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THROUGH TOPOLOGICAL STRUCTURE  
 

The subject of this research is the application of machine learning to detect the functional stability of distributed 
information systems based on the numerical characteristics of their topology. This study aims to improve the 
accuracy of verifying the condition whose fulfillment ensures the functional stability of considered distributed 
information systems. The task of this research is to improve the accuracy of machine learning-based verification 
of the condition whose fulfillment ensures the functional stability of a considered distributed information system. 
The main result of the study is the development of an ensemble classifier based on multiple heterogeneous 
machine learning models, enabling superior accuracy compared to that reported in related studies on the same 
or similar tasks. Unlike other studies on applying machine learning to assess information system functional 
stability, the proposed classifier architecture allows sequential use of sets of machine learning models. In other 
words, the first set of models receives a group of input parameters and estimates certain additional parameters. 
The obtained estimates are then passed to another set of models, which produces the final result. This approach 
enables the discovery of deeper dependencies between input and output parameters, which in turn yields higher 
accuracy. Such an approach differs significantly from the one commonly used in practice, where all models 
receive the same input parameters, produce the same type of output, and aggregate their outputs depending on 
the specific task. Conclusions. The study's outcome is a trained and tested ensemble machine learning model 
that, based on several numerical characteristics, detects whether the condition is met for the considered distrib-
uted information system to be regarded as functionally stable. The ensemble machine learning model obtained 
in this work can be applied at the design stage of information systems. When used as demonstrated here, the 
machine learning models trained in the study can be integrated into software for the design and simulation of 
information systems. The method for combining these machine learning models is of particular interest. As de-
scribed in the paper, the approach to organizing models within the ensemble opens new possibilities for building 
highly accurate classifiers. The principal scientific novelty of the obtained results lies in a new approach to 
constructing ensemble machine learning models. Unlike classical ensembles, such as random forests, the ensem-
ble described in this study employs a set of machine learning models to compute estimates of certain parameters, 
which are then used as inputs to another set of models. This particular approach to organizing the ensemble 
most likely improved the quality of solving the task, as demonstrated within the study. 
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1. Introduction 

 
1.1. Motivation  

 
The active computerization of several important 

fields related to human activity requires the increasingly 
intensive use of different distributed information sys-
tems. However, as the use of distributed information sys-
tems expands, so do the requirements imposed on them. 
As demonstrated in practice, one of the most important 
requirements currently placed on distributed information 
systems is their functional stability. The functional sta-

bility of a system is its complex property, which de-
scribes the possibility of this system to solve given tasks, 
at least partially considering possible inner or outer de-
structive effects. In fact, this property may be critical in 
many cases because it includes the reliability, survivabil-
ity, and redundancy of the considered system, which al-
lows for a more complex analysis of the system.  

At present, a number of metrics, commonly referred 
to in the literature as “functional stability indicators,” in-
dicate functional stability, as well as a set of conditions 
under which an information system may be regarded as 
functionally stable. One of the simplest such conditions 
can be formulated as follows: 
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    G 2 G 2,      (1) 

 
where  G  is a degree of edge connectivity of a graph 

G , which describes the topology of the considered dis-
tributed information system, and  G  is a vertex con-
nectivity of this graph. Condition (1) is arguably the most 
intuitively clear among those developed to date, as well 
as one of the most thoroughly studied. However, it also 
has its drawbacks, the most significant of which is the 
relatively large number of computations required for its 
verification. This has led to the use of machine learning 
[1]. Nevertheless, preliminary experiments with its appli-
cation [1] demonstrate that typical classification models 
do not provide sufficient accuracy in determining the re-
alization of condition (1) based on a set of numerical 
characteristics of the topology of the distributed infor-
mation system under consideration. Therefore, an alter-
native machine learning-based approach that would over-
come this drawback is needed.  

Although many methods have been proposed for as-
sessing the functional stability of information systems, 
their practical applicability remains limited. Classical an-
alytical approaches require significant computational ef-
fort; therefore, they cannot be easily integrated into mod-
ern software tools used during system design. At the 
same time, machine-learning-based solutions typically 
address only isolated aspects of system behavior and do 
not provide a comprehensive view of system stability. 
The proposed method overcomes these limitations by re-
lying solely on the numerical topological characteristics 
extracted automatically from the system model. This cre-
ates a direct connection between our results and real in-
formation systems, enabling seamless integration of the 
classifier into existing design and simulation environ-
ments to support automated stability assessment through-
out the system lifecycle. 

 
1.2. State of the art  

 
System modeling, including distributed information 

systems, constitutes a logical component of their investi-
gation before direct operation. This step enables the iden-
tification of the specific features of the system under con-
sideration, including its functional stability. 

Many studies devoted to functional stability estima-
tion rely on well-established mathematical apparatus. For 
instance, in several works, the authors propose applying 
methods inherent to the theory of dynamical systems and 
related domains. For example, in [2, 3], authors describe 
a usage of methods, typical for dynamical systems the-
ory, for analysis of functional stability, and in [4, 5], au-
thors purpose to use more complex methods, based on 

general concepts of mathematical modeling. Some other 
works describe approaches that are typical for combina-
torial analysis and discrete mathematics. For example, [6, 
7] purpose ways of analysis of functional stability, simi-
lar to methods of graph theory, and [8] describes the use 
of methods of combinatorial analysis and set theory. 
However, such approaches have certain significant draw-
backs, such as high computational complexity. There-
fore, the transition to methods associated with artificial 
intelligence appears logical. 

Several studies have been dedicated to tasks related 
to the functional resilience of information systems and 
their resolution with ML. For example, in [9, 10], the au-
thors regard artificial intelligence as a tool for traffic 
analysis, which can help gain an overall understanding of 
the system’s operational resilience. In a number of works,  
is applied to the detection of cybersecurity-related as-
pects that may influence functional stability. For exam-
ple, in [11], the authors describe the methodological as-
pects of the usage of AI in this field, [12] describes the 
use of AI for analyzing social risks, and [13] describes 
how AI may be used for the analysis of the behavior of 
individual users. Some works address the use of machine 
learning in assessing a range of technical aspects associ-
ated with the resilience of information systems. For ex-
ample, in [14], authors show how neural networks may 
be used in energetics, [15] describes the usage of artificial 
intelligence for modeling the architecture of information 
systems, and [16] describes possible problems related to 
the usage of artificial intelligence in digital hardware. 
However, all such studies, including those cited above, 
employ machine learning to examine only individual as-
pects of functional stability, rather than resilience as an 
integral property of the system. 

The authors of [1] attempted to assess functional 
stability as a distinct property of an information system 
through machine learning. In that study, the authors con-
ducted experiments with several machine learning mod-
els that demonstrated reasonable accuracy in detecting 
whether the information system under consideration is 
functionally stable. Nonetheless, the accuracy reported in 
[1] remains insufficient for application, particularly in 
critical infrastructure or during an information system’s 
autonomous operation. 

Thus, based on the analyzed state of the art, it can 
be concluded that while contemporary international stud-
ies extensively employ machine learning and artificial in-
telligence to evaluate network anomalies, data reliability, 
and infrastructural vulnerability, they typically treat sta-
bility parameters in isolation. Most existing frameworks 
focus on specialized engineering or cybersecurity aspects 
rather than addressing functional stability as an integral 
property of the information system determined by its un-
derlying topological structure. Consequently, a critical 
research gap remains in developing comprehensive, low-

Safety and cyber security 187



complexity machine learning methods capable of fully 
identifying global structural stability conditions with 
high accuracy, underscoring the necessity of the alterna-
tive approach proposed in this study. 

 
1.3. Objectives and tasks 

 
To solve the described problem within the scope of 

the study, the following tasks were set: 
 To select the structure of an ensemble learning 

model and the numerical parameters to be used as its in-
put; 

 To generate a dataset for training the chosen ma-
chine learning model and to analyze this dataset for pos-
sible relationships among the selected input parameters; 

 To train the chosen machine learning model and 
compare its accuracy with existing machine-learning-
based solutions to the stated problem. 

Section 2 of the study is dedicated to describing the 
general approach to solving the problem. Section 3 de-
scribes the main result of the fork. In particular, subsec-
tion 3.1 provides a general description of the architecture 
of the machine learning model. Subsection 3.2 demon-
strates an argumentation of the reasons for the usage pa-
rameters used in the study as input of the developed ma-
chine learning model. Subsection 3.3 provides details of 
the developed architecture (section 2) and compares the 
accuracy of the machine learning model's architecture 
with that of other machine learning models for analog 
problems. 

 
1.4. Case-study 

 
This study considers a structural evaluation sce-

nario of a modern cloud-based distributed information 
system (DIS) to demonstrate the practical relevance and 
applicability of the proposed machine learning frame-
work. Such a system structurally comprises numerous 
heterogeneous processing nodes (i.e., servers, database 
units, and edge-gateways) interconnected via high-speed 
communication lines. These components are mapped 
onto an unweighted undirected graph $G$ in graph-theo-
retical modeling, where the vertex set $V$ denotes the 
active computing nodes and the edge set $E$ represents 
bidirectional information channels. 

The DIS must maintain its functional stability under 
severe operational conditions, including hardware fail-
ures, localized cyberattacks, or accidental wire breaks, 
ensuring that critical data routing remains uncompro-
mised. The verification condition (1) serves as an early-
stage architectural filter during system deployment. If the 
topology yields    G G   , the system guarantees 
maximal structural resilience under independent node or 
edge failures. This study systematically evaluates how 

the developed sequential ensemble handles diverse topo-
logical configurations (ranging from sparse tree-like net-
works to dense, highly redundant cluster topologies), 
demonstrating its ability to automate stability checks in 
real-time network simulators without executing compu-
tationally prohibitive exhaustive search routines. 

 
2. Materials and research methods 

 
This study aims to use machine learning to deter-

mine the functional stability of an information system 
based on its topology. Within the framework of the work, 
it is assumed that, to improve the results obtained for ver-
ifying the fulfillment of condition (1), it is possible to se-
quentially employ several models trained separately, i.e., 
some models use the outputs of others as inputs. A da-
taset was generated using the Monte Carlo method, in 
which preselected parameters were computed for ran-
domly selected graphs. The analysis of the dataset, model 
training, and evaluation of results were performed in Py-
thon.         

 
3. Results and Discussion 

 
3.1. Description of an improved approach 

for detecting the fulfillment of condition (1) 
 

As demonstrated in [1], achieving the required ac-
curacy in identifying the fulfillment of condition (1) us-
ing a single machine learning model is rather challeng-
ing. Therefore, it is logical to employ not just one model 
but several. Accordingly, the following approach was 
adopted within the framework of this study. Let there be 

two ML models, one of which estimates 
 G

n 1



, where 

n  is a number of machines in a considered information 

system, and second estimates 
 G

n 1



. In addition, let 

there be a third machine learning model, which uses esti-

mates of 
 G

n 1



 and 
 G

n 1



, given by the first second 

model, and gives 1, if condition (1) is realized, and 0 in 
the opposite case. Visually, this schema may be presented 
as shown in Fig. 1.  

Each model depicted in Fig. 1 as a rectangle is 
trained independently and may have its own architecture 
and hyperparameters. Unlike common practice, every 
model architecture and its hyperparameters are selected 
independently to guarantee maximum output accuracy. 
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Fig. 1. Schema of modified way of estimation  
of realization of condition (1) 

 
3.2 Definition of information system parameters 

that could be used as input  
for machine learning models  

 
3.2.1. Selection of numerical parameters to be 

used as input for the first two machine learning 
models 

 
Condition (1), like all formulated indicators and 

conditions of functional resilience, is closely related to 
the topology of the information system, as observed in 
several studies [1]. Therefore, it is logical to give to mod-
els 1M  and 2M  a number of numerical parameters of 
topology as input. Thus, by analyzing publications such 
as [1], it can be concluded that the following parameters 
should be supplied as inputs to the aforementioned mod-
els: 

 

 maxmin
1 2 3

dd
x , x , x S,

n 1 n 1
  

 
 (2) 

 
where п  is a number of machines (module, or something 
like this) in  the considered information system, S  is a 
saturation of graph G , what describes a topology of the 
considered information system, mind  and maxd  are min 
and max degrees of a node of graph G , respectively. 
However, it is clear that these parameters may be insuf-
ficient. Therefore, there is a sense to additionally select 
some numeric parameters of a graph G , which could po-
tentially affect the realization of condition (1), even if this 
may appear counterintuitive or unjustified at first glance. 
For example, to (2), one may add parameters 
 
 

 

avmin
4 5

n
2max

6 7 n
2

ee
x , x ,

n 1 n 1

e 2 det Ax , x ,
n 1

n

 
 

 


 (3) 

 
where А  is a adjacency matrix of a graph G , mine  and 

maxe  min and max eigenvalues of this matrix, ave  is a 

mean of all eigenvalues of adjacency matrix and п  is a 
number of machines in the considered information sys-
tem. 

 
3.2.2. Regression analysis to determine the in-

fluence of parameters (2)-(3) on the final result 
 

To train the machine learning models, a dataset was 
generated by randomly selecting 3999996 connected 
graphs, which includes the parameters (2)–(3), parame-

ters 
 G

n 1



 and 
 G

n 1



, and, in addition, a column, in 

which 1 means a realization of condition (1) for the se-
lected graph and 0 in the opposite case. 

Before directly training the aforementioned models, 
the generated dataset should be preliminarily analyzed to 
determine whether it is appropriate to use all parameters 
(2)–(3) as inputs or whether only a subset of them should 
be employed. For this purpose, we constructed a visuali-
zation of the correlation matrix (Fig. 2).  

 

 
 

Fig. 2. Visualization of correlation matrix 
 
Several important patterns can be clearly observed 

in Fig. 2. First, the parameters 4х , 5х  and 6х  are poten-
tially strongly correlated with each other. Therefore, only 
one of these features should be provided as input to the 
machine learning model. In this way, the likelihood of 
redundancy in learning models, that predict, that predict 

values. 
 G

n 1



 and 
 G

n 1



, can be reduced.  Secondly, in 

Fig. 1 it can be observed that these quantities also corre-
late strongly with each other, as well as with the validity 
of condition (1). This may raise certain concerns regard-
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ing the appropriateness of the previously described ap-
proach. However, if the approach proves to be justified, 
this observation substantially simplifies the selection and 
calibration of the model that will perform  

predictions, based on 
 G

n 1



 and 
 G

n 1



, realization of 

condition (1). To verify the above considerations, we 
construct two sets of scatter plots: the first one for the 
parameters 4х , 5х  and 6х  (Fig. 3) and second one for 

the parameters 
 G

n 1



, 
 G

n 1



 and realization of condi-

tion (1) (Fig. 4). Considering the mathematical aspects of 
all described parameters, all scatter plots will be plotted 
in unit squares. This factor is practical for two reasons. 
First, it will help us to analyze the dataset used for model 
training and to extrapolate the results of this analysis on 
all possible cases. Second, this factor indicates that the 
selected parameters range from 0 to 1, which allows the 
experiment with the architectures of the model in the en-
semble, which architecture is described above. 

 

 
Fig. 3. Scatter plots for parameters 4х , 5х  and 6х  

 

 

Fig. 4. Scatter plots for  
 G

n 1



, 
 G

n 1



 and realization 

of condition (1) 
 
As shown in Fig. 3, there is a real linear dependency 

between parameters 4х , 5х  and 6х . This implies that to 
minimize the potential redundancy of the models 1M  
and 2M  as input may be used only once (for example, 

4х ). On the other hand, on the first scatter plot in Fig. 4, 

we may see, that parameters
 G

n 1



 and 
 G

n 1



, which 

will be predicted by models 1M  and 2M , respectively, 
do not have concrete dependencies. In addition, Fig. 4 
shows that the selection of the architecture of model 3M  
makes sense given its geometric interpretation. 

 
3.3. Direct training of machine learning models  

and analysis of the obtained results 
 
The study suggests, that (see Fig. 1): model 1M  is 

feed-forward neural network with three hidden layers, 
every of which have 750 neurons and  sinh x  as activa-

tion function, and output neuron with  х  as activation 

function; model 2M  is similar to 1M , but first and third 
hidden layers have 725 neurons, and the second has 775 
neurons; model 3M  is based on SVM with quadratic ker-
nel. The result of the training of the described models and 
its testing on a separately generated dataset was given as 
follows: if we try to predict the realization of condition 
(1) using modes 1M , 2M  and 3M , what will be con-
nected to each other as shown in Fig. 1, the prediction 
accuracy will be 96.8%. 

To comprehensively validate the efficiency of the 
developed sequential framework and confirm the 
achievement of the research objectives, its classification 
metrics must be critically compared not only with the 
baseline models originally structured in [1] but also with 
alternative state-of-the-art machine learning configura-
tions and advanced ensemble techniques commonly ap-
plied to topological feature processing, such as optimized 
logistic Regression Ensembles described in recent meth-
odological literature [17]. All evaluated classification 
paradigms, including standalone decision trees, classical 
random forests, multilayered feed-forward neural net-
works (FNN), and multi-model architectural combina-
tions, were trained, calibrated, and validated using the 
same large-scale dataset generated from 3,999,996 topo-
logical graph samples, providing a mathematically rigor-
ous and fair benchmark. The comparative performance 
metrics are presented in Table 1. 
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First, it will help us to analyze the dataset used for model 
training and to extrapolate the results of this analysis on 
all possible cases. Second, this factor indicates that the 
selected parameters range from 0 to 1, which allows the 
experiment with the architectures of the model in the en-
semble, which architecture is described above. 

 

 
Fig. 3. Scatter plots for parameters 4х , 5х  and 6х  

 

 

Fig. 4. Scatter plots for  
 G

n 1



, 
 G

n 1



 and realization 

of condition (1) 
 
As shown in Fig. 3, there is a real linear dependency 

between parameters 4х , 5х  and 6х . This implies that to 
minimize the potential redundancy of the models 1M  
and 2M  as input may be used only once (for example, 

4х ). On the other hand, on the first scatter plot in Fig. 4, 

we may see, that parameters
 G

n 1



 and 
 G

n 1



, which 

will be predicted by models 1M  and 2M , respectively, 
do not have concrete dependencies. In addition, Fig. 4 
shows that the selection of the architecture of model 3M  
makes sense given its geometric interpretation. 

 
3.3. Direct training of machine learning models  

and analysis of the obtained results 
 
The study suggests, that (see Fig. 1): model 1M  is 

feed-forward neural network with three hidden layers, 
every of which have 750 neurons and  sinh x  as activa-

tion function, and output neuron with  х  as activation 

function; model 2M  is similar to 1M , but first and third 
hidden layers have 725 neurons, and the second has 775 
neurons; model 3M  is based on SVM with quadratic ker-
nel. The result of the training of the described models and 
its testing on a separately generated dataset was given as 
follows: if we try to predict the realization of condition 
(1) using modes 1M , 2M  and 3M , what will be con-
nected to each other as shown in Fig. 1, the prediction 
accuracy will be 96.8%. 

To comprehensively validate the efficiency of the 
developed sequential framework and confirm the 
achievement of the research objectives, its classification 
metrics must be critically compared not only with the 
baseline models originally structured in [1] but also with 
alternative state-of-the-art machine learning configura-
tions and advanced ensemble techniques commonly ap-
plied to topological feature processing, such as optimized 
logistic Regression Ensembles described in recent meth-
odological literature [17]. All evaluated classification 
paradigms, including standalone decision trees, classical 
random forests, multilayered feed-forward neural net-
works (FNN), and multi-model architectural combina-
tions, were trained, calibrated, and validated using the 
same large-scale dataset generated from 3,999,996 topo-
logical graph samples, providing a mathematically rigor-
ous and fair benchmark. The comparative performance 
metrics are presented in Table 1. 

Let us compare the accuracy of the way prediction 
of the realization of condition (1), described in this work, 
with a way of solving the same problem, but described in 
[1] (Table 1). 
 

Table 1 
Comparative analysis of classification accuracy for con-
dition (1) verification across different machine learning 

frameworks  

Model 
Architec-

ture 

Operational 
Framework 

/ Source 
Origin 

Accu-
racy, % 

False 
posi-
tive 
rate, 
% 

False 
posi-
tive 
rate, 
% 

Decision 
tree 

Baseline 
topology 
evaluator 

[1] 

85.9 11 17 

Random 
forest 

Classical 
uniform 

voting par-
adigm [1] 

86.7 11.9 14.8 

Feed for-
ward neu-

ral net-
work 

Standard 
direct fea-
ture map-
ping [1] 

86.5 11.4 15.3 

Logistic 
regres-
sion en-
semble 

Optimized 
invariant 

approxima-
tion [17] 

88.2 9.8 12.1 

Proposed 
sequen-
tial en-
semble  

Developed 
multi-layer 
Framework 

96.8 3.6 2.7 

 
As shown in Table 1, the method developed in this 

work for detecting the realization of condition (1) per-
forms significantly better than the machine learning mod-
els discussed in [1]. 

 
4. Discussion 

 
The experimental results summarized in Table 1 re-

veal that the developed sequential machine learning ar-
chitecture provides substantial performance gains over 
both the standalone baseline models investigated in [1] 
and the uniform ensemble techniques described in the re-
lated literature [17]. The noticeable increase in accuracy 
(96.8%) primarily stems from the unique structural de-
coupling within the ensemble framework. Instead of di-
rectly mapping highly nonlinear topological graph de-
scriptors to a binary stability condition, the first layer of 
the ensemble (models 1M  and 2M ) transforms raw 

spectral and structural features into intermediate normal-

ized invariants (
 G

n 1



 and 
 G

n 1



). This sequence sub-

stantially simplifies the optimization landscape for the fi-
nal SVM-based classifier ( 3M ), which performs deci-
sion boundary separation within a reduced, geometrically 
bounded unit square. From an engineering perspective, 
minimizing False Positive Rate (FPR) down to 3.6% and 
False Negative Rate (FNR) to 2.7% holds profound prac-
tical implications for DIS synthesis. A low FNR ensures 
that architectures flagged as structurally stable are not 
mistakenly identified as vulnerable, preventing cata-
strophic failures in production environments. However, 
certain computational trade-offs must be outlined. The 
deployment and inference times of the trained ensemble 
are nearly instantaneous, making it suitable for rapid au-
tomated CAD design tools. However, the offline training 
phase exhibits elevated complexity. Training three inde-
pendent, distinct learning models requires a strictly cali-
brated, balanced dataset. Currently, this dataset genera-
tion heavily relies on exhaustive Monte Carlo graph sim-
ulations. Therefore, future research directives will focus 
on evaluating the framework’s behavior under dynamic, 
scale-free graph topologies and investigating approxima-
tion techniques [17] to alleviate the database compilation 
constraints without decaying the achieved classification 
precision. 

 
5. Conclusions 

 
As a result of this study, a new classifier was built 

to predict the realization of condition (1) for an infor-
mation system. As shown in the Fig. 1, this classifier con-
sists of three machine learning models: two neural net-

works that evaluate the values of the variables 
 G

n 1



 

and 
 G

n 1



, where G  is a graph that describes a topology 

of the considered information system,  G  is a degree 

of edge connectivity of graph G ,  G  is a degree of 
vertex connectivity of this graph and п  is a number of 
machines in the considered information system, and a 
model based on SVM with quadratic kernel that makes a 
direct prediction of the realization of condition (1). As 
can be seen from (2)-(3), Figures 2-3, and Table 1, if the 
following parameters are passed to the neural networks 
as input     

 

 

n
2maxmin min

n
2
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the classifier described in the paper will provide a fairly 
high accuracy.  

The primary advantage of the resulting classifier is 
its high accuracy. In contrast to the single-model ap-
proach proposed in [1] for this task, our method, which 
employs multiple models where the output of one serves 
as the input to another, achieves substantial accuracy im-
provements, as shown in Table 1. Nevertheless, this clas-
sification method has a major drawback: a significant in-
crease in computational complexity, particularly during 
training. This issue highlights the need for additional re-
search to reduce computational load during the training 
and operation of these machine learning models without 
compromising accuracy.         

A potential solution to this problem may be the us-
age of approximation methods [17] as alternatives to 
models  1M  and 2M . A potential possibility of this ap-
proach may be argued by the existence of results in the 
usage of machine learning based methods in approxima-
tion [18]. However, this task and related tasks for imple-
menting the obtained results [19, 20] may be a topic for 
future research, especially in the context of the research 
described in previous works [21, 22].     
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МЕТОД ВИЗНАЧЕННЯ ВИКОНАННЯ УМОВ ФУНКЦІОНАЛЬНОЇ СТІЙКОСТІ РОЗПОДІЛЕНИХ 
ІНФОРМАЦІЙНИХ СИСТЕМ ЗА ТОПОЛОГІЧНОЮ СТРУКТУРОЮ ІЗ ЗАСТОСУВАННЯМ 

МАШИННОГО НАВЧАННЯ  
С. О. Довгий, О. В. Копійка, О. В. Барабаш, Ю. В. Кравченко, А. В. Макарчук 

Предметом дослідження є застосування машинного навчання для виявлення функціональної стійкості 
розподілених інформаційних систем на основі числових характеристик їхньої топології. Метою даного 
дослідження є вдосконалення раніше отриманих результатів щодо точності встановлення виконання умови, 
що забезпечує функціональну стійкість розподілених інформаційних систем. Завданням дослідження є 
підвищення точності перевірки умови, виконання якої забезпечує функціональну стійкість розглянутої 
розподіленої інформаційної системи, на основі машинного навчання. Основним результатом дослідження є 
розроблений ансамблевий класифікатор, заснований на використанні кількох різнотипних моделей 
машинного навчання, що дало змогу отримати точність, вищу за ту, що отримана в аналогічних роботах, 
присвячених цій же задачі або суміжним. На відміну від інших робіт, пов’язаних із використанням машинного 
навчання для оцінки функціональної стійкості інформаційних систем, запропонована в роботі архітектура 
класифікатора передбачає послідовне використання наборів моделей машинного навчання: перша множина 
моделей отримує набір вхідних параметрів та оцінює певні інші параметри, а отримані оцінки передаються 
на вхід інших моделей, які вже й видають кінцевий результат. У такий спосіб можна виявити глибші 
залежності між вхідними та вихідними параметрами, що й дає змогу отримувати вищу точність. Такий 
підхід значно відрізняється від того, який, як правило, використовується на практиці, де всі моделі 
приймають на вхід одні й ті ж параметри, видають на виході одне й те саме, а їх вивід «збивається» в один 
залежно від того, яка задача вирішується. Висновки. Результатом дослідження є розроблена, навчена та 
верифікована ансамблева модель машинного навчання, яка на основі вектора кількісних параметрів прогнозує 
дотримання критерію функціональної стійкості розподіленої інформаційної системи. Отримана в роботі 
ансамблева модель машинного навчання може бути використана на етапі проєктування інформаційних 
систем. Моделі машинного навчання, навчені в межах дослідження та використані так, як показано в 
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роботі, можуть бути інтегровані в програмне забезпечення, орієнтоване на проєктування та симуляцію 
роботи інформаційних систем. Не менший інтерес викликає спосіб поєднання цих моделей машинного 
навчання. Описаний у роботі підхід до організації моделей усередині ансамблю відкриває нові можливості 
для створення високоточних класифікаторів. Головною науковою новизною отриманих результатів є новий 
підхід до побудови ансамблевих моделей машинного навчання. На відміну від класичних ансамблів, як-от, 
наприклад, випадкові ліси, ансамбль, описаний у цій роботі, передбачає застосування набору моделей 
машинного навчання для обчислення оцінок певних параметрів, які виступають входом для іншого набору 
моделей машинного навчання. Найімовірніше, саме цей підхід до організації ансамблевої моделі машинного 
навчання й забезпечив підвищення якості вирішення поставленої задачі, продемонстроване в межах 
дослідження. 
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