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ANALYSIS OF MATHEMATICAL MODELS OF RANDOM GRAPHS

Abstract. Relevance. In the modern world, the majority of social, biological, technological, and communication pro-
cesses occur in the form of complex network structures. The analysis of such systems requires the construction of mathe-
matical models capable of adequately describing their topology, stochastic nature, and dynamic properties. One of the most
powerful tools for this is the theory of random graphs, which enables the modeling of a wide range of real-world phenome-
na — from the spread of viruses and information to the functioning of critical infrastructures. Classical models, particularly
the Erd6s-Rényi model, laid the foundation of modern graph theory; however, they have limitations in describing networks
with high clustering or uneven degree distributions. Therefore, in recent years, modern approaches have gained special sig-
nificance, including small-world models, which reflect the properties of real social and biological systems with short paths
and a high level of clustering, and scale-free graphs, which model networks with heterogeneous degree distributions. The
relevance of this topic is due to the need to select and analyze an appropriate mathematical model that can accurately repre-
sent the properties of real networks, enable justified prediction of their behavior, identify vulnerabilities, and optimize the
functioning of complex systems. In this context, the analysis of mathematical models of random graphs is an important area
of modern applied mathematics, computer science, and systems theory. The object of research: Random graphs as math-
ematical structures that model the topology and dynamics of complex networked systems. Purpose of the article: Re-
search, systematization, and comparative analysis of mathematical models of random graphs to determine their suitability
for modeling various types of complex networked systems. Research results. The article presents an analysis of mathemat-
ical models of random graphs that underpin modern network science. Beginning with the theoretical foundations of graphs,
both classical and contemporary models for constructing random networks are examined, alongside methods of their analy-
sis and practical areas of application. The methods of analysis are critically important for the practical use of random
graphs, as they enable the models to be applied to forecasting, diagnostics, and the management of complex systems. These
methods also provide a foundation for integrating mathematical models with real-world data, which is a key objective of
contemporary network science. Classical models allow for the formalization of randomness in network connections; how-
ever, they have significant limitations in capturing the real topological properties of complex networks — particularly high
clustering, degree heterogeneity, and growth mechanisms. In contrast, modern models correspond much more closely to the
structure of real-world systems. They make it possible to model such essential features as the emergence of hubs, cluster-
ing, short average path lengths, and robustness to failures. Conclusions. Mathematical models of random graphs are a uni-
versal tool for the analysis and synthesis of various networked systems. Their application allows not only for the formal de-
scription of a complex system’s structure, but also for the discovery of its hidden patterns, the prediction of its behavior un-
der different conditions, and the optimization of its functioning while accounting for real-world constraints.

Keywords: random graphs, mathematical modeling, scale-free networks, Erdds-Rényi model, clustering, spectral analy-
sis, network structures.

Contemporary research focuses on comparing dif-

Introduction ferent models, identifying their structural characteris-

In recent decades, interest in the study of complex
networks has grown rapidly, driven by their wide-
ranging applications across various fields of science and
technology. Social networks, the Internet, biological and
ecological systems, as well as transportation and energy
infrastructures all share a common feature: they can be
described in the form of graphs, where vertices repre-
sent system elements and edges represent interactions
between them. However, in real-world conditions, such
structures are rarely regular or deterministic — they are,
as a rule, random. For this reason, mathematical models
of random graphs have become a vital tool for the anal-
ysis and description of such systems.

Beginning with the classical works of Erdés and
Rényi, in which the concept of a random graph was first
introduced, the theory has progressed toward more so-
phisticated models that more accurately describe the
properties of real networks. Small-world models have
proven effective for representing social and biological
networks, where high clustering coexists with short av-
erage path lengths. Another important direction involves
scale-free models, which reproduce the power-law de-
gree distribution observed in many systems.

tics, adapting them to specific applied problems, and
analyzing their computational properties. In this context,
a systematic review of existing approaches to modeling
random graphs is of relevance — including an assess-
ment of their strengths and limitations, and the formula-
tion of recommendations for model selection depending
on the type of network.

Analysis of publications. The analysis of mathe-
matical models of random graphs is a key area of mod-
ern network theory, with wide applications in computer
science, biology, sociology, and other fields. Among the
main models that describe the structure and dynamics of
real networks are the classical Erdds-Rényi model,
“small-world” models, and scale-free models [1].

The Erd6és-Rényi model is one of the first and sim-
plest models of random graphs, in which each pair of
vertices relates to a certain probability. This model al-
lows for the study of fundamental graph properties such
as the connectivity threshold and the degree distribution
of vertices. The “small world” model, proposed by
Watts and Strogatz, is characterized by a high clustering
coefficient and a small average path length between
vertices. This model reflects the properties of many re-
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al-world networks, such as social or biological net-
works, where there is a tendency to form clusters while
simultaneously maintaining short paths between any
two vertices.

Scale-free models, particularly the Barabasi—
Albert model, describe networks in which the degree
distribution follows a power-law. This means that the
network contains a small number of nodes with very
high degree, while many nodes have a low degree. Such
networks exhibit high resilience to random failures but
are vulnerable to targeted attacks on hubs.

Recent studies also explore models that combine
properties of small-world and scale-free networks, as
well as models that incorporate the geometric and topo-
logical features of real systems. These approaches allow
for more accurate modeling and analysis of complex
network structures found in nature and technology.

In article [2], the emergence of clustering in ran-
dom graphs with scale-free structure is examined, par-
ticularly in the context of hyperbolic models. The au-
thors propose a method for analyzing the probability of
triangle formation in graphs that takes vertex degrees
into account. The study also considers a model in which
vertices are embedded in hyperbolic space, enabling the
reproduction of real-world network properties such as
clustering and scale-freeness. It is shown that, unlike in
some other models, clustering in hyperbolic graphs does
not vanish as the network grows. This research repre-
sents an important step toward understanding the struc-
ture and properties of complex networks, especially in
the context of modeling real systems such as social net-
works or the internet.

The purpose of this work is to analyze the main
mathematical models of random graphs, to classify and
characterize them, and to evaluate their suitability for
use in various contexts, including the modeling of so-
cial, technological, and biological networks.

Main part

Mathematical graph theory serves as a foundation
for modeling complex systems in which objects interact
as nodes connected by links. In random graphs, these
links are established not deterministically but with a
certain probability, allowing for the modeling of real-
world phenomena characterized by uncertainty, variabil-
ity, and dynamic behavior. Random graphs (Fig. 1) are
defined by several important parameters that determine
their structure: vertex degree, connected components,
graph diameter, average path length, and clustering co-
efficient. These characteristics make it possible to eval-
uate both local and global properties of the network.

Classical models of random graphs have formed
the theoretical foundation upon which modern network
science is built. They allow for the formal description
and analysis of the network formation process, the iden-
tification of critical thresholds for structural transitions,
and the estimation of the probability of the emergence
of connected components. Although these models are
simplified and often fail to capture the complex nature
of real-world networks, they remain an essential step in
understanding the basic mechanisms behind link for-
mation between elements.

Random graphs models

Classical models m Modern models

Erdés-Rényi model | Configuration Model

Gilbert model — Watts-Strogatz Model

— Barabési-Albert Model

Random Geometric Graphs

Spatial and geometric random {' -1

-d Hyperbolic models

Mendes model

Hybrid and multi T i

L L
models -

Machine-learned graphs

Puc. 1. Random graphs models

The Erdés-Rényi model was the first formalized
model of a random graph. This approach assumes that
each possible edge is independently included with equal
probability pp, generating a set of possible graphs with
varying numbers of edges. There is also a version G(n,
m), in which exactly m random edges are formed.
Graphs produced by this model exhibit a low clustering
coefficient and a narrow degree distribution close to
binomial. This model is well suited for scenarios where
all connections are independent and equally probable,
but it does not capture the high clustering or heterogene-
ity typical of real networks.

The Gilbert model [3], proposed around the same
time as the Erdés-Rényi model, is formally very similar:
it also defines the probability of edge formation between
vertex pairs, but does so in a more general probabilistic
framework, without fixing the number of vertices or
edges. The Gilbert model is sometimes used as a basis
for constructing probabilistic graphs with uneven weight
distributions or vertex dependencies, although in prac-
tice, the Erd6s-Rényi formalism is more commonly em-
ployed.

Classical models make it possible to theoretically
compute the likelihood of certain structural properties.
However, classical graphs exhibit almost no local clus-
tering, which limits their applicability to the modeling
of social or biological networks.

Despite their importance, classical models have
significant limitations: the degree distribution is sym-
metric and narrow, which does not correspond to the
power-law distributions observed in real networks; they
lack mechanisms for growth and preferential attach-
ment; and they feature low clustering levels. These
shortcomings have driven the development of modern
random graph models that can reflect the heterogeneous
nature of connections, clustering, the emergence of
hubs, and other non-trivial properties.

With the development of network research, it be-
came evident that classical models of random graphs —
particularly the Erdés-Rényi model — are unable to cap-
ture many important characteristics of real systems,
such as high clustering, heterogeneous degree distribu-
tions, or the presence of hubs. To overcome these limi-
tations, modern models have been developed that ac-
count for more complex mechanisms of link formation
in networks.
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The configuration model [4] allows the generation
of random graphs with a predefined degree distribution.
The main idea is to assign each vertex a certain number
of “half-edges” in advance and then randomly pair them
to form complete edges.

Key features of this model include flexibility (it
can model arbitrary degree distributions, including
power-law), low clustering, and frequent use as a null
model for real-world networks with specified degree
characteristics.

There are also spatial and geometric random graph
models. In such models, vertices are embedded in Eu-
clidean or hyperbolic space, and connections between
them are determined by distance. For instance, in hy-
perbolic graphs, distance is defined using non-Euclidean
geometry, enabling accurate replication of real network
properties. Examples include graphs in which vertices
are randomly distributed on a plane and links are
formed if the distance between them is below a certain
threshold. Hyperbolic models support the modeling of
networks that simultaneously exhibit high clustering,
power-law degree distributions, and short average path
lengths. These models are used in the modeling of inter-
net networks, infrastructure, transport systems, and for
optimizing the physical placement of nodes in distribut-
ed systems.

Recent studies have introduced hybrid models that
combine characteristics of “small-world,” scale-free,
and spatial graphs. These approaches enable more pre-
cise modeling of the specific features of real-world net-
works. Among them are the Dorogovtsev-Mendes mod-
el [5], based on network growth with cyclic attach-
ments, as well as machine learning-based models [6],
which employ algorithms to simulate the evolution of
network technology.

Modern random graph models demonstrate greater
flexibility and alignment with real structures compared
to classical ones. They consider not only the probability
of connections, but also the mechanisms of their for-
mation, spatial constraints, network growth history, and
link heterogeneity.

Analytical methods for studying the properties of
random graphs make it possible to determine critical
graph parameters, investigate structural dynamics, iden-
tify key nodes, assess clustering, and predict network
resilience to failures. These methods include probabilis-
tic analysis, spectral analysis, algorithmic and numerical
methods, as well as visualization and interpretation
techniques.

The probabilistic approach is fundamental in the
study of random graphs, as the main models are based
on probability. This type of analysis includes: calculat-
ing the expected number of connected components, tri-
angles, and degree distributions; estimating the proba-
bilities of the emergence of specific graph properties,
such as connectivity, the existence of a giant compo-
nent, or cycles of a given length; and analyzing phase
transitions, where a small change in the parameter pp in
the G(n, p) model leads to a sudden structural shift in
the graph. This approach utilizes the law of large num-
bers, Chebyshev’s theorems, probabilistic limits, and
asymptotic estimates, especially for large n.

Spectral graph theory investigates the properties of
the adjacency matrix or the graph Laplacian, which en-
ables the assessment of graph connectivity; the identifi-
cation of central nodes and groups of nodes with similar
spectral properties; and the detection of cluster struc-
tures via spectral partitioning. These methods are effec-
tive in revealing hidden structures, especially in large
and complex networks. Spectral analysis is often used
for visualization, clustering, and evaluating the dynam-
ics of spreading processes.

In many cases, analytical investigation of a graph
becomes impractical due to its complexity or dimen-
sionality, prompting the use of numerical approaches:
simulation modeling (generating a large number of
graphs under a given model for statistical analysis);
Monte Carlo methods, used to estimate the probabilities
of complex events, such as resilience to random or tar-
geted node removals; graph algorithms, applied to iden-
tify connected components, calculate centralities, con-
struct minimum spanning trees, etc.; and clustering
analysis. Graph visualization tools enable intuitive un-
derstanding of network structure, identification of hubs,
isolated components, communities, and the analysis of
structural changes over time.

Mathematical models of random graphs are widely
used in numerous fields where systems can be repre-
sented as a set of interconnected objects. With the
growth of information technology, bioinformatics, soci-
ology, and cybersecurity, the importance of such models
continues to rise. A properly selected model allows for
an accurate reproduction of real network structures,
analysis of their properties, detection of vulnerabilities,
and prediction of system behavior under various scenar-
ios. In sociology, random graphs are used to model in-
terpersonal interactions, contacts, and information ex-
change. Social networks exhibit “small-world” proper-
ties — high clustering and short paths between any two
individuals. These models can be applied to study the
influence of key individuals, the spread of opinions,
rumors, and information, the identification of communi-
ties or social groups, and the prediction of behavior in
dynamic networks. Models such as those of Watts-
Strogatz and Barabasi-Albert allow for the reproduction
of such network properties, including the presence of
hubs (opinion leaders) and cluster structures.

The internet, telephone networks, and peer-to-peer
systems are classical examples of communication net-
works, where nodes represent devices and edges repre-
sent communication channels. It has been observed that
the internet exhibits a scale-free structure, meaning a
small number of nodes have an exceptionally high num-
ber of connections. Random graph models can be ap-
plied to analyze network resilience to failures, optimize
traffic routing, identify vulnerable regions in the topolo-
gy, and design fault-tolerant architectures.

Biological systems — such as brain neural net-
works, metabolic pathways, and protein or gene interac-
tions — also exhibit complex network structures. These
networks often feature small average path lengths, high
clustering, and power-law degree distributions. Graph
models can be used to identify critical genes or proteins,
analyze signal transmission in neural circuits, simulate
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failures or mutations, and study functional modules
within cells. They enable the investigation of not only
topology but also functional interactions among biomol-
ecules within a systems biology context.

One of the most prominent application areas of
random graph models is the simulation of diffusion pro-
cesses, such as the spread of diseases, rumors, or fake
information, viral content propagation, and malware
dissemination. SIR, SIS, and SEIR models [7] are
commonly combined with graph topology to simulate
epidemic outbreaks. Understanding topological proper-
ties — such as average path length or clustering coeffi-
cient — helps predict the scale of spreading and assess
the effectiveness of countermeasures.

Power grids, water supply systems, transportation
networks, and other critical infrastructures can be mod-
eled as random or deterministic graphs. Key challenges

Table 1 — Comparative Analysis of Models

include assessing resilience, optimizing design, and
ensuring efficient maintenance. These models are used
to identify critical nodes, simulate failure scenarios,
optimize resource placement, and design backup com-
munication routes. In complex systems operating in real
time, hybrid and spatial graph models are especially
valuable, as they account for geographic location,
bandwidth constraints, and dynamic load variations.
Dorogovtsev-Mendes models introduce recursive
growth with feedback, useful for hierarchical systems.

In the process of modeling complex networks, the
choice of an appropriate mathematical model is of criti-
cal importance. Each model has its own advantages,
limitations, structural properties, and domain of effec-
tive application. Table 1 presents the results of a com-
parative analysis of key random graph models based on
essential criteria.

Model Degree Distribution Clustering Average Path Length
Erdds-Rényi Binomial Low Short
“small-world” Approximately regular High Short
Barabasi-Albert Power-law Low—medium Short
Configuration model User-defined Low Depends on input
Hyperbolic random graphs Power-law High Very short
Dorogovtsev-Mendes Power-law Medium-high Short

The analysis has shown that there is no universal
model suitable for all types of networks. The selection
of a model should be based on the core characteristics of
the system under study — such as the nature of the de-
gree distribution, the presence of a clustered structure,
the dynamic nature of connections, and spatial or re-
source constraints. In complex applied problems, the
best results are often achieved by hybrid or adaptive
models that combine elements of several approaches.

Conclusions

An analysis of mathematical models of random
graphs — foundational to modern network science — has
been conducted. Starting from the theoretical founda-
tions of graph theory, both classical and contemporary
models for constructing random networks have been
examined, along with analytical methods and practical
applications. Analytical techniques are critically im-
portant for the practical use of random graphs, as they
make models suitable for prediction, diagnostics, and
the management of complex systems. These methods
also provide the basis for integrating mathematical
models with real-world data, which is a central goal of
contemporary network science.

Classical models make it possible to formalize the
randomness of connections in a network, but they have
significant limitations when it comes to reproducing the
real topological features of complex networks -
particularly high clustering, degree heterogeneity, and
growth mechanisms. Modern models correspond much
more closely to the structure of real systems. They allow
for the modeling of important features such as the
emergence of hubs, clustering, short average path
lengths, and robustness to failures.

The Erd6s-Rényi model, despite its simplicity and
mathematical convenience, has low clustering and does
not reflect the uneven structure of connections. Therefore,
it is better suited for theoretical studies and as a baseline
reference. The Watts-Strogatz model effectively simu-
lates networks with a high level of local cohesion and
short average path lengths, which are typical of social and
certain biological systems. However, its degree distribu-
tion is too uniform to reflect many real-world structures.

The Barabasi-Albert scale-free model reproduces
the empirical power-law distribution of connections and
the emergence of hubs, making it optimal for modeling
internet networks, bioinformatics systems, and infor-
mation node interactions. However, its lack of sufficient
clustering limits its application in social contexts unless
modified. The configuration model offers high flexibil-
ity by allowing arbitrary degree distributions but does
not model network growth and requires external infor-
mation about topology. Spatial and hyperbolic graphs
are best suited for modeling infrastructure and transpor-
tation networks, where physical node placement and
distance constraints play a critical role.

Mathematical models of random graphs serve not
only as tools for the formal description of network
structures but also as the basis for decision-making,
system dynamics prediction, vulnerability detection, and
optimization in complex environments.

Ultimately, mathematical models of random graphs
are a universal tool for the analysis and synthesis of diverse
networked systems. Their application allows not only for
the formal description of a complex system’s structure, but
also for the discovery of hidden patterns, prediction of be-
havior under different conditions, and optimization of
functionality under real-world constraints.
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AHaJi3 MaTeMaTHYHUX MO/eJeil BUIaIKOBHUX rpadis
B. O. I'op6auos, B. M. ®enopon

AHoTanifi. AKTyaJdbHICTh. Y Cy4acHOMY CBITi OUIBIIICTH COMiAFHIX, O10JIOTIYHIX, TEXHOJOTTYHIX 1 KOMYHIKAIIHHUX
MpoLeCiB BiIOYBAETHCS Y BUIIIAMI CKIAJHUX MEPEKEBUX CTPYKTYp. AHAI3 TaKMX CHUCTEM BUMarae rmoOyZOBH MaTeMaTHYHHX
MoJesIel, 3JaTHUX a/IeKBaTHO OMMCYBAaTH IXHIO TOMOJIOTiIO, BUITAIKOBY MPUPOY Ta AWHAMIi4yHi BlacTUBOCTi. OHUM i3 HAHMOTY-
JKHIIKX IHCTPYMEHTIB JUI LOTO € TEOPis BUMAIKOBHUX TpadiB, MO JO3BOJIAE MOJICIIOBATH IIMPOKE KOJIO PEabHUX SIBHII] — Bif
MOIINpPEHHS BipyciB i iHdopmaii 10 GpyHKIioHYBaHHS KpuTHYHUX iHGpacTpykTyp. Kinacuuni Mozeni, 30kpema Mozens Epnera-
Penbi, 3aknmanu GpyHIaMeHT cydacHoOi Teopii rpadis, OHAK BOHM MAalOTh OOMEXEHHS B OITUCI MEPEX 3 BHCOKOIO KIACTEPU3AIIi€I0
Y HEPIBHOMIPHHAM PO3IOALIOM 3B’s3KiB. TOMy OCTaHHIM 4acoM 0COONMBOTO 3HAUYEHHS HAOYNM CydacHi MiAXOIH, Cepell SKUX
MOJIENIi THITY «CBIT TiCHHil», IO BiZm0OpakalOTh BIACTHBOCTI PEATbHUX COLIANPHUX YH OIONOTIYHHX CHCTEM 13 KOPOTKHMH
[OUIIXaM# Ta BUCOKUM PiBHEM KIlacTepu3allii) Ta 6e3MacmTabHi rpadu, o MOAETIOITH MEPEXi 3 HEPIBHOMIPHHM PO3IIOIIIIOM
CTYNEHIB. AKTyalbHICTh TEMU 3yMOBJIEHa HEOOXIJHICTIO BHOOpY Ta aHaNi3y BiAIOBIJHOI MaTeMaTHYHOI MoJei, sika 3abe3re-
YHUTh TOYHE MPEJCTABICHHS BIACTHBOCTEH PEalbHUX MEPEXK, JO3BOJIUThH MIPOBOJUTH OOIPYHTOBaHE MPOTHO3YBaHHS 1X MOBEJiH-
KH{, BUSBJIATH BPA3JMBOCTI Ta ONTHMI3yBaTH (DYHKI[IOHYBaHHS CKJIaQHUX CHUCTEM. Y IIbOMY KOHTEKCTi aHalli3 MaTeMaTHYHUX
MoJieeil BUIagKoBUX TpadiB € BaXKIMBHUM HANpsMOM CY4YacHO! NMPUKIAJHOI MaTeMaTHKH, iHGOPMATHUKH Ta TEOpil CHUCTEM.
O0'eKT gocaigKeHHs. BUTAAKOBI rpadu K MaTeMaTH4HI CTPYKTYpPH, IO MOJAETIOIOTH TOIIOJIOTIIO Ta AWHAMIKY CKIIAJHHUX Me-
pexeBHx cucteM. MeTa CTaTTi: JOCII/PKEHHS, CHCTeMAaTH3allis Ta TOPIBHAIBHHUI aHAII3 MaTeMaTHYHHX MOJEJeil BUIaIKOBUX
rpadiB I BU3HAYCHHS iX NMPHAATHOCTI MO MOJETIOBAHHS DPI3HHX THUIIB CKJIGJHHX MEPEKEBHX cucTeM. PesyabTaTtu 10-
caigKeHHs. Y CTaTTi IPOBEICHO aHAJi3 MaTeMaTHIHHUX MOJeel BHUITaJKOBUX rpadiB, IO JIeKaTh B OCHOBI CydacHOT MepexHOI
Haykd. [TounHaO4YH 3 TEOPETHYHUX OCHOB TpadiB, OYJI0 JOCTIIKCHO SIK KITACHYHI, TaK i CydacHi MOJeli MOOY/I0BH BUITAIKOBHX
Mepex, METO/IM X aHalidy Ta NPaKTHUYHI HANPSMH 3aCTOCYBaHHI. METO/IN aHalidy € KPUTHYHO BOKIMBUMH ISl IPAKTUYHOTO
BUKOPHCTAHHS BHITAJAKOBUX rpadiB, OCKITBKH CaMe BOHH J03BOJITIOTH 3pOOUTH MOJCII MPUAATHUMH JUIs TIPOTHO3YBaHHS, JTiar-
HOCTHUKH Ta yNPAaBIiHHS CKJIATHUMHU CUCTeMaMH. BoHM Takox GopMyrOTh OCHOBY JUIsl iHTerpanii MaTeMaTHYHHUX MoJeneil 3 pea-
JBHUMH JIAaHUMH, 110 € KJF0YO0BOI METOI0 Cy4acHOI HayKH 1po Mepesxi. Knacuuni Mojeni 103BoNs0Th (hopMatizyBaTH BHITA KO-
BIiCTh 3B’SI3KIB Y MEpEXKi, MPOTE€ MAIOTh CYTTEBI OOMEKEHHS Yy BIITBOPEHHI PEANTbHHX TOIOJOTIYHHUX BIIACTUBOCTEH CKIIAJHUX
MepesK, 30KpeMa BHCOKOI KIacTepu3amnii, HeOTHOPIJHOCTI CTYNEHIB Ta MeXaHi3MiB 3poctanHs. CydacHi MOJeNi 3HaYHO Kparie
BIJITIOBIIAIOTh CTPYKTYpi pealbHUX CHUCTeM. BOHM JO3BOJITIOTH MOJETIOBATH TaKi BaXKJIHMBI XapaKTEPUCTUKH, K TOsSBa XaOiB,
KJIacTepu3allisi, KOpOTKa CepeaHs JOBKMHA IUBIXY Ta CTIMKICTh 70 300iB. BHCHOBKH. MaTeMaTH4YHI MOJIeITi BUIIAKOBHUX TpadiB
€ yHiBepcanbHUM iHCTPYMEHTOM JJIsl aHANI3y Ta CHHTE3y Pi3HOMAHITHMX MEPEXKEBHX CHCTEM. IX 3aCTOCYBAHHS J03BOJISAE HE JH-
e GopManbHO ONMUCATH CTPYKTYPY CKIAIHOI CHCTEMH, a i BUSBUTH 11 IPUXOBaHi 3aKOHOMIPHOCTI, IepeAdaynTH 1 MOBEIIHKY 3a
PI3HHX YMOB, a TAKOX ONTHMI3yBaTH (QyHKIIOHYBAHHS 3 ypaXyBaHHAM PealbHUX OOMEXCHb.

KawuoBi ciaoBa: BumagkoBi rpadu, MaTeMaTHYHE MOJEIIOBaHHS, Oe3MaciuTaOHI Mepexi, Moxenb Epnerra—Pensi,
KJIacTepu3allis, CIEKTPAIbHUH aHali3, MEPEKeBi CTPYKTYPH.
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