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Abstract

This paper addresses the problem of selecting numerical input parameters of information system topology
for machine learning models used in assessing functional stability. A statistical analysis was conducted on a
dataset comprising over 30,000 instances described by eight key topological parameters. Using simulation
modeling and correlation matrix analysis, pairwise relationships between the metrics were identified,
enabling the detection and elimination of multicollinear variables. The results of the study make it possible
to optimize the training process of classifiers by reducing the dimensionality of the feature space without
loss of informativeness, thereby improving the accuracy of predicting the functional stability state of
distributed systems.

Keywords
Functional stability, network topology, machine learning, multicolinearuity, statistical analysis, simulation
modeling, information systems, feature selection.

1. Introduction

The use of machine learning for the numerical assessment of functional stability has recently
attracted considerable research attention [1-3]. In complex and distributed computing architectures,
ensuring uninterrupted operational reliability requires robust quantitative metrics and continuous
monitoring paradigms. In particular, a number of studies have conducted comprehensive experiments
with various machine learning models, including neural networks [2, 4], decision trees [1], random
forests [1], and other ensemble methods [4], to evaluate functional stability indicators and predict
potential failures under dynamic load conditions [5]. These predictive frameworks aim to automate
decision-making processes, thereby optimizing resource allocation and enhancing the overall
resilience of critical infrastructures.

However, despite the evident success of predictive analytics, many of these studies face the
fundamental problem of selecting numerical topological parameters of the information system under
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consideration that are free from multicollinearity and high pairwise correlation. The presence of
redundant, highly correlated input features often leads to model overfitting, inflates computational
complexity during training, and degrades the interpretability and stability of classification results. To
mitigate these issues, feature space optimization and dimensional reduction become essential
prerequisites for constructing efficient machine learning pipelines.

In this work, the authors employ simulation modeling to identify the main patterns governing the
selection of certain normalized numerical characteristics of graphs that describe the topology of an
information system. By systematically evaluating a large-scale dataset of generated network graphs,
this study provides a formal statistical rationale for identifying non-redundant topological
descriptors. The obtained results allow researchers and system architects to eliminate collinear
parameters prior to model training, thereby improving classifier precision while minimizing the
computational overhead associated with high-dimensional feature processing in distributed
information systems.

2. Simulation modeling and analysis of its results

Within the simulation modeling framework, a total of 33,860 graphs representing potential topologies
of information systems were generated, and for each of them, eight numerical characteristics were
computed, namely:

_ dmin (G) X, = dmean (G) X, = dmax (G)

h= n-1 " "7 n=1 > 7 au-1”
) .. 1 ..
x,=, min |7(A(G)if), x=—|f(A(G).i. ) )
. G K(G
x6 :i,jI=nl,221,)f.,n ﬁ(A(G),l’]) ’ x7 - }’l(— 1)’ xg B n(— 1),

where (5 is a graph, what describes a topology of considered information system, 72 is a number of

vertices of this graph, dmin (G), dmean (G) and dmax (G) are min, average and max degrees of
vertices of graph G, A(G) is an adjacency matrix of this graph, ﬁ? (., I, ] ) is a coefficient of 2D

DFT of matrix, ﬂ(G) and K (G) are degrees of vertex and edge connectivity of graph G,

respectively.
The results of the described calculations are further analyzed using statistical data analysis
methods.

2.1. Detection and drop of anomalies in generated dataset

To begin with, let us assess the presence of anomalies in the obtained dataset. This can be
accomplished using Fig. 1.
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Figure 1: Violinplots for parameters (1) in the dataset

As shown in Fig. 1, the presence of anomalies is clearly observed across all parameters, which can
be further confirmed using other types of visualization, such as box plots.
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Figure 2. Boxplots for parameters (1) in the dataset

If quantile-based analysis methods are applied, the anomalies observed in Figs. 1-2 can be
removed, thereby enabling correlation analysis to be performed without potential distortions.

2.2. Correlation analysis of parameters (2)

For conducting the correlation analysis, it is sufficient to compute three measures:

e the correlation matrix;
e the maximum F-statistic for subsets of parameters of a given size;
e the variance inflation factor (VIF) for each parameter, with all others treated as predictors.

To begin with, a visualization of the correlation matrix for the obtained dataset is constructed.
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Figure 3: Heatmap of correlation matrix

Fig. 3 clearly shows two pairs of well-correlated parameters, namely:

e X,and Xg;



° X, and Xg.

In the context of the problem under consideration, a high correlation between these pairs of
parameters indicates that only one of them can be used as input to a machine learning model without
a significant loss in accuracy. However, to ensure this, additional computations are performed.

Specifically, the maximum F-statistic for subsets of parameters of a given cardinality is evaluated,
along with the variance inflation factor (VIF) for each parameter, with all remaining variables treated
as predictors.

Table 1
Max f-statistics for given parameters number from (1)
Parameters number Max f-statistics Parameters set
2 25830,058
725830,05 X, X,
654906,552
3 X3» Xy Xs
4 394904,2
’ X3» Xy X5, Xg
282348,69
. 697 Xy X35 Xys Xss
X6
212332,602
6 /6 Xos X3, Xy Xs,
Xg, X5
168962,90
7 68962,907 Xy Xy, Xy, X,
Xeg» X75 X
8 131740,112 All parameters
Table 2
VIF for parameters with other parameters as predictors
Parameter VIF
o0
X,
o0
X6
const 144,618
X, 19,363
19,023
X7
X, 3,053
2,679
X3
2,07
5
1,212
Xy

On Fig. 3 and tables 1-2 we may see, that there is most probable, that parameters X; and X, gives
most “unique” information in (1) despite high f-statistics for this pair of parameters. So, for enough

accuracy of machine learning models parameters X; and X, must be given as an input. Opposite

situation we may see for parameters X, and Xg: these parameters strongly depend on other



parameters in (1) (especially, with X, and X, respectively), what specifically good may be seen on
fig. 3 and table 2. It means, that if we give as input of model parameters X, and X, parameters X
and Xg should not be given as input and vice versa.

As the result, we see, that from parameters (1) we definitely must give as input parameters X, and

X,, but with parameters X, and X; we need to be as careful as possible and without a need
sometimes don’t give it as input of machine learning model.
Now, to be sure, that parameters X, and Xy may be potentially ignored, let see on the figure 4

and the figure 5.
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Figure 4: Scatter for parameters X, and X
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Figure 5: Scatter for parameters X, and Xg

As clearly observed in Fig. 4, the joint distribution between the normalized average vertex degree
X, and the maximum 2D Discrete Fourier Transform coefficient X, exhibits a rigorous, near-

deterministic linear trajectory. This strict functional relationship demonstrates that the spectral
maximum of the adjacency matrix scales directly with the structural density of graph edges.
Consequently, retaining both parameters simultaneously introduces duplicate Variance Inflation
Factor (VIF) overhead without providing any additional decision-making variance to machine
learning models.

Similarly, the scatter plot in Fig. 5 confirms an almost perfect monotonic and discrete alignment

between normalized vertex connectivity X, and normalized edge connectivity Xg. This behavior

naturally aligns with the fundamental graph theory principle where edge connectivity is strictly
bounded below by vertex connectivity. The visual clustering along the primary linear trend
underscores that either variable independently captures the structural resilience threshold of the
information system graph.

Therefore, these empirical visualizations provide solid justification for pruning X, and Xg from

the input feature space, enabling the construction of lightweight, non-redundant classifiers while
fully preserving topological information integrity.

3. Conclusions

The study addresses the problem of optimizing the training process of machine learning models for
assessing the functional stability of information systems. The main idea of the research is the justified
selection of input topological parameters through the identification and elimination of



multicollinearity, which makes it possible to improve the accuracy of system state classification while
reducing the computational cost of model training.

During the simulation modeling and statistical analysis of a dataset comprising over 30,000
instances, a correlation matrix was computed and the level of pairwise relationships between
parameters was determined. This made it possible to establish that, out of all parameters (1), it is
reasonable to provide no more than six as input features to machine learning models, namely:

L X,
2 X, or X,
3. Xj,
4. Xy,
5. Xs,
6. X, or Xg.

The obtained results may be applied in various domains, particularly those that rely heavily on
information and other distributed systems, including sensor networks [5], data centers [6-8],
cybersecurity [9, 10], virtual and cloud systems [11, 12], as well as numerous other application areas
[13-18]. In practical deployment scenarios, eliminating multicollinear topological variables allows for
the construction of lightweight, computationally efficient classifiers capable of operating in real-time
edge and fog environments. Furthermore, reducing the dimensionality of the input feature space
enhances the generalization ability of machine learning architectures, preventing model overfitting
and ensuring stable performance under non-stationary network loads. Ultimately, the proposed
feature selection protocol serves as a foundational step toward building automated diagnostic and
control frameworks that continuously monitor infrastructure health, optimize resource utilization,
and guarantee high functional stability across dynamic and scalable computing environments.
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