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FORECASTING THE STATE OF TELECOMMUNICATION NETWORKS USING
QUANTILE AND LOGISTIC REGRESSION METHODS

In today's modern world, the ubiquity of information technology has intertwined
telecommunications systems with every facet of human life. It's challenging to fathom a world where
you're disconnected from the ""World Wide Web" or unable to exchange data instantly via the intricate
web of modern mobile devices. The vitality of staying connected online cannot be overstated, and ensuring
the smooth functioning of telecommunications systems is paramount. This paper delves into the pivotal
task of predicting and managing the performance of these networks, employing quantile and logical
regression techniques. Our study leverages real-world data from telecommunication network operations to
construct a predictive model capable of anticipating network conditions in advance. This predictive
capability serves as the linchpin for intelligent decision-making systems, facilitating real-time network
management. By implementing machine learning methods, specifically quantile regression, we achieve a
sophisticated understanding of how various factors influence network performance. Our research doesn't
just stop at forecasting; it extends to the realms of intellectual decision-making systems, where the insights
gained from regression analysis play a pivotal role. These intelligent systems are equipped to make data-
driven decisions on network resource allocation, maintenance schedules, and preemptive problem
resolution. In essence, they act as the custodians of network stability, ensuring that telecommunication
systems remain robust and responsive to the ever-evolving demands of modern society. This article sheds
light on the indispensable role of regression methods in proactively managing the state of
telecommunications networks. By harnessing the power of machine learning and data-driven insights, we
pave the way for a future where network disruptions are minimized, and the seamless connectivity we've
come to rely on remains a constant presence in our lives.

Keywords: information technology, telecommunication system, intellectual decision-making system,
machine learning, quantile regression.

Introduction.Modern life is hard to imagine without information technology. A set of
numerous digital radio-electronic devices connected to telecommunication systems not only help in
organizing business processes at large enterprises, but also deeply entered our daily life. It is
difficult to overestimate the importance of being in touch 24 hours a day and exchanging data at any
second through networks consisting of modern mobile devices. Despite the fact that at first glance,
many electronic devices seem to be independent, upon closer examination, they perform the
functions of collecting, processing and transmitting information. And even if the device provides all
of the above functionality, they still need to exchange information with each other through
telecommunication networks.

At the moment, information technology has gone far ahead, which makes it possible to
transfer information between devices at a high level. However, due to the complex multifunctional
nature of these devices, the issues of maintaining high efficiency of information exchange play a
key role in information technology. One of the main characteristics that determine the quality of the
functioning of digital radio-electronic devices, designed solely to support the exchange of data
between the remaining devices, is reliability. The operability and reliability of telecommunication
systems and computer networks, consisting of radio-electronic devices for processing and
transmitting information, will ultimately be characterized by the operability and reliability of the
most inefficient device. Therefore, timely warning by identifying relevant inefficient devices is a
key element in the analysis and monitoring of such systems.

Recently, to solve the problems of analysis and monitoring of telecommunication systems and
computer networks, applied intelligent technologies are increasingly used [7]. Such technologies are
based on the so-called machine learning technologies, on the basis of which decision-making
systems are built for the intelligent control of complex distributed info communication
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networks [1]. Machine learning algorithms designed for predictive use basically use the idea of
autocorrelation between values over time. The general structure of the intelligent control system:

* telecommunications network;

» database of characteristics of the telecommunications system,;

» data processing system based on machine learning technologies;

* decision making system;

Intelligent systems can differ significantly in their functions, but they always contain these
blocks to one degree or another [2].

It is important to note that the main architectural feature that distinguishes the intelligent
control system (Fig. 1.) from the one built according to the "traditional” scheme is due to the
connection of storage mechanisms and intelligent data processing that characterize the operation of
systems.
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Figure - 1. General structure of the intelligent control system

This feature of intelligent systems allows real-time monitoring, analysis and effective
management of the telecommunications network.

Formulation of the problem. The main purpose of the study is to build a mathematical
model for predicting indicators that characterize the operation of telecommunication networks in
order to optimize an intelligent decision-making system.

Research method. In this work, the quantile regression method was used as a machine
learning model. In this work, the theory of logistic regression was used as a machine learning
model.

Logistic regression [3, 4] is used to predict the probability of occurrence of some event based
on the values of a set of features. To do this, the so-called dependent variable is introduced, which
takes only one of two values - as a rule, these are the numbers 0 (the event did not occur) and 1 (the
event occurred), and a set of independent variables (also called features, predictors or regressors) -
real x, x,,..., X, , based on the values of which it is required to calculate the probability of accepting

one or another value of the dependent variable.
It is assumed that the probability of an event occurring y =1 equal:

Py =1|x}= f(2)
where z=0"x=6x +..+6 X, X and & column vectors of values of independent variables

X, X, X, @nd parameters (regression coefficients) - real numbers 6,,6,...., 6, , respectively, f(z)-
the so-called logistic function (sometimes also called the sigmoid or logit function):
f(z)=—2_.
1+e*
Since it takes only the values 0 and 1, the probability of the first possible value is equal to:
Ply=0|x}=1—f(z)=1- f(0"x)

92



For brevity, the distribution function for given can be written in the following form:

Ply|xt=t(0"x} - f(0"x)f”, ye{o1.

Advantages of the quantile regression method. The need to develop new methods of
statistical estimation is dictated by the practical need for more adequate mathematical tools. Among
the applied regression methods, the most common is the least squares method, which allows
obtaining deep statistical results under the assumption that random errors are distributed according
to a normal (Gaussian) law and (in most cases) are independent. There are also alternative
approaches that require, however, strict assumptions about the type of distributions and other
requirements regarding observations.

However, in practice, one often has to deal with more complex situations that do not fit into
the standard assumptions of regression methods. Examples of such "violations" include:

1. the inaccuracy of setting the distribution that controls the observations in the sample, so
that the assumptions of classical regression models about the homogeneity of the sample or
about a sufficiently “beautiful” mechanism for the manifestation of homogeneity cannot be
verified;

2. the presence of distributions with more "heavy tails" than the normal distribution, which
necessitates the choice of estimation methods that give less weight to the extreme observed
values, or even a complete rejection of the least squares method;

3. the presence in the sample of a small proportion of "outliers”, that is, observations
caused by some kind of "noise", which, as a rule, cannot be separated on the basis of a priori
information. This requires the use of procedures that are not very sensitive to such
“contamination” of the sample;

4. the dependence of the elements of the sample, which has a complex structure, so that it
is difficult or even impossible to isolate and / or analyze (for example, using a covariance
matrix).

In other words, in a number of practical problems that require the use of a regression
approach, classical regression methods are inoperable and do not allow drawing correct conclusions
about the nature of the process under study or the behavior of the object under consideration.

There have been repeated attempts to build alternative approaches. In particular, the so-called
robust methods, which are resistant to deviations from the assumptions of the classical theory [5, 6],
have been actively developed.

One of these approaches is the quantile regression method [8, 9, 10], which consists in
replacing square deviations with absolute ones. It has a number of advantages:

—resistant to "outliers”, which are often encountered in practical tasks;

—does not require independence or weak dependency;

—allows you to directly draw conclusions about the fluctuations of the predicted (estimated)
indicator.

Thus, this method allows us to overcome the shortcomings of classical regression models,
which are very sensitive to violations of their assumptions.

Selection of parameters. For selection of parameters 4,,6,,..., 6, it is necessary to make a

3 Up

training sample consisting of sets of values of independent variables and the corresponding values
of the dependent variable y. Formally, this is the set of pairs (x(l),y(l))...,(x(m,y(m)), where

x1) € R"— vector of values of independent variables, and y©) < {0,1} — their corresponding value y .

Each such pair is called a training example.
The maximum likelihood method is usually used, according to which the parameters are
chosen 6, maximizing the value of the likelihood function on the training sample:

6 = argmax,, L(0) = argmax, Hp{y —y0|x= x“)}.
i=1
Maximizing the likelihood function is equivalent to maximizing its logarithm:

InL(9)= ilogP{y =y |x= x“)}: i yOIn £(67x0)+(@- y?)InfL— (07x"))
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To maximize this function, for example, the gradient descent method can be applied. It
consists in performing the following iterations, starting from some initial parameter value 9:

0:=0+avinL(0)=0+ad (y" - £(67x" K", a > 0.
i=1

General quantile regression model. Let (y,,X;) — set of observations (i =1+n), where y, —
dependent variable in regression equation, and X; =(X;...X,) — row vector of independent
variables (covariate). Then the model is given by the relation [8, 9]

Quanta(Yi |Xi) =Xil30’ (1)

where  Quant,(y; | x;) denotes a conditional quantile y; for probability & on the regressor
vector X, and B, — corresponding column vector of regression coefficients.
In other words, if i observation is described by a random vector (Y;,X;), then the solution of
an optimization problem of the form
':;‘Hf {XiBH ‘ Fos (XiB9|§i =X )2 ‘9}-

Such a "direct" method requires knowledge of the conditional (joint) distribution or suitable
assumptions about it.
Therefore, a nonparametric approach based on a large number is often used n notice (y,,X;),

i=1+n. Within its framework, the assessment ﬁg vector B, from relation (1) is obtained by
solving the minimization problem:

mini{ > 0ly;, —xiBo|+ D.(1-0)y, —xi139|} )

Po N iy 2B, iy <x;By

1. . r d : :
For @ = E it is reduced to its special case - the classical problem of the least distances (LAD)
[11,12]
.1l
min=>» =|y. —X.
Bo N Z 2 |y| |B6’|
Representation of quantile regression as a linear programming problem. Problem (2)
can be reduced to a linear programming problem of the form:
6-1-u” +(1-0)-1-u” — min
XB,+u” —u” =y,
u” >0,
u >0,
where 1 — row vector of suitable dimension, consisting of ones; X — covariate observation
matrix (dimensions Nxm); y — vector of independent variable observations (dimensions n); u*
and u~ — vectors of positive and negative deviations, respectively, with components

ui+ :(yi _Xiﬁey :{yi _XiBa: Yi inﬁe'

0, B IpOTHBHOM cClITy4ae,

ui_ :(Xiﬂg —y, )+ :{Xiﬁa =Y ¥i <XiB6”

0, B MpOTMBHOM clTyJae.

(3)

In practice, as the initial value of the vector ﬁg to solve a linear programming problem, it is

convenient to take the corrected least squares estimate. Another approach is that the initial value can
be obtained from a quantile regression based on a small subset of the sample, which, as a result,
significantly reduces the number of iterations and computation time.
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Presenting a quantile regression model as a linear programming problem has several
important implications. First, it is guaranteed that the estimate will be obtained in a finite number of
iterations. Second, the parameter vector estimate will be robust to outliers. In other words, if

Y; —xiﬁg >0, then y; can be increased to almost + 00, and vice versa if Y; —xiﬁg <0, then y; can

be reduced to almost —o0 without changing the decision ﬁg.

Confidence intervals for quantile regression estimates. General instructions for
constructing confidence intervals for quantiles can be found in the handbook [13]. Building
confidence intervals (confidence bands) for quantile regression is their development. In particular,
we can name the direct method, which does not depend on the distribution, the method of
studentized intervals, and the method based on the bootstrap distribution [14].

The article uses a direct approach, since it is the most optimal, both in terms of minimizing
computational procedures and the adequacy of the interval estimate in general. According to this
method, the confidence band is estimated for an arbitrary vector X according to the formula

g, = (Xﬁa—b , Xﬁmb )’ 4)

-1 _
where b:zy\/w, Q=n">" xix,, ye(01) — confidence probability

(probability that the confidence interval will cover the true value), z, = ®*(y) — quantile of the

standard normal distribution for probability », ®*(-) — function inverse to the standard normal
distribution function.

Thus, to build a confidence interval for quantile regression estimates, we need to additionally
estimate the quantile regression for probability levels 8+b.

Getting data.The internal computer network of the enterprise was taken as the subject of the
study. Using the SNMP protocol, data was collected that characterizes the operation of the network.
Data on the functioning of the telecommunications network were recorded with an interval of 30
seconds. The following characteristics were determined for the analysis:

- number of lost packets;

- CPU frequency;

- processor temperature;

- bus voltage.

Data processing. All data were analyzed for missing observations and errors in values. For
visual analysis, for each of the parameters, time series graphs were built (Fig. 1 and Fig. 2.).

t

Figure - 2. Graph of processor load over time
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Figure - 3. Graph of CPU temperature over time
Conclusion

1. An analysis of the characteristics of the operation of digital radio electronic devices has
shown that there is a pattern in the development of the values of these indicators over time.
Moreover, there is no significant correlation between the characteristics, which means the
independent nature of their behavior. Thus, the task of independent forecasting of the values of
characteristics for the future makes it possible to prevent situations of overload of certain nodes of
the telecommunication network. which was done in this work.

2. The possibility of using the quantile regression method to predict the values of parameters
characterizing the operation of digital radio electronic devices has been proved.

3. The features of statistical monitoring of telecommunication networks are determined,
namely: non-stationarity, periodicity (uneven loading of channels), non-linear influence of network
operation characteristics on its efficiency.

4. Since the constructed quantile regression model could not fully explain the development of
parameter values over time, the authors draw conclusions about the nonlinear dependencies of these
indicators and set themselves the task of further research.
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a.1T.H. mpod. Xaanonin FO.1. k.1.1. mou. Kacim H.X., Tapaciok JI.M.

IMPOTHO3YBAHHS CTAHY TEJEKOMYHIKAIIMHUX MEPEK METOJIAMU
KBAHTHWUJIBHOI TA JIOTICTUYHOI PET'PECII

Y cyuacnomy ceimi noecioone nowupenna ingopmayiinux mexmonoziu nepenIeaUcsy
meneKoMyHIKauiiini cucmemu 3 ycima acnekmamu arocvkozo y»cummsa. Basicko ocaznymu ceim, oe eu
eioKnoueni 6i0 «Bceceimnvoi mepercin abo He Mmodiceme MUMMECO O0OMIHIOBAMUCA OAHUMU uepe3
3anaymany mepedxcy CydyacHux MmoOinbHuUx npucmpoie. Kummegicmo niompumku 36°A3Ky OHIQUH
HEMOMCIUBO nepeouinumu, a 3ade3nedyeHHs 0e3nepeodiliHol pooomu MmeneKOMYHIKauiliHux cucmem €
nepuwiopaonum. Y yvoomy 0OKyMeHmi po32na0aemuvca 207108He 3A480AHHA NPOCHO3YEAHHA MA KEPYBAHHA
HPOOYKMUGHICINIO UUX MEPEINHC, GUKOPUCHIOBYIOUU MEMOOU KeAHMuUAbHOi ma no2iunoi pezpecii. Hawe
00CNi0NHCEHHA GUKOPUCHOBYE PeaibHi OaHI 3 onepayiil meaeKoOMyHIKayitlHoT mepedici, uj0d nodyoysamu
HPOZHOCMUYHY MOO0€b, 30amHy 3a30a71eci0b nepedoauumu cman mepedxci. ILla  moxcnusicmo
HPOZHO3YGAHHA CTLYHCUMb OCHOB0I0 0JIAA IHMENeKMYAIbHUX CUCeM NPUIHAMMA PiieHb, NO1ecuiyioul
KepyeanHs mepedxcero 6 pedaibHomy daci. Bnposadycyrouu memoou mMawiuHHO20 HABYAHHA, 30KpeMa
K6AHMUIbHY pezpecito, MU 00CA2AEMO 2NUOOKO20 PO3YMIHHA MO20, AK Pi3HI (hakmopu ennusearoms Ha
npodykmuenicme mepexci. Hawe o0ocnidicenns He o00medxcyemvca nuuie HPOZHO3Y6AHHAM; 6IH
ROWLUPIOEMbCA HA Chepu IHMeNeKmMyanbHUX Cucmem RPUHHAMMSA piuieHsb, 0e PO3YMIHHA, OMPUMAHE 34
00n0OM02010 pezpeciiinozo ananizy, 6idizpac ka4ogy pons. Lli inmenekmyanvni cucmemu 001a0Hani 0na
RPUIHAMMA KEPOBAHUX OAHUMU DIilieHb U000 PO3NOOITY Mepeitcesux pecypcie, zpaghikie mexuiuHozo
odcnyzogyeanna ma npeeenmueno2o eupiwienua npoonem. Ilo cymi, eonu OJitombv Ak 30epizaui
cmaodinbHocmi mepedici, 2apaHmyouu, Wo meaeKOMYyHIKQUIiHi cucmemu 3anuuarmsca Ha0iliHuMu ma
YYUHUMU HA GUMO2U CYYACHO20 CYCRINbCMEA, W0 NOCHMINHO 3MiHIOIOmbCA. L[a cmamma nponusae
Cceimn0 Ha He3AMIHHY pOlb  PezPeciiHuUX Memoodié y HPOAKMUGHOMY YRPAGIiHHI CHIAHOM
meneKoMyHiKauiliHux mepexc. Buxopucmogyrwouu nomyxncHicmv MauuHHO20 HAGUAHHA MA AHANI3
OaHUX, MU HPOKIAOACMO WIAX 00 MAUOYMHBO20, 0e 3000 6 pooomi mepeiici 36e0eHi 00 MIHIMYMY, a
Oe3nepeodiiine 3'cOHaHHA, HA AKe MU 36UKIU NOKIAOAMUCA, NOCMIUHO 0y0e HPUCYMHIM y HAWOMY
ocummi.

Kniouoei cnosa: ingpopmauiiini mexnonocii, menexomynikayiuina cucmema, iHmenAeKmyanabHa
cucmema RPUIHAMMA piuienb, Mauiunne HAGYAHHA, KBAHMUIbHA Pecpeci.
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