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FORECASTING HIGH-LOAD SYSTEMS
INPOTI'HO3YBAHHS HABAHTAKEHHSA HIGH-LOAD CUCTEM

In this article, analytical and prognostic model of the information system load was performed, which in metric terms is based
on the number of requests to the system per second. The studied statistical data of this indicator outline the main trajectory of its
time series, which allows to find patterns of the past and predict the further vector of development. The relevance of this study
is a priority challenge in the IT industry, because the scale of information systems, even small companies is so cumbersome that
the cost of their maintenance is the lion's share of company revenue. Another significant reason for the urgency is the global
crisis provoked by the Covid-19 pandemic. It helped to find new methods of selling goods, taking into account social distance
and reducing financial losses. In this regard, most product companies are moving their business to the virtual world, creating a
great demand for the formation of their own IT - infrastructures . The presence of predicted values provides business confidence
in the stability of their product or technology, which directly affects the cost of implemented software code and future revenue.
Timely detection of peak loads or, conversely, subsidence in the system, helps to prevent the principle of "house of cards" and
protect dependent family processes in the company. Long-term vision of the time series provides the company with the oppor-
tunity to prepare for infrastructure changes and provides a certain period of time to update the technical base or expand the
capabilities of their " Cloud Services ". For this purpose, based on statistics built prognosis based integrated moving average or
ARIMA - models performed statistically identify the trend by analyzing the autocorrelation function. It was decided to group the
data according to the time of day to increase the forecast periods and increase the accuracy of the model forecast. The analysis
of autocorrelation and partial autocorrelation consistent differences to identify AR - or MA -processes. Several candidate mod-
els for each grouped series were built on the basis of the analysis of the significance of the last nonzero lags. Each model was
checked the similarity residues "white noise" and normal distribution coefficients based on using the Q-statistics Ljung-Box.
Consolidated forecasts were compared and evaluated to identify the lowest percentage error. The cost of savings for the forecast
period was estimated. Based on these data, it was concluded that the importance of conducting research data using such meth-
ods of forecasting and data analysis for different vectors of IT companies.

Keywords: information system, high load, ARIMA-model, forecasting, lag.

Y cmammi npoeedeno ananimuxo-npocHocmuuHe MOOeO8aHHs 3A8AHMANCEHOCH IHGOPMAYILIHOL cucmemu, wo 6 Mmempuu-
HOMY 8Upasi 6a3yemMbCs HA KIbKOCMI 3anumie 00 cucmemu 8 ceKyHoy. Jocnioxceni cmamucmuyti OaHi NOKA3HUKA KibKOCHi
3anumis 00 cucmemu 00380510Mb 3HAXOOUMU 3AKOHOMIPHOCII MUHYI020 MdA NPOSHO3Y8AMU NOOAILUULL 8EKMOP PO3GUMKY. AK-
MyanbHiCmb OaH020 QOCTIONCEHHS € npiopumemnum Hanpsmom & IT-indycmpii, adoce macumabnicmo iHpopmayitinux cucmem
HABIMb MANUX KOMNAHIL € HACMITbKU SPOMICIKOI, W0 3ampamu Ha ix YMpUMaHHs CMAaHOGIsMs GelUK) 000 00X00y KOMNAHILL.
3asHauero, o 00HIEI 3HAUHOK NPUUUHOK AKMYATLHOCHI € C8IMO06a Kpusa, cnposokosana nanoemiero Covid-19. Came 6ona
NOCHPUSIA NOULYKY HOBUX Memodig 30yny moeapie 3 ypaxy8aHHsIM COYianbHol OUCmanyii ma 3meHuen s QIHaHco8ux empam.
B 36’513k i3 yum Oinvuicms npooyKmosux KOMNAaHill nepesoosimb Caitl Gi3HeC Y 8IpMYaIbHULL C8IM, CMEOPIOIYU HeADUSKULL NONUN
@opmyeanns enacnux IT-ingppacmpyxmyp. Haagnicmv npoeno306anux snauenv 3ade3neuye 6neeHeHicmy 0izHecy 6 cmaodiibHocmi
iIX NpoOyKmy uu mexHonoeii, o Hanpamy 6NIUAE HA cODIBAPMICIb Peanizoeano20 NPOSPAMHO20 KOOy Ma MauOYmHiti Ompuma-
Hul 0oxio. CeoeuacHicmo 8UsAGIEHHA NIKOBUX HABAHMANCEHb A0 HC HABNAKU — NPOCIOAHb 8 CUCIEMI, 00NOMA2aromsy 3anobiemu
NPUHYUNY «KAPMKOBO2O OOMUKYY, Ma 3aXUCIUMU 3ATeXHCHT pOOUNHT npoyecu 6 Komnanii. J{ogeocmpokoge bauenHs pyxy 4acogoco
PpAdy 3a0e3neuye KOMNAHIT MONCIUGICIMb NIO20MOBKU 00 IHOPACMPYKMYPHUX 3MiH A HAOAE NeGHULL NEPI0 Hacy O/l OHOBIEHHS
mexriunol 0azu yu posuupentsa moxcrusocmeti ix « Cloud Services». 3 yiero memoro Ha 0CHO8I cmamucmuyHux 0aHux 6ye nooy-
008aHULL NPOZHO3 HA OCHOBI IHMEZPOBAHO20 KOB3HO20 cepedHbo2o a0 e ARIMA-moderni, npogedeno cmamucmuune UAG1EHHS
MPEeHOy WSXOM AHATIZY A8MOKOPENAYIIHUX DYHKYIN. Byno nputinsamo piuents uwooo spynyeanHs. OaHux 8i0OnosioHo nopu 0oou
0713 30LIbUEHHS NPOCHO308AHUX NEPIOJi6 Ma OLIbULOT MOUHOCMI NPOSHO3Y Modeli. [Ipoananizoeano asmoxopelayiiHy ma yacm-
KOBY A8MOKOpenayitiHy QyHKYIT 0151 4aco8020 psdy NocaiO08HUX PisHUYbL 05 suseienHs AR- ma MA-npoyecis. Ha ocnosi ananizy
SHAYYWOCMI OCMAHHIX HEHYTbOBUX 11a2I6 NOOYO0BAHO 0EKIIbKA KAHOUOAMHUX MOOeNell OISl KOHCHO20 2pYNno6anozo paody. Koocna
MoO0enb 6yna nposipena Ha NOOIOHICMb 3ANUWIKIE «OLLOMY WYMY» Md HOPMAALHOCMI PO3n0OLLY Koehiyichmis. 36edeni npocnosu
OVIU NOPIBHSAHI MA OYiHeHi OISl BUABILEHHS HALLMEHWOT 8i0comKo8ol noxubku. byio oyineno eapmicmo 3a0waddicerv st NPOSHO-
308aH020 nepiody. Ha ocrosi yux danux 0ye 3pobieHuti BUCHOBOK, W00 BANCIUBOCTI NPOBEOEHHS OaHUX QOCTIONCEHD I3 BUKOPUC-
MAHHAM MAKUX MemoOoi8 NPOSHO3Y Ma aHAli3y OaHux OJisl Pi3HUX 6ekmopis disinbhocmi IT-komnanii.

Knrwuoesi cnosa: ingopmayitina cucmema, ucoke Hasanmaoicents, ARIMA-modens, npoeHosyeanns, nae.
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Introduction. Productivity of information systems
is the most important parameter of the quality of the
company's IT department. Most of the largest IT giants
state a non-linear increase in the volume of processed
requests compared to the growth of the customer base.
The dominant role in the formation of the rapid growth
plays and is swift digitalization any commercial or
public already and processes. The global coronary crisis
has also accelerated this process, forcing entrepreneurs
to distribute their goods through online stores. The
pandemic gave a sharp impetus to the development of
new methods of selling to various sectors of the economy.
The growth curve of loads on information systems is
increasingly taking the form of an exponential function,
which complicates the construction of highly loaded
information systems.

The term "high load" was defined not so long ago.
Experts of various areas of information technology
concepts outline the following statement [1]: high load —
of the system, when the IT system is no longer cope with
the load current, which leads to immediate expansion of
infrastructure.

The final clarification of this concept allows us to look
at the definition of high workload from a new angle: it is a
system that is constantly scalable and has enough resources
to work with future workloads. Scalability and sufficient
resources provide confidence not only for professionals
who maintain the information system, but also for
businesses for which IP is a tool for earning and which
should never be idle or out of order.

Thus, we can logically conclude that to avoid such
situations it is necessary to anticipate future workloads to
increase sufficient computing resources and be ready for
further scaling, which will significantly reduce the cost
of maintenance and upgrade of IP hardware components.
According to the architecture, internal structural
components and functionality of information systems have
a certain distribution among the possible numerical metrics
that describe the system load. For heavy system such as
"challenge-response" basic load indicator system is called
QPS (query per second) — the number of requests to the
system and a second. This indicator also has an economic
meaning because its maintenance is embedded in the cost
of technology or product produced by the company.

Thereby, solving the problem of proper management
of computing resources can contribute to additional
information that can be obtained from the forecast
data on the number of requests to the system based on
predictive models. A large number of works dedicated to
the development of predictive models to data network,
such as [2—4], shows the feasibility of building predictive
models for organizing proper control computing
resources. A carefully selected model is able to take into
account the most important characteristics of the flow
of requests, such as short-term and long-term dependent
processes, seasonality and cyclicity over long periods
of time.

Setting objectives. The purpose of this article is to
build prediction term model to determine the load on
the information system in order to further optimize of its
physical parameters.

Methodology. The Box-Jenkins methodology is used
to build the forecast model, which is based on a set of
procedures for determining, correcting and verifying

ARIMA models for given time series. The forecast follows
directly from the equation of the adjusted model. The main
tools used in this article are:

— autoregressive model AR (p):

Y =0+ QY+, Y, +..40, Y +¢,
where
Y, —response (dependent variable) at the time ¢;

Y .Y ,,...Y,_ , —review atvalues intervals -1, -2,
..., t— p respectively;

Pps P> Pysens @, — estimated coefficients;

— error describing the influence of variables that are
not considered in the model;

— model with moving average named M A (g):

Y =p+e —0F,  —0E ,—...—0OE, ,

where ¢, —errors in previous periods of time, which are
currently ¢ included in Y;

Ll — constant process average;

®,,0,,...,0, —estimated coefficients based on sample
observations;

— models of autoregressive and moving average
ARMA (p, q):

Y; :(P() +(p1Y1—1 +q)2Yt—2 +"'+(\Dth—p +

q

+E —OF, | —0E )~ —OE .

For non-stationary time series used autoregression and
integrated and a model and a moving average ARIMA
(. d q).

The methodology for constructing the ARIMA model
of the forecast for the studied time series includes the
following main stages [5] (Fig. 1):

— indentification of the trial model;

— evaluation of model parameters;

— diagnostic verification of model adequacy.

Results of the research. The study data were used one
of the leading companies, Internet providers — advertising
in Ukraine. In Figure 2 shows the dynamics of changes
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Figure 1 — Block diagram of the selection of the ARIMA model
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in the value of the aggregate average QPS for the server  during one day. The values of these boundaries, which

infrastructure for 3 months of 2020. formed the next two series, are highlighted for the forecast
The time series is formed from the round-the-clock  (Fig. 3). Based on them, the peak loads of the system will

hourly average value of the load on the system. One of  be found.

the most important values in the series is the peak loads From visual analysis chart (Fig. 4) we conclude about

that correspond to the upper and lower limits of the series  attenuation of autocorrelation second function (ACF),

Queries value for IT-Infrastructure
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Figure 2 — Graph of the dynamics of QPS
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Figure 4 — Autocorrelation functions
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Figure 5 — Partial Autocorrelation functions

indicating the transience of time series and no seasonal

component . In this case, to move to a stationary series, it Final Estimates of Parameters

is necessary to take successive differences d. Type Coef SECoel T-Value P-Value
. . AR 1 -0,837 0,169 -404 0,000
Visual analysis of ACF and PACF allows us to WA 1 @ 0185 340 0001
conclude whether the time series can be considered a AT o am o
pure AR or MA process, or whether it is a mixed ARMA Ma s 023 o015 203 04
MA 5 0301 0,108 285 0,006

process. According to the initial data of the time series,
the autocorrelation functions slowly fade, and the
partial ones fade sharply. In this case, we are talking
about the mixed nature of the process of each individual
series, where the order of autoregression is determined
by the number of the last statistically significant lag
PACF, and the order of the moving average — ACF,
respectively.

Using the Box-Jenkins methodology, we assume that
this process will be successfully described by the ARIMA
(1, 1, 5) model for the maximum peak series and the
ARIMA (1, 1, 4) model for the minimum peak series.

The models were built in the Minitab software
environment. In Fig.6 we can see a listing of the result of
building the ARIMA model (1, 1, 5).

According to y* — statistics of Ljung-Box, the null
hypothesis about the randomness of residues is accepted,
which indicates a higher level of significance of p-value.

Constant
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138

2142

0,000

Differencing: 1 regular difference

MNumber of observations: Original series 92, after differencing 91

Residual Sums of Squares
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Modified Box-Pierce (Ljung-Box) Chi-Square Statistic
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Figure 6 — Listing of the result of building a model
for the several max. peaks
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Figure 7 — Autocorrelation function of residues
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The autocorrelation of the residuals does not go beyond the
confidence intervals (Fig. 7).

The adequacy of the predicted model also confirms the
normality of the distribution of residues and the location of
points in some corridor on the graph of the dependence of
residues on the predicted values (Fig. 8).

The result of constructing the ARIMA model (1, 1, 4)
for several minimum peaks is shown in Fig. 9.

The analysis of residues (Fig. 10) corresponds to the
normal distribution, and the dependence of the correlation
coefficients of the residues on the estimated values indicates
the absence of time influence and the residues have a
horizontal structure. Autocorrelation of model residues
(Fig. 11) to y* — statistics of Ljung-Box demonstrate
random error behaviour.

Since the models for time series are adequate, since
the residuals are random values, we can build a forecast.
As the long-term forecast is economically impractical due
to sharp fluctuations of exogenous factors, it was decided
to limit the forecast to the next four working days (Fig. 12).

Conclusions. The constructed forecast outlines the
main limits of the technical infrastructure, which allows
you to adjust the operation of components with reduced
computing power, which in turn affects the final cost
of maintenance or lease of computer equipment for the
information system. Proper selection of the model for a
particular information system will not only save, but also
make it impossible to crash systems, which can lead to
losses for the company. The main task of this forecast is
to prevent daily peaks, for which the parameters of the
information system will be configured accordingly. Based
on the forecasting results, it is possible to determine the
effective number of operating components of the system,
which affects the cost of renting host machines. Every
ten thousand requests to the system are served by two
physical machines. Server rental costs from $ 699 per
month relative to configuration, or $§ 23.3 per day. By
selecting the number of servers that will serve requests
during the day, you can reduce their number by half at
minimum loads. But you need to take into account the fact
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Figure 8 — Distribution of residues
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Figure 10 — Autocorrelation function of residues
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Residual Plots for min_series
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Figure 11 — Distribution of residues
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Figure 12 — Predicted values

that the dynamics of the load is smooth, and for security =~ 4 hours, which will reduce the cost of rent for 16 servers
it will be safer to reduce the number of servers by a third.  from 373 dollars to 360 dollars per day, respectively for
With full readiness for peak load, 16 servers are running.  the two days of savings will amount to $ 26 equivalent to
Accordingly, during minimum load can run 10 servers for  the cost of the server daily.
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