components.

1 PROBLEM STATEMENT

In modern catalogs of technical components,
numerical parameters and categorical characteristics (case
type, interface, manufacturer, purpose, etc.) form a
multidimensional data space. An increase in the number
of attributes leads to a significant decrease in the
efficiency of traditional indexing mechanisms of
relational DBMSs, especially for combined queries that
include both numerical range conditions and categorical
filters.

In such conditions, classic B-trees or composite
indexes provide an unacceptably large number of
intermediate samples, which significantly affects the
query processing time. High dimensionality of data also
leads to the effect of the “curse of dimensionality”, in
which spatial structures (R-tree, KD-tree) lose selectivity
as the number of dimensions increases.

Thus, an unsolved problem is the construction of an
index structure that simultaneously works with numerical
and categorical attributes and provides consistent
performance in high-dimensional parameter spaces.

Let us now describe the catalog data structure with
which the index system will work. Let the set of catalog
components be X = {xy,...,xy}.

Then each element is described by a set of attributes
of two types:

AT g gm | gm gy e my, A" e D, cR;

numerical attributes and A" = {47, 457 ..., AP}

jedil,.. k}, A5 ecC categorical attributes.

J
Therefore, x = (AM"",..., 44") € Dy x...x D, x C} x...x Cy, .

Let’s move on to describing the query model. Then,
we define the search query as a conjunction of conditions

over the attributes: Q = Q™" A Q" ; numeric conditions

ie ™",

ie{l,....m} and

categorical conditions Q°“ (x) = (45" € V),
VicCj,at jefl,....k} and j e 1! Thus, the result of

the query is Res(Q) ={x € X | O(x) = true} .

The evaluation of the efficiency of the index structure
is inextricably linked to the concept of query selectivity,
which determines the expected proportion of objects
satisfying the given criteria. Let’s start with numerical

5;(Q)=P(l; < 4™ <u;); for
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attribute  s;(Q) =P(Ajc~’” €V;); with independence

s =[] (@[] 5;(0.

iel™" jer
Then, the expected number of elements in the result is
Res(Q) = N-s(Q).
Criteria for evaluating the selectivity of index
structures. Let the efficiency of an index structure / for a
given query Q be evaluated by the following metrics: the

pruning factor shows what proportion of records the index
allows to be screened out without -checking:

PF(1, Q):%; the index utility coefficient

characterizes  the  accuracy of the  cutoff:
U(,0)=|Res(Q)|/|C{,Q)|. Therefore, an ideal value

U(I,0)=1 means the absence of false positives — the

index returns only relevant records.

Based on the analysis of selectivity and the expected
structure of queries, it is possible to formulate a universal
optimization statement that will combine the problem of
building an index and the problem of minimizing query
execution time. Optimization statement. Let the query
T(Q,1,m) execution time depend on the index structure

I and the order of its application w. It is necessary to
find such an index structure / €¥ and the order of its
application m when executing the query Q, such that
7(Q,1,m) — min
Mmem (I) S Ml'l'lﬁX °
As a result, a formal mathematical model of multi-
attribute search was obtained, which includes: a
description of the catalog data structure, a search query
model, criteria for evaluating the selectivity of index
structures, and a universal optimization formulation that
combines the task of constructing an index structure and
the task of minimizing its execution time for specific
queries. Based on this formulation, a combined indexing
method with a hybrid architecture was developed that
combines an R-tree for numerical attributes and inverted
indexes for categorical features, ensuring efficient
execution of complex queries in high-dimensional
catalogs of technical components through adaptive
strategy selection based on condition selectivity analysis.

subject to resource constraints:

2 REVIEW OF THE LITERATURE

The problem of efficient search in multi-attribute
catalogs is actively studied in the context of optimizing
access to structured data. Classical approaches are based
on B-trees [5, 6], which provide efficient one-dimensional
search and range queries, but show limitations when
processing multidimensional queries that combine
conditions on different attributes. Composite indexes
based on B-trees can improve the situation for specific
combinations of attributes, but their efficiency drops
sharply with increasing dimensionality and for queries
that do not correspond to the given order of attributes in
the index [5, 6].
© Sotnik S. V., 2026
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To overcome the limitations of one-dimensional
structures, spatial indexes such as the R-tree and its
variants (R*-tree, R+-tree) have been developed. These
structures organize multidimensional data into a hierarchy
of bounding boxes, which allows for efficient filtering of
regions of space that do not meet the range conditions of
the query. However, for high-dimensional data, they
suffer from the “curse of dimensionality” — a decrease in
node selectivity and an increase in the intersections of
bounding boxes, which leads to poor performance [7, 8].
In parallel, inverted indexes and bitmap indexes are
widely used for indexing categorical attributes. Inverted
indexes, borrowed from the field of information retrieval,
provide fast access to records by exact attribute values
and efficient execution of Boolean operations (AND, OR)
over large sets of identifiers [9]. Bitmap indexes are
especially effective for attributes with low cardinality,
allowing filtering using bitwise operations [10].

A separate direction is hybrid approaches that try to
combine the advantages of different data structures. The
integration of bitmap indexes with B-trees to accelerate
range queries is being investigated [11], as well as the
combination of spatial indexes with inverted indexes for
processing mixed data types [12]. Adaptive methods for
index selection based on query statistics and data
characteristics are being developed [13].

Existing hybrid approaches, for example, the
combination of R*-tree and k-d trees [14], effectively
solve the search problems in distributed graph data (e.g.,
Linked Open Data); they are not specialized for
processing complex multi-attribute queries in structured
technical catalogs. In contrast, the proposed combined
indexing method is specially designed for processing
complex multi-attribute queries in structured technical
catalogs, where the key innovation is the adaptive
mechanism of dynamic query planning.

As for other areas of hybrid indexing, such as the
previously discussed methods for graph or semantic data,
modern research in the field of spatial indexing also
actively uses hybrid approaches to overcome the
limitations of traditional structures, in particular for
working with unevenly distributed data. A striking
example is the R-MLGTI method [15]. This approach is
interesting in that, like the presented development, it uses
a combination of structures (multi-level grid and R-tree)
to adapt to the characteristics of the data. However, their
fundamental goals and subject areas differ significantly.
Unlike R-MLGTI, which is optimized for accelerating
spatial range queries in a two-dimensional geographic
coordinate system and struggles with the problem of
uneven density of objects in physical space, the proposed
method is focused on a logical multidimensional space of
technical parameters. Thus, while R-MLGTI effectively
determines “where the object is located”, the proposed
system solves the search problem according to the criteria
“what properties it possesses”, which requires a
fundamentally different architecture and optimization
mechanisms, in particular, the introduction of inverted
indexes and an adaptive query planner.
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A somewhat different but related approach to hybrid
spatial indexing is presented in [16], where a combination
of a grid and an R-tree is used to speed up queries on
geographic data on car sales, demonstrating an advantage
over a B-tree. Although this and the previously
considered methods (R-MLGTI, R-tree + k-d trees) are
effective in their subject areas — physical spatial indexing
and graph search — none of them is designed to optimize
complex multi-attribute queries in structured technical
catalogs. This is the niche that the presented work fills.

Therefore, this work focuses on the development of a
combined indexing method and its comparative analysis
with traditional approaches. The experimental modeling
performed allowed for a comprehensive assessment of the
key performance characteristics of the proposed solution,
including its performance in processing different types of
search queries, the efficiency of cutting off unnecessary
data, and the overall impact on the response time of the
information system.

3 MATERIALS AND METHODS

To solve the formulated problem, a combined
indexing method was developed, which is based on a
hybrid architecture that synthesizes the advantages of
spatial (R-tree) and inverted index structures.

The basis of the method is four
components:

1. A hybrid index structure that integrates an R-tree
for multidimensional filtering of numerical parameters
and a system of inverted indexes for categorical features.
This structure is managed through a single metadata layer
that ensures the coordinated operation of both types of
indexes.

2. An algorithm for automatic distribution of attributes
between index types, which, based on the analysis of data
characteristics  (type, cardinality, selectivity) and
historical query patterns, determines the optimal
belonging of each attribute to a spatial or inverted index
structure.

3. A procedure for building a combined index that
implements the stages of creating and synchronizing the
R-tree and inverted indexes according to the distribution
obtained from the automatic distribution algorithm,
ensuring the integrity of the hybrid structure.

4. A mechanism for dynamically selecting a query
execution strategy that analyzes the selectivity of each
specific query condition and adaptively chooses between
the “index-first”, “parallel merge”, and “full scan”
strategies to minimize response time.

Each component of the method is described in detail
below.

The developed combined indexing method is based on
a hybrid architecture that synthesizes the advantages of
spatial and inverted index structures for efficient
processing of mixed queries in multi-attribute catalogs of
radio-electronic components. The main idea is to use
specialized indexes for different data types in parallel
with subsequent intelligent merging of intermediate
results.
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Let’s start with a description of the hybrid index
architecture (structure).

The hybrid index system consists of two main
components that function independently but in a
coordinated manner:

1. Spatial indexing component (R-tree).

2. Categorical indexing component (inverted index).

The first component is the spatial indexing component
(R-tree), which is needed for indexing numerical

attributes: A" = {4"", 45"",..., 4"} a modified R-
tree structure is used, which interprets each component c;
as a point or bounding rectangle in m-dimensional

Euclidean space R™. Each numerical attribute
corresponds to a separate coordinate axis of this space.

The vector of numerical characteristics of a
component is represented as:
m
X; = (Xj1, X2 5e0r Xjpy») € R™ (1

An R-tree organizes these vectors into a hierarchical
structure, where each node contains the minimum
bounding rectangles (MBRs) that encompass all of its
children. For anode N, the MBR is defined as:

MBR(N) = lﬂ[[mjn max} . )
et bt

Categorical indexing component (inverted index). A
system of inverted indexes is used for categorical
Acat — {Alcat Agat A]gat}

categorical attribute 4;, a separate inverted index 7 ; is

attributes For each

constructed, which is a mapping of:
XD —->P0). (3)

An inverted index is a data structure that allows you to
quickly find all documents (or records) that contain a
particular word or value.

For each value ve D i

ordered list of component identifiers:

an inverted index stores an

% (0) = {Ck15 s Chp } - “4)

Therefore, c¢;; there are components for which the

attribute A;-m takes the value v.

In this study, there is a need for a metadata layer for
optimization. The effectiveness of a hybrid index system
critically depends on the ability to make informed
decisions about the order in which indexes are applied.
Since different queries have different selectivity for R-
tree and inverted indexes, the system needs additional
statistical information to predict the performance of each
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approach. Without such information, the query optimizer
would be forced to use heuristics or random selection,
which would lead to suboptimal performance.

Thus, to ensure intelligent query execution planning,
the system includes a metadata component that stores
statistical information about the distribution of attribute
values in the catalog:

— histograms of the distribution of numeric attributes —
allow you to estimate how many components fall into a

given range [li,ui] without actually scanning the R-tree.

The histogram for an attribute 4" divides its range into

b intervals (buckets), for each of which the number of
records is stored:

H; ={([minl,maxl],countl),...,([rninb,rnaxb],countb)}; (5)

— cardinality of categorical attributes — for each
A;’Ta’ e A, |D j | (total number of unique values) and

frequency distribution of individual values are stored.
This allows to quickly assess the selectivity of the

condition A?at ev;:

Y 14, )]
geat _ vel; . (6)
J N >

— correlation matrix between attributes — if there is a
statistical dependence between attributes (for example,
high frequency components usually have a smaller
temperature range), the independent selectivity model

St =[S ; gives inaccurate estimates. The correlation
matrix /" stores the correlation coefficients p,; between

pairs of attributes:
= [qu], at pgr =corr(4,, A;), (7

this information is used to correct selectivity estimates for
combined queries.

The above metadata describes the properties of the
data, but query optimization also depends on user
behavior. In real systems, the distribution of queries is
uneven, so the choice of the optimal index must take into
account the most likely search scenarios.

In this regard, the metadata component additionally
stores query frequency statistics.

Query frequency statistics — the system stores
aggregated data about typical query patterns: which
attributes are most often used together, which value
ranges are popular, what is the average seclectivity of
different query types. This information allows you to
adaptively adjust index parameters (for example, cache
frequently requested posting lists or optimize the R-tree
structure for typical ranges).
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Next, we present a diagram of the interaction between
the R-tree and the inverted index.

The interaction between the components of the hybrid
system is implemented through a coordination module —
the query planner (Query Planner), which analyzes the

structure of the incoming query O=(Q™",0°“) and

determines the optimal execution strategy.

Stage 1. Query analysis and selectivity assessment.
When a query arrives, the planner decomposes it into a
numerical and categorical part, and the numerical part

Q™™ defines a hyperrectangle in space R™ :

m
Qnum = Hl:ll ,Z/ll’:|. (8)
i=1
or equivalent
o™ :{xeR‘m‘ | <x; <u;,Viem}. )

cat

Categorical part O defines the set of allowed

values for each categorical attribute:

O ={V; =C;ljek}. (10)
or predicate
Q' ={ceC|Vjek:v;(c)eV;}. (11)
or in terms of outcome sets:
Res(Q)={ceClce 0™ i ce O°}. (12)

For each index, selectivity is calculated — the expected
proportion of records that satisfy the conditions:

— for R-tree:
n
],
S_num — ul 1 ’ 13
' ll:! max; — min; (13)
— for categorical attributes:
1Vl
s§ = ——; (14)
J | Dj ‘
— overall selectivity (attribute independence):
s@= TT s T1 5. (15)

l-elmtm jeleat
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Stage 2. Selection of execution strategy. Based on the
calculated selectivities, the planner chooses one of three
strategies:

Strategy A (Index-First). If at least one of the

selectivities is very high: s™" <@ or s <@ where
6=0.01, 6=0.01 (1%), then choose “Strategy A (Index-
First)” and then search for the most selective index:

—if s™™ < °U _ search the R-tree

—if s9 < §™™ s search the inverted indices.

Cbest

The result is a set of candidates . Definition

Cbest :

—if ™M < ¢4 _, the most selective numerical index
- Cbest — Chum :
— if s <s™™ > the most selective categorical

index — C"" =(C° . Next, the candidates C?®' are

filtered. For each candidate c e CP®

conditions are checked:

, all the remaining

— if Pt =c™m _ check categorical conditions

t
o

—if Pt — e _, check numerical conditions

Qnum
The final result is formed by:
Res(0) = {c € CP®! |¢satisfies all conditions O} .
If the condition that at least one of the selectivities is
very high is not met, then the following condition is
checked: “Do both indices have average selectivity?”, that
is, 0, <s™" <0, and 0, <s““ <0, where 6,=0.3,
62 = 30%
Strategy B (Parallel-Merge). It is used if both
selectivities lie in the middle range 0; <s;"" <0, and
0.01< ™" <0.3

cat
61 < Sj

0.01< s‘;‘” <0.3:

<0,, for example, and

— search in parallel by R-tree — C"™" ;
— search in parallel by inverted indices — C°“;
Cnum A Ccat

Strategy C (Full-Scan). If both selectivities are very

— calculate the intersection R ,,; =

low s/ >0, and s >6,, for example, s/ >0.3
cat
J
the catalog, the planner chooses a full scan of the table:
— sequentially check all catalog components;
— apply all query conditions without indexes;
—return a set:

Res(Q) = {c € C|satisfies all conditions Q}.
Strategy C is important when: data distribution is

uniform; indexes are degraded; query is “everything there
is”; category or range is too broad.

and s¢“ > 0.3 or any index returns a significant part of
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Stage 3. Execution and merging of results. The
selected strategy is executed by the corresponding
components:

— R-tree processes the numerical part, returning a set
of candidates;

— inverted indexes process categorical conditions
through posting list intersection operations:

@)= U x;0.

(16)

J=lvel;

Thus, the result is formed as:
Res(Q) = C™™(0) N C““ () M {accurate check}, (17)

where the exact verification stage eliminates false
positives that could arise due to the approximate nature of
the MBR in the R-tree.

Let’s move on to the principles
distribution between index types.

The effectiveness of a hybrid system critically
depends on the correct distribution of attributes between
the R-tree and inverted indexes. A system of rules has
been developed that automates this process.

Rule 1. Data type. The basic criterion is the natural
type of the attribute:

of attribute

A" e 4™ < domain(AM™) S R, (18)
A]c»‘” €A & domain(AJC-at) = discrete set. (19)
Rule 2. Cardinality. For attributes with low

cardinality, even numeric values should be indexed with
an inverted index:

if | D; |<x and A™" € A™" = A" — 4°".

let the threshold parameter x be typically equal to 20
for catalogs (e.g. electronic components).
Example: the attribute “number of housing pins” can

take the value {4, 8, 14, 16, 20, }

| D; |< 20, it is more efficient to index it as categorical.

In this case

Rule 3. Query type. Query history analysis determines
which operations are performed more often:

— if the attribute 4" is mainly used in range queries
(l; < A™™ <u;) > R-tree;

— if the attribute (numeric or categorical) is mainly
used in exact matches (4 =v) or multiple selection

(A€V) — inverted index.
For numeric attributes, the frequency of range queries
is calculated:
number of range queries per 4"
total number of requests 4"
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Criterion f,

range (A4"") > 0.3 = R-tree.

Rule 4. Selectivity (uniqueness coefficient). The rule
applies to numeric attributes, since it is for them that the
efficiency of indexing in the R-tree critically depends on
the ability to divide the space. Therefore, the uniqueness

coefficient:
(21)

If U,>0,5, the attribute has high discriminative
ability — R-tree.
For categorical attributes 4°“ where j e {l,...,k},
J

high uniqueness often indicates proximity to an identifier
(e.g., a numeric attribute, a serial number).

Thus, if a numeric attribute has a high uniqueness
coefficient, it is advisable to index it using an R-tree. In
this case, it is more efficient to use an inverted index
(according to Rule 5 if the size of the values is large, or
Rule 2 if the cardinality is low).

Rule 5. Data size. For attributes that take up a lot of
memory (text fields, long strings).

If size(Aq)>csth’ =  inverted index  with
compression.
Rule 5 is especially important for categorical

attributes with long text values, as well as for numeric
attributes with high precision (for example, serial
numbers).

Thus, the above rules allow you to classify attributes
and determine the preferred type of index for them.
However, in practice, there are situations when the
characteristics of an attribute satisfy several criteria at
once or change over time (for example, due to catalog
updates or changes in the nature of queries).

In such cases, it is advisable to use combined indexing
of the same attribute.

Hybrid indexing of individual attributes. In some
cases, one attribute can be indexed in both ways:

— numeric attribute with frequent exact queries —
additionally an inverted index is created for popular
values;

— categorical attribute with natural ordering — can be
included in an R-tree with categories mapped to a
numeric axis.

The architecture of a hybrid index system is proposed.

The developed method is based on a hybrid
architecture that combines three key components: a
spatial indexing component based on an R-tree for
efficient processing of numerical attributes, a categorical
indexing component using inverted indexes for fast search
by discrete features, and a metadata layer for intelligent
optimization of query execution. Each component
specializes in processing a specific type of data, which
allows achieving maximum performance when
performing complex multi-attribute queries in radio
electronic component catalogs.
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Spatial indexing component (R-tree). The spatial
indexing component is designed to efficiently process
numerical attributes of technical components and perform
range queries. It is based on a modified R-tree structure,
which interprets each component as a point in m-
dimensional Euclidean space, where each numerical attribute
corresponds to a separate coordinate axis (detailed
mathematical definitions are given in formulas 1-2).

The R-tree organizes these vectors into a hierarchical
structure, where each node contains minimum bounding
boxes (MBRs) that encompass all of its children. This
organization allows for efficient pruning of large regions
of the parameter space early in the search, minimizing the
number of component checks. This structure provides
logarithmic search complexity for range queries of the
type “find all components with supply voltages from 3 to
5,5 V and operating temperatures from —40 to +85 °C,”
which are typical of engineering component selection
problems. Spatial indexing is particularly effective for
attributes with high cardinality and uniform distribution
of values, where traditional B-trees exhibit suboptimal
performance due to the need to check multiple indices
sequentially.

Categorical indexing component (inverted indexes).

The categorical indexing component implements fast,
accurate search by discrete attributes of technical
components, such as case type, communication interface,
manufacturer, or purpose. For each categorical attribute, a
separate inverted index is built (formulas 3—4).

An inverted index is a classic data structure from
information retrieval theory that allows you to quickly
find all records containing a certain attribute value.
Unlike a direct index, which stores a list of its attributes
for each component, an inverted index inverts this
dependency. An inverted index stores an ordered list of
component identifiers (the so-called posting list).

The advantages of inverted indexes are the constant
complexity of accessing the posting list by attribute value
(O(1) when using hash tables) and the ability to
efficiently implement Boolean operations AND, OR,
NOT through operations on ordered sets. This makes
them ideal for processing queries of the type “find all
microcontrollers manufactured by STMicroelectronics
with SPI interface and QFN package”, where it is
necessary to quickly calculate the intersection of several
posting lists.

Metadata layer for optimization. The effectiveness of
a hybrid index system critically depends on the ability to
make informed decisions about the order in which
indexes to use and the optimal query execution strategy.
Since different queries have different selectivity for R-
trees and inverted indexes, the system needs additional
statistical information to predict the performance of each
approach. Without such information, the query optimizer
would be forced to use heuristics or random selection,
which would lead to suboptimal performance, especially
for complex multi-parameter queries.

Thus, to ensure intelligent query execution planning,
the system includes a metadata component that stores and
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constantly updates statistical information about the
distribution of attribute values in the catalog and the
characteristics of typical queries. The metadata layer
includes: histograms of the distribution of numeric
attributes (formula 5), cardinality of categorical attributes
(formula 6), correlation matrix between attributes
(formula 7), and query frequency statistics.
The hybrid index system is presented in Fig. 1.

Inverted indexes

R-tree
; ; Categorical
Numeric attributes i £
attributes
MBR tine lists
Rangos Posting lists
o Exact search

!

Metadata layer

Hybrid index structure

Histograms
Cardinality
Correlations
Query statistics

Figure 1 — Hybrid index system

The presented architecture demonstrates the structural
organization of the system, but the key aspect of
efficiency is the mechanism of coordinated interaction
between components. However, for this interaction to be
as productive as possible, it is necessary to determine in
advance which of the components — R-tree or inverted
index — is best suited for indexing each specific attribute.
This fundamental task is solved by the algorithm for
automatic distribution of attributes between index types.
This algorithm, analyzing both the inherent characteristics
of the data (type, cardinality, selectivity) and the patterns
of their practical use from the history of queries,
accurately determines the optimal belonging of each
attribute to the spatial or inverted index structure, laying the
foundation for further effective interaction between them.

An algorithm for automatic distribution of attributes
between index types is proposed, which consistently
applies the formulated rules 1-5 (Fig. 2).

Stage 1. Initialization. At this stage, data structures are
created that will be used during the algorithm:

— A num (numeric indices, 4™") — initially an
empty set of attributes. Attributes will be added here for
which the algorithm will determine that it is most efficient
to use indices optimized for numerical ranges. This
usually applies to data on which comparison operations
(>, <, BETWEEN), sorting or range search are performed.
As an example, in this study, these are supply voltage,
input/output signal level, exact measurement timestamp,
etc.;

— A_cat (categorical indexes, 4°“) — also an initially
empty set. Here will be attributes for which indexes
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optimized for working with categorical or discrete values
are better suited. As an example, in this study — this is the
type of component, synchronization status, etc.;

— conflicts — a set for resolving conflicts. During the
analysis, some attributes may demonstrate features
suitable for both types of indexes. Instead of being
immediately selected, they are placed in this temporary
set for further, deeper analysis based on additional criteria
(for example, analysis of HisQ query history.

Stage 2. Analyze each individual attribute for a
primary, formal classification based on the mathematical
nature or declared data type of the attribute.

Stage 2.1. Define the base data type. The domain of an

attribute (domain(A_i) or domain(A4"™"™)) is the set of all

valid values that this attribute can take. In practice, the
algorithm determines this not abstractly, but by analyzing
the metadata (DDL) of the table (column type: INT,
FLOAT, VARCHAR, etc.) and/or directly by inspecting
the DS data sample.

In practice, access to the theoretical domain of the
attribute (domain(A_i)) is not possible. Therefore, in
stage 2.1, the algorithm uses the data sample DS as an
operational approximation of the domain. It inspects the
values of the attribute A i in the sample DS and its
metadata to make an initial inference about the underlying
type. This inference is a first approximation and can be
refined later.

Condition check. If domain(A i) is numbers/digits
etc., then base type (base type) is numeric (NUMERIC),
otherwise, attribute is categorical type
(CATEGORICAL). Proceed to next stage.

After formal classification (base type), it examines
the real statistics of the attribute in the data sample DS.

Stage 2.2. Calculation of the attribute characteristics
on the DS sample. The obtained metrics will become
objective arguments for clarifying or correcting the initial
assumption.

The algorithm scans all rows of the DS sample for the
attribute A i and forms a set of its unique values D i or
D;. The result is an unordered collection without

repetitions.

Based on the set of unique values D_i, a key metric is
calculated — the cardinality of the attribute (D _i| or
| D; |). It is an absolute number that shows how many

different variants of the values of the attribute A i
actually exist in the analyzed data sample DS. Calculation
— determining the size (number of elements) of the set
D i

Low cardinality (e.g., [D_i] < 20) is a strong indicator
of categorical nature, even for numeric attributes. High
cardinality (close to N _ds) is a sign of a unique identifier
or numeric range.

Next, the algorithm determines the amount of data
available for analysis.
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Figure 2 — Algorithm for automatic distribution of attributes
between index types (Part 1)
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Figure 2 — Algorithm for automatic distribution of attributes
between index types (Part 2)

The variable N_ds receives the value of the number of
rows in the DS sample. This value is critically important
for the subsequent calculation of relative characteristics
(for example, the uniqueness coefficient), since it allows
you to evaluate statistical indicators not in absolute
numbers, but in the context of the total sample volume.
The larger and more representative the sample (the larger
N_ds), the more reliable the metrics calculated at this
stage will be. That is, the variable N _ds records the size
(volume) of the DS data sample.

IDS| to denote the cardinality of the set, i.e. the
number of elements in it. Since DS is a sample of data (a
set of records, rows of a table), [DS| denotes the total
number of records (rows, objects) in this sample.

Next, the uniqueness coefficient (U_i or U;) is

determined — a measure of the relative diversity of
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attribute values. It shows what proportion of the total
number of records are unique values. A coefficient close
to 1 indicates an almost unique attribute (identifier), while
a value close to 0 indicates high repeatability (a typical
categorical variable).

Definition of the uniqueness coefficient: U i =
number of unique values of the attribute A i / total
number of rows in the DS sample.

The uniqueness coefficient is a key heuristic indicator
that helps to detect a discrepancy between the formal data
type (base_type) and its actual use.

Then the average size of the attribute value is
calculated. At this stage, the metric size(A 1) is calculated
for the attribute A i — the average size of an individual
value of this attribute in bytes. This characteristic helps to
estimate the “weight” of the data to be indexed.

Although the average size does not directly determine
the choice between numeric (A num) and categorical
(A_cat) index types, it is a critically important additional
optimization criterion.

After calculating the statistical characteristics, the
algorithm obtains an objective picture of the data
structure of the attribute A_i:

— formal type (base_type);

— nature of value distribution (|D_i|, U_1);

— technical parameters (size(A_1)).

However, to make an index decision, it is not enough
to know just what data is stored. It is critical to
understand how that data is used in real-world scenarios.
Therefore, the next logical step is to analyze query
history.

So, the check block “Is the query history available?”
comes. If available, then go to stage 2.3, otherwise if the
history is absent or empty DS = 0 the algorithm has to act
under conditions of uncertainty regarding the load. In
such a situation, it cannot assume which type of search
(range or exact) will prevail. To avoid biased selection,
the algorithm sets f range(A_i) to a neutral default value
of 0,5. The next stage is to check: “Is are any attributes
left?”, if “Yes”, then go to stage 2.1 “Definition of the
base data type”, otherwise go to stage 2.3.

Stage 2.3. Query history analysis. If the query history
DS # 0 is available and not empty. This stage is the heart
of pragmatic optimization. The algorithm stops looking at
the data as a static object and starts analyzing the
dynamics of its use. The goal is to measure the real
operational need for different types of searches for the
attribute A _i.

The algorithm filters the entire DS history, selecting
only those queries in which the attribute A i appears:
query_count «— number of queries using A_i.

The result is an integer query count — the total
number of relevant queries.

query count is a metric that shows the operational
importance of an attribute.

A high query count means that the attribute is actively
used, and choosing the optimal index for it will have a
significant impact on the performance of the entire
system.
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Next, among the selected relevant queries, the
algorithm counts those that contain range operations with
the A i attribute. range queries «— number of range
queries for A _i. range queries «— number of range
queries for A_i.

Range queries are considered conditions with
comparison operators (>, <, >=, <=, BETWEEN), as well
as ORDER BY A i and LIMIT ... OFFSET ... constructs,
which implicitly require ordering by attribute values.

The result will be an integer number of range queries.

range_queries directly measures the need for range
access, which is the main scenario for using numeric
indexes (A _num). Similarly, the algorithm counts queries
with exact match conditions for A _i. exact queries «—
number of exact queries for A_i

Exact queries are considered conditions with equality
operators (=), as well as IN (list of values) and IS
NULL.

The result will be an integer number of exact queries.

exact_queries measures the need for fast exact
searches, which is a universal scenario but is particularly
well implemented by categorical indexes (A_cat) such as
hash indexes. The final stage is to calculate the proportion
of range queries. f range(A i) <« range queries /
query count — this is the ratio of the number of range
queries to the total number of relevant queries.

Range and interpretation:

— frange = 1 — almost all queries use range
operations. This is a direct and strong signal in favor of
assigning the attribute to A _num (numeric indices).

— f range = 0 — almost all queries are exact matches.
This is a direct and strong signal in favor of A cat
(categorical indices).

— 0,2 < f range < 0,8 — mixed picture. This value
indicates a potential conflict between the data structure
and usage patterns. The attribute will become a prime
candidate for detailed consideration and conflict
resolution in the next stages of the algorithm.

As a result of analyzing the DS history for the
attribute A i, a key metric f range(A i) is formed, which
quantifies the operational requirement for the indexing
type. This metric will become one of the main arguments
in the final decision rule, allowing the algorithm to
recommend the index type that best matches the real
workload.

The transition to stage 2.4 is the transition from the
fact-gathering and evaluation phase to the rule-based
decision-making phase.

Stage 2.4. Applying index type selection rules. The
goal of this stage is not simply to choose a “numeric” or
“categorical” type, but to assess the suitability of the
attribute for specific indexing technologies that best
implement these types. In this example, the algorithm
considers two competing types of indexes:

— R-tree (or B-tree/range index) — optimal for range
search and ordering, corresponding to the abstract
category A num;

— inverted index — optimal for fast precise search and
work with texts corresponding to the A_cat category.
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To make an objective choice, a scoring system
(score_rtree, score inverted) has been introduced. Each
rule (criterion) adds a certain number of points to a
particular type of index, reflecting the strength of the
corresponding argument. The starting hypothesis
base _type = NUMERIC is a “zero approximation”. That
is, the start is made with the most obvious assumption-
test: for numerical data, range indexes (like R-tree/B-tree)
are more convenient, and for categorical ones — indexes
for precise search (inverted, hash indexes).

“Rule 1 (Natural data type)”, described in stage 2.4, is
the simplest and most basic. It formally awards a point
contribution to the type of index that logically
corresponds to the formal nature of the data:

— if the numeric type (NUMERIC) receives +2 points
for the R-tree (score_rtree < score_rtree + 2);

— if the categorical type (CATEGORICAL) receives
+2 points for the inverted index (score inverted <«
score_inverted + 2).

However, this is just the beginning. This rule will be
adjusted or strengthened by the following, more subtle
rules that will take into account:

After applying “Rule 17, which is based on the formal
data type, the algorithm moves on to a deeper analysis —
studying the real data structure revealed in the DS sample.

“Rule 1” provides an initial hypothesis. However, this
hypothesis can be refuted or strengthened by the values
that the attribute takes in practice. A numeric attribute (for
example, status code INT) can have only 3—4 different
values, which makes it inherently categorical. Conversely,
a text field can contain almost unique values (for
example, the email of the manufacturer of technical
component elements), which brings it closer to the
properties of a numeric identifier. That is why the logical
next stage is “Rule 2” — cardinality analysis, which allows
you to detect such a semantic contradiction between the
data type and its real distribution.

Threshold is set (k < 20) — the operation of setting
the threshold value for low cardinality.

Checking the key condition: is the number of unique
attribute values less than the threshold?

If the condition is met, then (score_inverted <«
score_inverted + 3), that is, “attribute A _i: low
cardinality”. score_inverted < score_inverted + 3 — the
main action of the rule: a strong increase in the weight of
the inverted index.

If the condition is not met, then go to “Rule 3”. The
purpose of “Rule 3” is to use information from the query
history (DS) to quantify the dominant access patterns to
the attribute A i and to prefer the index type that best
serves them. “Rule 3” is based on the value of
f range(A i) — the fraction of range queries, calculated in
stage 2.3. It has two active branches and one implicit
(neutral) branch.

The condition is checked: f range(A_i) > 0.3?

If the condition is met, then output “Attribute A i:
range queries prevail”. Then go to “Rule 4”.

If the condition is not met, then check the following
condition: f range(A i) <0.1?
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If the condition “f range(A i) < 0.1?” is met, then
(score_inverted < score_inverted + 2) output “Attribute
A_i: exact queries prevail”. Then go to “Rule 4”.

If the condition “f range(A i) <0.1?” is not met, then
“Rule 3” does not apply because it is a neutral zone. Then
go to “Rule 4”.

“Rule 4” — Selectivity (uniqueness). The purpose of
this rule is to assess how “selective” an attribute is, that is,
what proportion of table rows it is able to filter on
average.

The peculiarity is that while “Rule 2” also analyzed
the number of unique values (|D_i|), “Rule 4” works with
a relative indicator U i = [D_i| / N_ds — the uniqueness
coefficient. This indicator better characterizes the “rarity”
of values in the context of the entire data set.

The condition is checked: U i > 0.5?: “Is the attribute
highly unique?”.

If the condition “U_i > 0.5?” is met, then (score_rtree
« score_rtree + 1) calculate +1 for the R-tree, output the
log and output “Attribute A_i: high uniqueness of U i”.
Checking U 1> 0.5? is a check whether the attribute is
highly unique? Then go to “Rule 5”.

If the condition “U_i> 0,57” is not met, then the next
condition “U_i<0,1?” is checked. Checking U i< 0.1? is
a check whether the attribute is low-unique? If this
condition is met, then (score_inverted < score_inverted
+ 1) calculate +1 for the inverted index, go to “Rule 5”.

If the condition “U_i < 0,1?” is not met, then this is
the neutral zone “0.1 < U i < 0.5”. No actions are
performed in the neutral zone. Then go to “Rule 5”.

After analyzing all semantic and operational
characteristics, we move on to the last technical criterion
— the physical size of attribute values. This rule makes
adjustments, taking into account the limitations and
features of implementing different types of indexes in
database management systems.

First 6 «— 64 — sets the size threshold to 64 bytes. This
is a typical technical threshold related to the size of
memory pages in the DBMS, buffer sizes, and
comparison efficiency. The value can be customized for a
specific DBMS.

First, check the condition: size(A i) >c ?

If the average size of an attribute value (in bytes)
exceeds the technical threshold (64 bytes), the attribute is
classified as “large”. Typical examples are long text
descriptions, etc.

If the condition is met, then (score inverted «—
score_inverted + 1) print “Attribute A i: large size,
size(A_1), byte”. Then go to stage 2.5.

If the condition is not met, the rule does not apply.
Proceed to stage 2.5 — making a decision based on all
points.

“Rule 5” completes the analysis by ensuring that the
recommendation is not only semantically correct but also
technically feasible. It prevents the creation of inefficient
indexes for big data and guides the choice towards
specialized structures optimized for working with large
values.

Stage 2.5. Deciding on the type of index.
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After completing all five evaluation rules, the
algorithm receives two final numerical indicators for the
“attribute A_i: score rtree and score inverted”. These
scores are the sum of all arguments “for” the R-tree
(range index) and “for” the inverted index (exact search),
respectively. Now it is time to compare these results and
make a final decision. The goal of the stage is to
determine, based on the accumulated scores, which
category (A num or A cat) the attribute should be
assigned to, or to recognize it as an ambiguous case that
requires additional analysis.

Checking the condition: score_rtree > score_inverted + 1?

If this condition is met, then (A num «— A num o
{A_i}) the attribute is officially added to the set for
numeric/range indices. Output: “v Attribute A i — R-
tree (scores: score_rtree)”. A clear advantage of the R-tree
(range index). So, for the R-tree to win, it is not just more
points that are needed, but an advantage of more than 1
point. This “margin” (+1) is a confidence threshold. It is
needed to avoid random selection at a minimal difference
that may arise due to the specificity of the rule weights.

A clear, positive message is generated for the log or
user interface. A check mark (v') symbolizes a successful
selection, and displaying the number of points makes the
process transparent.

If this condition is not met, then the transition to a new
condition: score inverted > score rtree + 1? This is a
symmetric test for the inverted index. The inverted index
must also have an advantage of more than 1 point for a
clear win.

Satisfying this condition will lead to A cat < A cat
U {A i}, i.e. adding the attribute to A cat. Output a
positive message. Output “v’ Attribute A i — Inverted
index (scores: score_inverted)”. Go to stage 3.

Not satisfying this condition means that the difference
between score_rtree and score_inverted is 1 point or less
(|score_rtree — score_inverted| < 1), i.e., the arguments
“for” both types of indices are practically equivalent.
Therefore, it is recognized that an automatic solution with
such a small advantage may be unreliable. As a result,
adding the attribute to conflicts (conflicts «— conflicts U
{A4_i}). Output a warning message with both scores: “_ .
Attribute A i — Needs clarification (scores: score_rtree,
vs, score_inverted)”. Go to stage 3.

Stage 3. Conflict processing.

After processing all attributes, the algorithm checks
whether there are any elements left in the conflict set
(conflicts). This set contains those attributes for which the
automatic scoring system could not determine a clear
winner — the difference between the R-tree and inverted
index scores was 1 or 0.

Condition check: conflicts # ¢§ ? — check whether the
conflict set is not empty.

If the conflict set is empty, the algorithm is finished.

If the conflict set is not empty, then a transition to a
special mode for processing these complex cases.

Next, a detailed report is generated that shows all the
attributes that require attention, along with their key
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characteristics: the number of unique values (|D _i|), the
uniqueness factor (U_i), and the proportion of range
queries (f range). This information becomes the basis for
making a final decision.

Moving on to “Strategy A”. This is the conservative
default approach — the automatic rule that applies unless
another mode is selected. Here, for each conflicting
attribute, the index type that matches its formal base type
(base_type) is chosen.

Condition check: for each A i in conflicts: “base_type
= NUMERIC?”.

If the attribute was classified as numeric (NUMERIC),
it is added to the set A num (for the R-tree) (4_num «—
A num O {A_i} Output: default — R-tree). As a result,
the answer is added to the set (R-tree / range indices).
Transition to strategy B.

If the attribute is categorical (CATEGORICAL), it is
added to A cat (for inverted index) “A cat «— A cat U
{A_i}. Output: default — Inverted”. Each such decision
is accompanied by a message in the log, which states that
the choice was made “by default”. This strategy is safe
and predictable, since it relies on the initial, formal
classification. As a result, the answer is added to the set
(inverted indices / exact search). Transition to strategy B.

“Strategy B” (hybrid indexing recommendation) is not
a direct instruction, but only a system recommendation.

The output of the message “Consider hybrid
indexing”, where the advice is to consider creating both
types of indexes for attributes from the conflict list. This
can be the optimal solution for critical columns that have
a high load, as it will allow you to efficiently serve both
range and exact queries. The disadvantage is the increased
cost of disk space and time for data updates. Checking the
condition: “interactive_mode = TRUE?” means that the
algorithm works in interactive (dialogue) mode, where it
can ask the expert (DB administrator) for a solution in
complex cases.

If the condition is not met, i.e. does not have an
interactive mode, then go to the end of the algorithm.

If the condition is met, then go to “Strategy C”.

“Strategy C” (interactive query to administrator) is
activated if the system is running in interactive mode. For
each conflicting attribute, the algorithm stops and asks the
administrator a direct question, offering three options:
create an R-tree index, create an inverted index, or create
both. The user’s choice is then made automatically: the
attribute is added to the appropriate set (A_num or A_cat)
or to both sets simultaneously. This strategy is the most
flexible and takes into account the administrator’s expert
knowledge of the specifics of the workload and business
logic, but requires his participation.

After the user interactively selects option “3” (create
both indexes) for one or more conflicting attributes, the
system effectively initiates a transition to a hybrid index
architecture. This means that not one, but two specialized
indexes will be created for these critical attributes, each
optimized for a specific type of workload.

Hybrid index architecture.
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The proposed method is based on a formalized
mathematical search model and on the construction of a
combined index structure that integrates two
fundamentally different mechanisms for storing and
retrieving data. The numerical parameters that define the
multidimensional space of the components’ attributes are
indexed by means of a spatial structure of the R-tree type,
which provides effective filtering of records by range
restrictions in the form of hyperrectangles. At the same
time, the categorical characteristics of the components,
which have a discrete nature and quite diverse values, are
organized in the form of inverted indexes, which provide
fast retrieval of sets of records by exact matches or by
multiple selection of categories.

Combining two index structures within one catalog
allows you to maintain high search selectivity for mixed
queries that simultaneously contain conditions over
numeric and categorical attributes. As part of the search,
the system wuses step-by-step filtering: first, all
components that meet range conditions in the numeric
subspace are selected, after which the resulting set
intersects with the sets obtained by categorical conditions
in the corresponding inverted indexes. Such a combined
filtering mechanism allows you to minimize the amount
of intermediate data and reduce the processing time of
complex queries.

After the automatic distribution algorithm has
completed its work and formed two distinct sets of

attributes — 4™ for numerical parameters and A““ for
categorical features — the next critical stage is the
practical implementation of these solutions in the form of
an effective index structure. This is what the combined
index construction procedure is designed for.

The distribution algorithm answered the questions
“what to index?” and “what type of index?”. The
construction procedure answers the question “how to
index it?”, that is, it implements the physical creation and
organization of index structures that will be used when
processing queries.

Thus, the distribution of attributes creates a logical
map for the future index, and the construction procedure
on its basis creates a physical structure. This transition
from abstract classification to concrete implementation is
key to ensuring the operability of the entire hybrid
system. The result of the construction procedure will be a
full-fledged combined index, ready to be used by the
query planner to accelerate search operations.

Therefore, the procedure for building a combined
index is presented in Fig. 3 as an algorithm for executing
a query in a hybrid index system.

The input query Q is a formalized query to the
database containing a set of filtering conditions
simultaneously on heterogeneous attributes of objects.

Each condition can relate to either numerical
parameters (for example, price range, date interval, range
of geographic coordinates) or categorical features (for
example, belonging to a certain category of goods,
specific order status, color).
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!
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models and thresholds
based on actual
performance results

Figure 3 — Query execution algorithm in a hybrid index system

Thus, the query Q is a complex predicate that requires
the simultaneous application of spatial (range) and
multiple (precise) filters to the data set. It is the need for
efficient processing of such combined filters that is the
primary reason for using a hybrid index architecture,
which at this stage receives its specific challenge to solve.

Stage 1. Query analysis and selectivity assessment.
The planner decomposes the query Q into numerical

(Q_num) and categorical (Q_cat) parts.
m

Q™™ = A(l; <x; <u;) — hyperrectangle in R™ . This
i=1

defines a hyperrectangle in space:

[ll,ul]x[lz,uz]x....x[l
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Global

min < x; <max,
i i

boundaries of the attribute domain:
where the global boundaries of the

domain of the i-th numerical attribute are min and max .
i i
k .
o = A(4;€V;), where each V; = D; is a set of
Jj=1
allowed values for the attribute A4 ;.

Selectivity estimate. Assuming independence of
attributes and uniform distribution:
num < Ui _li : H
s"" =] | —~—-— or, if histograms are used:
i=1 max; —min;
m H.(u;, . . .
s =T (0] (fraction of histogram mass in
i=l |H|
interval [ul , l] if there is a histogram). Selectivity of the
G2
categorical  part s = ‘ under  uniform
V)

distribution; if Vj it contains multlple values, this reflects

their relative fraction.

at

Overall score: S,y =" x5’ (only true for

independence; for correlated attributes, adjustment
statistics or samples should be used).

Stage 2. Selection of execution strategy. Based on the
calculated selectivities, the planner selects one of three
strategies:

— strategy A (Index-First) is implemented by analogy,
as described earlier;

— strategy B (Parallel-Merge) is implemented by
analogy, as described earlier;

— strategy C (Full-Scan) is implemented by analogy,
as described earlier.

Stage 3. Execution and merging of results. The R-tree

returns C"™"

Qnum
Inverted indexes give C“ = j(UUEVj I; [v]). Then

— objects whose MBRs intersect with

the final set of candidates: R.,,; = C™" NC. Next, a

precise check is performed (reading the full attributes of
the objects) to eliminate false positives and return the
final Res(Q) .

Stage 4. Collecting statistics and adaptation. The
planner stores the execution results (real number of
candidates, costs) and adjusts the selectivity models and
thresholds.

The procedure for building a combined index
implements the physical creation and synchronization of
two heterogeneous index structures — an R-tree and a
system of inverted indexes — according to the distribution
of attributes obtained from the automatic classification
algorithm. The goal of the procedure is to form a holistic
hybrid structure in which each attribute is indexed in an
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optimal way, and both parts of the index function in
harmony.

However, the presence of this structure alone does not
guarantee optimal performance. The critical question
becomes how to effectively use this composite index to
process real queries that differ in their nature and
selectivity.

Therefore, the logical continuation is the mechanism
of dynamic selection of the query execution strategy.

The key element of the proposed combined indexing
method is the mechanism of dynamic selection of the
query execution strategy, which adaptively determines the
optimal way to process search conditions depending on
their selectivity. Unlike classical optimizers that use fixed
rules or static plans, in this method, the strategy is formed
individually for each query based on the current data
statistics and the predicted number of intermediate results.

Let us describe in general the stages of the algorithm
of dynamic selection of the query execution strategy
(Fig. 4), a more detailed presentation will be in the
following works.

First, query analysis is implemented.

Decomposition Q of the query into two components:

— Q™™ _ conditions for numeric attributes (range
restrictions);

— 0" — conditions for categorical attributes (exact
matches).

Next, for each part of the query, estimate the
selectivity:

— ™™ _ the expected proportion of components

satisfying the numerical conditions;

— 5% _ the expected proportion of components

satisfying the categorical conditions.

Selectivities are estimated based on histograms of
attribute value distributions and catalog statistics.

Then, an execution strategy is selected.

Based on the obtained values, one of three strategies is
selected.

Checking the condition: “Is there at least one index
that is highly selective?” is “Strategy A (Index-First)”,
which has already been described above.

“If the condition that both selectivities are in the
middle range” is met, then choose “Strategy B (Parallel-
Merge)” and switch to parallel search. Strategy B has
already been described above.

Otherwise, if the condition that both selectivities are
in the middle range is not met, then the following
condition check occurs: “Are both selectivities very
low?”.

That is, if the condition s >0, and s >0, is

met, then select “Strategy C (Full-Scan)” and then a full
scan of the catalog takes place and then a precise check of
and also a

all conditions, otherwise “Backup option”
precise check of all conditions.
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Figure 4 — Algorithm for dynamic selection of query execution
strategy

After that, the final result Res(Q) is formed using the

mechanism:
— return of the set

Res(Q) ={c e C|c satisfies all conditions Q} ;

— recording of execution statistics (time, number of
checked records).

4 EXPERIMENTS

The experimental part of the study aimed to evaluate
the effectiveness of the proposed combined indexing
method when processing complex multi-attribute queries.
For this purpose, a synthetic dataset was created that
simulates a catalog of radio electronic components with a
volume of 3000 records. Each record was characterized
by:

— four numerical attributes (operating frequency,
supply voltage, temperature range, current consumption);

— three categorical attributes (component type,
manufacturer, interface).

The main characteristics of the set are given in Table 1.

Python 3.10 was chosen to create a synthetic dataset
(3000 records), generate 100 test queries, and simulate the

operation of the proposed combined indexing method.
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Table 1 — Characteristics of the experimental data set

Parameter Value
Number of directory entries 3000
Numeric attributes 4
Categorical attributes 3
Cardinality of categories 5-15

Python 3.10 was chosen due to its flexibility for
creating complex data structures (R-trees, inverted
indexes) and the ability to programmatically generate
queries with controlled selectivity. In addition, the
simplicity of calculating metrics (execution time, number
of candidates) and rapid prototyping of algorithms.

The creation of a control group for comparing
efficiency was implemented on PostgreSQL 15 because it
is an industrial DBMS that uses standard indexes (B-trees,
GiST). In addition, PostgreSQL provides an opportunity
to compare the developed method with existing
approaches used in practice.

Therefore, all experiments began with the creation of
a unified synthetic dataset that simulated a catalog of
radioelectronic components. The dataset was generated
programmatically in Python 3.10 using the pandas and
numpy libraries, which allowed for precise control of the
distribution of values, correlations between attributes, and
cardinality of categories. The result was a structured CSV
file containing 3000 records with previously known
characteristics.

To create a baseline for comparison, the CSV file was
imported into a table in the PostgreSQL 15 relational
database. A set of standard indexes typical of universal
systems was created on this table.

Thus, PostgreSQL served as a reference system using
generally accepted optimization mechanisms.

The same dataset was loaded into the memory of the
Python environment, where the proposed architecture was
fully implemented:

— an R-tree was built for the four numeric attributes
using an adapted implementation;

— inverted indexes were created for the three
categorical attributes as Python dictionaries, where the
keys were the attribute values, and the values were sorted
lists of record identifiers;

— the query planner analyzed the incoming query,
evaluated the selectivity of each condition based on built-
in statistics (histograms, value frequencies) and chose one
of three execution strategies (Index-First, Parallel-Merge,
Full-Scan).

100 test queries were generated, covering various
combinations of numeric ranges and categorical
conditions. Each query had two representations:

— SQL version for PostgreSQL with optimally written
predicates (WHERE);

- object-structured version for Python
implementation, where conditions were passed as
parameters to R-tree search methods and inverted indexes.

The Python measurement procedure included
measuring the time from the moment the request was
received to the final set, including the scheduler, index
lookups, and fine-tuning. The PostgreSQL measurement

OPEN a ACCESS




p-ISSN 1607-3274 Pagioenexrponika, iHpopmaTuka, ynpasainss. 2026. Ne 2
e-ISSN 2313-688X Radio Electronics, Computer Science, Control. 2026. Ne 2

procedure included measuring the execution time of a
SQL query, taking into account the DBMS scheduler
(EXPLAIN ANALYZE).

For the Python implementation, the sizes of candidate

sets C"™™ and C°“ were additionally recorded after
each filtering stage.

As aresult, 100 queries were executed, and the first 30
queries are presented in Table 2, where each row contains
complete information about an individual query:
selectivity, intermediate index results, actual execution
time, and the chosen strategy.

Table 2 — Excerpt from experimental results (30 out of

100 queries)
Sel C_ C_ TimeHyb | TimePG
Q % num cat rid (ms) (ms) Strategy
1 | 14 42 63 4.7 91 |Index-First
2 1.7 51 71 5.1 94 Index-First
3 |23 68 94 6.0 102 |Index-First
4 |38 114 152 12.8 189 | Parallel-
Merge
5 |43 130 | 189 15.2 194 | Parallel-
Merge
6 | 68 203 301 18.7 24 | Parallel-
Merge
7 |90 271 410 21.1 239 | Parallel-
Merge
8 | 140 | 421 | 590 234 25, | Parallel-
Merge
o [ 173 | 520 | 810 24.7 271 | Parallel-
Merge
10 | 290 | 870 | 1110 413 480 | Full-Scan
11| 320 | 960 | 1270 427 492 | Full-Scan
12 | 340 | 1020 | 1360 44.0 50.1 | Full-Scan
13 | 393 | 1180 | 1480 458 51.5 | Full-Scan
14 | 46.0 | 1380 | 1710 473 53.0 | Full-Scan
15| 503 | 1510 | 1800 485 541 | Full-Scan
16 | 2.0 60 80 5.5 10.0 Index-First
17 | 1.0 3] 52 42 84  |Index-First
181 1.8 55 74 5.3 9.8 Index-First
19| 5.0 149 212 16.3 205 | Parallel-
Merge
20 | 6.0 180 | 260 17.5 211 | Parallel-
Merge
21| 160 | 480 | 702 23.9 264 | Parallel-
Merge
221250 | 750 | 1004 27.4 29g | Parallel-
Merge
23] 373 | 1120 | 1420 452 50.7 | Full-Scan
241433 | 1300 | 1600 46.9 52.0 | Full-Scan
25| 473 | 1420 | 1785 48.1 534 | Full-Scan
26| 520 | 1560 | 1890 49.4 543 | Full-Scan
27173 | 220 | 320 19.4 29 | Parallel-
Merge
28| 3.4 101 | 140 12.1 178 | Parallel-
Merge
29 | 2.5 74 102 74 120 |Index-First
30| 1.3 38 59 4.5 8.8 Index-First

For each query, the following were compared:

— TimeHybrid — execution time using the proposed
method;

— TimePG — execution time in PostgreSQL;

_ Cﬂltm , CCG[
intermediate stages;

— Strategy — correctness of the scheduler.
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Let’s explain the terms. Low Selectivity — the index
cuts off few records — returns many candidates. This is
bad because the index actually does not help. The
intermediate set is very large.

High Selectivity — the index cuts off many records —
returns few candidates. This is very good because the
index works efficiently. The amount of intermediate data
is significantly reduced.

The selectivity values in Table 2 are given as the
maximum possible selectivity that a query can have after
passing the strongest filter.

5 RESULTS

Experimental evaluation of the proposed combined
indexing method was aimed at determining the impact of
query selectivity on the efficiency of three execution
strategies: Index-First, Parallel-Merge, and Full-Scan. For
each of the 100 test queries, the actual selectivity of the
strongest filter was calculated according to the classical
definition: Sel% =|selected lines | /N where N =3000 is

the total number of records in the catalog. Thus, Se/%
interprets the expected fraction of data that is potentially
affected by the strongest filter before performing the exact
comparison and merging of candidates. It is this metric
that is used by the planner to choose the optimal strategy,
since low selectivity means a significant narrowing of the
intermediate result, and high selectivity means a decrease
in the efficiency of index access.

Analysis of the first 30 experimental queries showed a
clear correlation between the value and the behavior of
the strategy. For queries with less than 3 %, the Index-
First strategy dominated, demonstrating the lowest
execution time due to the high density of filtering at the
early stage and the minimization of the candidate set. The
processing time for such queries was in the range of 4,2—
7,4 ms, which is twice as fast as PostgreSQL.

In the area from 3 % to about 15 %, a gradual increase
in the volumes of the sets and was observed, as a result of
which the planner correctly switched to the Parallel-
Merge strategy.

In this mode, both indexes were used simultaneously
and their results were combined in parallel, providing
significantly faster execution times compared to a full scan.
Actual performance in this zone was 12-24 ms, again
outperforming PostgreSQL by an average of 20-30 %.

Starting from approximately Se/% > 25 % the
candidate sets grew rapidly, and the time spent on index
access was no longer worthwhile, so the planner steadily
switched to the Full-Scan strategy. For such queries, the
execution time of the hybrid approach was almost equal
to the execution time of PostgreSQL, although even in
this area the Python implementation remained 10-15 %
faster due to the fully mnemonic data structure and
minimal overhead. The behavior of the strategies clearly
demonstrates the correctness of the dynamic planner,
which each time chooses the most optimal filtering order,
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taking into account the values of |C™™|, |C°“| and

their predicted selectivity.
Fig. 5 shows graphs of the dependence of execution
time on selectivity.
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Figure 5 — Graphs of execution time versus selectivity

The comparative time graph (Fig. 5) of the proposed
hybrid method (Hybrid Index) and the standard approach
based on PostgreSQL demonstrates the systemic
advantage of the new architecture over the entire
selectivity range. The efficiency of Hybrid Index is
highest in the high selectivity region (Sel% < 5 %),

where the average speedup is 2 times due to the optimal
use of R-tree indexes and early pruning of unnecessary
candidates.

In the medium
(5% < Sel%< 25 %),

decreases to 3040 %, which is explained by the increase
in the cost of parallel merging and processing of much
larger intermediate sets. Finally, at low selectivity
(Sel% > 25 %), when both systems perform almost full

scans, the Hybrid Index execution time remains slightly
lower due to the minimization of overhead in the memory
implementation, although the overall difference becomes
insignificant.

Thus, experimental data confirm that the proposed
hybrid method is particularly effective for selective
queries, which are the most common in real search
engines, while ensuring stable performance on all types of
loads.

Graphs of the dependence of the sizes of candidate
sets on the selectivity of the query are shown in Fig. 6.

selectivity zone
the advantage remains, but
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Figure 6 — Graphs of the dependence of the sizes of candidate
sets on the selectivity of the query
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The graphs of the dependence of |C™" | and | C°“ |

on Sel% (Fig. 6) confirm the expected monotonicity:
both sets grow with increasing selectivity. At low
selectivity Sel%, the indices return few candidates, at
high selectivity — significantly more.

The curves are approximately linear, with |C“| a

consistently higher than |C™" |, indicating a larger

spread of values in the categorical attributes.

The critical point is Se/%=20-25%, where the
candidate sets become so large that index access loses
efficiency. This is a direct justification for the system to
switch to a Full-Scan strategy in the low selectivity zone.

Figure 5 illustrates the logic:

— Sel%< 5 % — Index-First works;

— Sel%~20-25 % — Parallel-Merge;

— Sel%2= 25 % —Full-Scan.

Thus, the experimental results confirm three key
properties of the proposed method. First, the dynamic
strategy selection based on selectivity avoids suboptimal
solutions and provides consistently low response times.
Second, the index structures are most efficient only in the
low and medium selectivity zone, which is consistent with
analytical expectations and academic models of index
behavior. Third, the hybrid method systematically
outperforms PostgreSQL on almost all types of queries,
with a particularly significant gain in the most complex
scenarios, where the combination of numeric and
categorical filters requires intelligent planning of the
processing order.

As a result, the experimental results confirm the
effectiveness of the proposed architecture and
demonstrate its potential as a basis for scalable search
systems in complex multi-attribute catalogs.

6 DISCUSSION

The experimental results obtained confirm the
feasibility of using the proposed combined indexing
method for processing multi-criteria queries in technical
component catalogs. The combination of R-tree for
numerical attributes and inverted indexes for categorical
characteristics allows for efficient processing of queries
with a mixed structure of conditions, which is typical for
practical component search tasks, and overcomes the
limitations of classical indexes in high-dimensional data
spaces.

The key factor in the effectiveness of the method is
the adaptive choice of the query execution strategy
depending on its selectivity. The results show that under
conditions of medium selectivity, when both numerical
and categorical constraints are present and none of the
individual indexes is dominant, the adaptive Parallel-
Merge strategy based on the combined index provides the
optimal execution time among index strategies and the
largest performance gain compared to traditional
approaches. This is explained by the mutual
complementarity of the two index structures: inverted lists
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quickly reduce the set of candidates by discrete attributes,
while the R-tree effectively restricts the search space by
numerical parameters.

At the same time, experiments show that the
combined index is not universally optimal in all cases. At
low selectivity (when the expected result is large), its
performance approaches the performance of individual
indexes, since one type of condition dominates. In such
cases, the benefits of indexing are reduced, and the
overhead of traversing index structures and merging
operations can make a full table scan competitive or even
more efficient. This behavior is consistent with the
classical provisions of query optimization and confirms
the correctness of the used strategy model.

The results also emphasize the importance of correctly
estimating the selectivity of a query. The proposed
scheduler, based on statistical estimates, allows
adaptively choosing between index and non-index
strategies, avoiding the inefficient use of indexes in cases
where their application does not yield any benefit. Thus,
the method does not replace classical approaches, but
systematically integrates them into a single adaptive
architecture with intelligent control based on the analysis
of query characteristics.

It should be noted that the effectiveness of the
combined approach depends on the quality of the data
statistics and the assumptions regarding the distribution of
attributes. Non-uniform or correlated distributions can
reduce the accuracy of the selectivity assessment and
affect the choice of strategy. However, even under these
conditions, the proposed approach provides more stable
performance compared to using only one type of
indexing. Overall, the results of the study confirm that the
proposed combined indexing method is an effective
solution for multi-attribute catalogs of technical
components, where the queries have a heterogeneous
structure. The method provides adaptive query processing
and creates a basis for further development, in particular
by using more accurate statistical models or expanding
the supported attribute types.

CONCLUSIONS

The work solves the urgent scientific and practical
problem of increasing the efficiency of processing multi-
criteria queries in attribute-rich catalogs of technical
components by using combined indexing. The proposed
approach allows adaptively combining spatial indexing of
numerical attributes based on R-tree and inverted indexes
for categorical characteristics, which ensures a reduction
in query execution time compared to traditional search
methods.

The scientific novelty of the results lies in the
development of a formalized mathematical model of
multi-attribute search, which integrates the description of
the catalog data structure, the search query model,
selectivity evaluation criteria, and the optimization
formulation of the execution time minimization problem.
This model serves as the theoretical basis for the
combined indexing method, which takes into account the
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selectivity of numerical and categorical conditions and
uses an adaptive planner to select the optimal query
execution strategy. Unlike approaches with a fixed
filtering order or the use of a single type of index, the
proposed method provides a flexible choice between
index and non-index strategies depending on the
characteristics of a specific query.

During the study, a mathematical apparatus was
developed to assess the selectivity of queries and three
basic execution strategies were identified: Index-First,
Parallel-Merge, and Full-Scan. Experimental results on a
realistic data set confirmed the correctness of this
classification. With high selectivity, the Index-First
strategy provides the lowest execution time among index
strategies due to early cutting off of most irrelevant
objects, demonstrating a significant acceleration
compared to traditional approaches. With medium
selectivity, when numerical and categorical constraints
are simultaneously present and none of the individual
indexes is dominant, the adaptive Parallel-Merge strategy
is optimal among index strategies for this architecture,
providing a stable performance increase of 20-40%
compared to the separate use of the R-tree or inverted
indexes within the framework of the experiments. At low
selectivity, the combined approach automatically switches
to the Full-Scan strategy, demonstrating stable
performance at the level of traditional systems and
avoiding degradation due to inefficient index usage.

The practical significance of the results obtained lies
in the possibility of using the proposed method in the
design and implementation of information systems
focused on the search and selection of technical
components under complex, multi-attribute conditions.
The proposed model can be integrated into catalog
management systems, engineering CAD systems, or
corporate information platforms without the need for a
radical change in existing data structures.

Thus, the results of the study confirm that combined
indexing with adaptive planning is an effective and
reasonable approach to optimizing query processing in
multi-attribute catalogs, providing a balance between
performance, versatility, and practical feasibility.

Prospects for further research are as follows:

— extending the selectivity model to take into account
correlated attributes and non-uniform data distributions;

— exploring the possibilities of using more accurate
statistical models, in particular multivariate histograms or
sampling, to improve the accuracy of strategy selection;

— integrating the proposed approach with other types
of indexes (e.g., B+-trees or bitmap indexes) to support a
wider range of attributes;

— experimentally verifying the method on large
industrial datasets and under real-world load conditions.
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METO]I KOMBIHOBAHOI THIEKCAIII JJIs1 EOGEKTHBHOI'O IIOIMYKY B BATATOATPUBY THAX
KATAJIOT'AX TEXHIYHUX KOMIIOHEHTIB

Cornuk C. B. — KaHI. TEXH. HayK, AOIEHT, NIOLUCHT KadeApH KOMII IOTEpHO-IHTETPOBAHHX TEXHOJIOTIH, aBTOMATH3aIlil Ta
MEXaTpOHIKM, XapKiBCHKUI HAI[lOHANBHUN YHIBEpCHTET pPaiOelieKTpoHiKH, XapkiB, YkpaiHa. ROR: https://ror.org/01ctj1b90.
ORCID: https://orcid.org/0000-0002-6035-2388.

AHOTAIIA

AxTyanbHicTh. OnrTuMmizamis TOmyKy B 0araTOBUMIPHHX KaTaJoraX paJioeleKTPOHHHMX KOMIIOHEHTIB (CEHCOpIB,
MIKpPOKOHTPOJIEPiB, KOMYHIKalifHUX MOAYJIB) € KJIIOYOBOIO 33Ja4ei0 ISl CUCTEM aBTOMATH30BAHOIO IPOCKTYBAHHS, YIPaBIiHHSI
JIOTiCTHKOIO €JIEMEHTHOT 023U Ta iHTENEKTYalbHUX CHCTEM TEeXHIUHOI miaTpuMku. CKIaJHICTh BUHHKAE Yepe3 BEIHKY PO3MIpHICTb
MPOCTOpy MapameTpiB (poOOUi YaCTOTH, CIIOKWBAHHS, TEMIIEPATYPHI Jiala30HU TOIIO), HEOAHOPIAHICTh JAHUX Ta BUCOKY YaCTOTY
CKJIaJHUX 3alHTiB, II0 MOEAHYIOTH YHCIOBI OOMEXEHHsS 3 KaTeropiadbHuMH QimpTpamu. KiacuuHi anroputMmu iHIeKcamii
pelsIIiiHMX CHCTeM YIpaBIiHHA 0a3aMM JaHMX Hee(QeKTHBHI M1 Takoi NpeaMeTHoi o01acTi, IO YNOBITBHIOE POOOTY
iH(OpMaIifHIX CHCTEM Yy pealbHOMY daci.

CyuyacHi TexHOJIOTii iHAeKcalil [UIs TOUTyKy B 6araToarpuOyTHHX KaTajorax TeXHIYHMX KOMIIOHEHTIB BiZIXOASATH BiJl apaJurMu
YHIBEpCAJIBHUX OJHOBHMIPHHX CTPYKTYp Ha KOPHCTH CIICLiali3oBaHMX Ta TiOpUIHMX MiIXOJIB, OPI€HTOBAaHHX Ha HPUPOLY
TexHIYHUX AaHuX. POKyc 3MICTHBCS 31 MIBHIKOTO MOIIYKY 32 OKPEMUM KIIOYeM 10 e(eKTUBHOTO BiJCiKaHHs OaraTOBHMipHOTO
mpocTopy mapamerpiB. il HbOro akTHBHO BHKOPHCTOBYIOTHCSI IMPOCTOPOBI IHACKCH, SIKi IHTEPHPETYIOTh KOXKEH KOMIIOHEHT SIK
00’ekT y N-BUMIpHOMY TIPOCTOpi, ¢ KOKCH TEXHIYHHH MapaMeTp € OKpeMoro Biccio. Lle m03Bosie OMHUM 3amHTOM 10 iHICKCY
3HAXOJAUTH BCi 3aMKCH, IO MOTPAIUIIOTH Y 3aJaHUi 0araTOBUMIipHUH TiIEPIPSIMOKY THUK.

[NapanensHO PO3BHBAIOTHECS TEXHOJIOTI], IO PO3IIIAAAIOTH MOMIYK K 3anady iHpopManiiiHoro nomyky (information retrieval).
Kateropianbai arpu0yTH, Taki Sk THII iHTepdelcy 9i BUPOOHUK, IHIEKCYIOTHCS 3a JOIIOMOTOI0 iIHBEPTOBAaHUX IHIEKCIB ab0 CTHCIMX
bitmap-iHaeKciB, 10 3a0e3neuyoTh HAANIBHIKE BUKOHAHHS onepaiiii AND/OR Hal BeTUKUMH MHOKHUHAMH.

OxpeMUM HaNpsIMKOM € BHKOPHMCTaHHS BEKTOPHHX IIPEICTAaBICHb TEXHIYHHX XapaKTEePHCTHK, OTPUMAaHHMX 3a JIOIOMOIOI0
MoJIeJIell MAIIMHHOTO HAaBYaHHS, 3 IMOJAJBIIOI IHISKCAI[€l0 3a IOMOMOIOI0 CHELialli30BaHUX CTPYKTYp Ul MOUIYKY ONHU3BKUX
CycCijiiB, 1110 JO3BOJISIE Peali3yBaT CEMaHTUYHHH MOIIYK 33 TEXHIYHUM ONMUCOM ab0 3HAXOIUTH aHAJIOTH.

KntouoBruM mHTaHHSAM TpW iHAEKcalii Uil MOMIYKY B 0araroaTpuOyTHHX KaTajorax TEXHIYHHX KOMIIOHEHTIB € BHOIp Ta
KOMOiHaWisg CTPYKTYyp MAaHHX, sKi €(EKTHBHO BiJCIKAIOTh MPOCTIp MOIIYKY 3a BCiMa pEJICBaHTHUMH BHMipaMH OJHOYACHO,
MIHIMI3yI0UH ITEPETUH HEMOTPiOHUX JaHWX Ha PAaHHIX eTalaXx BUKOHAHHS 3aIlUTy.

Taxum 9rHOM, po3poOKa HOBOI'O METO.Y, KU CHCTEMHO KOMOIHy€ CHIIBHI CTOPOHM CydYacHHX HiIXOJIB y €WHIH aJanTHBHIH
apXiTeKTypi, € aKTyalbHOIO HAyKOBO-TEXHIYHOIO MpPOOJIEMOI0. [i BUPIIEHHS JO3BOJNMTH CYTTEBO CKOPOTUTH HYac BUKOHAHHS
CKJIQJIHUX 3alUTIB y KIIOYOBHMX iH(GOpPMaliHUX CHUCTeMax rajy3ed palioeleKTPOHIKH, TeIeKOMYHIKalili Ta aBTOMAaTH30BaHOTO
IHKMHIPUHTY, BIANOBIIal0u¥ BUKJIMKAaM HU(pOBi3anii BApOOHHUITBA Ta IHTEIEKTYyaIbHOI 0OPOOKM JaHUX.

Meta po6orn. Po3pobka merony komMOiHOBaHOI iHIeKcarii 1isi e)eKTHBHOTO BUKOHAHHS CKJIQJHHMX IOLIYKOBHX 3aIUTIB Y
6araTOBUMIPHHX KaTaJorax TeXHIYHUX KOMIIOHEHTIB.

MeTtopa. 3anponoHoBaHHMH MeToJ KOMOIHOBaHOI iHAEKcallil, kil moeaHye R-nepeBo ams 6araroBuMipHOi (QibTpamii 9ucIoBUX
mapaMeTpiB Ta iHBEPTOBaHI I1HAEGKCH IS KaTerOpiaJbHHUX O3HaK. METOX MiABWIIEHHS C(QEKTHBHOCTI MOLIYKYy Oa3yeTbcs Ha
aJlaliTHBHOMY IUIAHYBAJIBHUKY 3allUTIB, IO JUHAMIYHO oOMpae onTHMaibHy crparerito BukoHaHHA (Index-First, Parallel-Merge a6o
Full-Scan) Ha 0CHOBI OLIHKH CEIEKTHBHOCTI YMOB.

Pe3yabTaTn. 31ifiCHEHO MOCTAHOBKY 3ajadi Ta po3poOJICHO METOJ KOMOIHOBaHOI iHjAeKcallii Jasi 0araTOBUMIpHHUX KaTaJoriB
paxioeneKTpOHHUX KOMIIOHEHTIB. Y XOJi JOCII/DKCHHS CTBOPEHO (OopMalli3oBaHy MaTeMaTH4HY MOJENb IOIIYKY, SIKa BPaxoBYye
CCJICKTUBHICTh YHMCIIOBUX 1 KaTEeropialbHUX YMOB, a TaKOX pO3POOJICHO aJrOpUTMH aBTOMATHYHOTO PO3MOALTY aTpuOyTiB Mik
TUMaMH {HACKCIB 1 JMHAMIYHOrO BHOOpY cTparerii BHKOHAHHS 3alMTy. 3ampONOHOBAHO TiOPHIHY IHASKCHY apXiTEeKTypy, L0
noeanye R-gepeBo ai1st iHAEeKcalil YACIOBUX TapaMeTPiB Ta iHBEPTOBAHI iHAEKCH LT KaTETOpiallbHUX O3HAK, a TAaKOK MaTeMaTH4Hi
MOJIeNi 7Sl OIIHKM CEJIEKTHBHOCTI W ONTHMi3alii IJIaHy BHKOHaHHS 3amuTy. [IpoBenmeHi ekcrnepMMEHTal bHI IOCHIIKCHHS Ha
CHHTETHYHOMY HaOOpi JTaHUX MiATBEPIWIN e(EKTUBHICTH PO3POOICHOr0 METOY, TPOJEMOHCTPYBABIIN 3HIDKEHHS Yacy BUKOHAHHS
CKJIQIHHX 3aIMTIB y HOPIBHAHHI 3 0a30BOIO iHJEKcamielo Ha OCHOBI B-nepes.

BucHoBkn. Y po6oti po3pobiieHo MeToa KOMOIHOBaHOI iHAeKcalil 11 e()eKTHBHOTO BUKOHAHHS CKJIQHHUX OararoaTpuOyTHHX
3aIUTIB y KaTajorax palioeIeKTPOHHMX KOMIIOHEHTIB. MeTo/] IpyHTY€EThCs Ha (hopMasli3oBaHiil MaTeMaTHUHIA MOAEINI HOIIYKY, 10
JO3BOJIMIIO OOy MyBaTy ribpuaHy iHaeKkcHy apxitekTypy. Lls apxitekrypa interpye R-nepeBo st ¢inbTpanii 4MCIOBUX HapaMeTpiB,
iHBEPTOBaHI 1HAEKCH I KaTeropiajibHUX O3HAK, a TAaKOXK aJAalTHBHUH IUIAHYBAJbHHK, SKMH JAMHAMIYHO OOMpae ONTUMAIIbHY
ctpaterito BukoHaHHs 3anuty (Index-First, Parallel-Merge, Full-Scan) Ha OCHOBI OIIIHKH CENeKTHBHOCTI yMoB. Po3poGiieHo
QITOPUTM aBTOMATHYHOTO PO3IMOAUTy aTpuOyTiB MK THNAMH iHIEKCiB. EkcnepuMeHTadbHE MOAETIOBAHHS ITiATBEPANIO
eeKTHBHICTP METO[y, MOKa3aBIUM 3HIKCHHS 4Yacy BHUKOHAHHS CKJIAaAHHX 3anuTiB Ha 35-55 % MOpIBHSHO 3 TPaAULiHOI
IHJIeKcalli€lo Ha OCHOBI B-1iepeB, 0COOIMBO IJISI 3aIIMTIB, THUITOBUX JUIS IH)KEHEPHOTO Mif00py KOMIOHEHTIiB. OTpHMaHi pe3yIbTaTH
JIOBOJIATH JOIUIBHICTh BUKOPHCTaHHS KOMOIHOBaHOI iHIEKCAIl JJIsl MiJBUIICHHS MPOJYKTHBHOCTI iH(POPMAI[IIHUX CHUCTEM, IO
MIPALOIOTH 3 0araTOBUMIPHUMH TEXHIYHHUMH KaTaJOraMu.

KJIIOYOBI CJIOBA: GararoarpubyTHuil MOIIyK, KOMOiHOBaHa iHAEKCALlis, PaioeeKTPOHHI KOMIIOHEHTH, ONTHMIi3allis
3aMuTiB, NiOpHIHA CTPYKTYpa JaHHUX.
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