UDC 336.774.3

CONSUMER BEHAVIOR MODELS IN THE MOBILE COMMUNICATIONS
MARKET

D.M. Rahel
PhD in Economics, Associate Professor of the Department of
Economics of the Belarusian State University of Informatics and
Radioelectronics
ragel@bsuir.by

D.M. Rahel
In 2000 he graduated from the Faculty of Economics of the Belarusian State University of Informatics and

Radioelectronics with a degree in Economic Informatics. In 2016 he graduated from the postgraduate course of the
Academy of Management under the President of the Republic of Belarus. In 2018 he defended his PhD thesis. Research
interests: data mining in marketing, process modeling, data analysis, statistical forecasting, macroeconomics.

103


mailto:ragel@bsuir.by

Jlsenaoyamas mexcOyHapooHas HayuHo-npaxmuyecxas kougepenyus BIG DATA and Advanced Analytics, Muncx,
Pecnybnuxa Benapyes, 23 anpens 2026 200a

Annotation. This article examines approaches to forecasting consumer behavior in the technology market, taking
into account the key factors that describe subscriber behavior. We consider a data set with a basic set of market
characteristics and apply several models to generate forecasts for the future. Based on these basic indicators, the model
with the best scores is selected, demonstrating optimal performance in terms of solving the stated problems.
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Introduction. The original dataset contained subscriber information, which we used to
describe and build models of their behavior, including information on tariff changes. In this case, the
behavior of a limited group of subscribers was examined across five tariff plans.

Data. In this case, the analysis was conducted using a subscriber behavior dataset containing
fields for subscriber identification numbers, traffic volumes, and information about blockings
resulting from subscriber payment defaults.

The subscriber payment history field is designated as Series1 and represents a dynamic series
with timestamps (Figure 1).
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Figure [. Existing data series for subscriber analysis

Method. To evaluate behavioral models and solve the problem of forecasting payment
volumes, various models capable of most accurately predicting subscriber group behavior, taking into
account as many formal behavioral characteristics as possible, were considered.

To more accurately select a model, the data series under consideration was decomposed,
revealing its key characteristic components — an upward trend, seasonality, and noise (Figure 2).

104



Jlsenaoyamas mexcOyHapooHas HayuHo-npaxmuyecxas kougepenyus BIG DATA and Advanced Analytics, Muncx,
Pecnybnuxa Benapyes, 23 anpens 2026 200a

seriesl

| l '
o] e
Y Y Y Y .

w
&
o ——puilethpiisativesg e —
—5000 T - T T T T T T
2015-012015-072016-012016-072017-012017-072018-012018-072019-01

Tend

Seasonal

Resid

Figure 2. Result of time series decomposition

To assess the stationarity of the existing series, we also assessed stationarity and seasonal
patterns in our data series using the autocorrelation function (Figure 3).
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Figure 3. Results of the autocorrelation calculation for our data series

Results. Ultimately, it can be noted that mobile subscriber behavior depends on the service
package provided within their tariff. However, tariff changes are generally characterized by positive
billing dynamics, indicating that mobile communication costs are not a determining factor for the
majority of subscribers. Furthermore, it is important to note the presence of seasonality in mobile
communication costs; despite the upward trend in costs, the cycle of communication costs is also
quite pronounced, as became evident from the breakdown of the main factors in the data series under
consideration.

Based on the analysis, we selected two standard models that best matched the nature of the
series under consideration: the Prophet model and the ETS model. These models are more business-
focused and therefore take into account seasonality and other potential events that correspond to the
characteristics of mobile subscriber consumer behavior (Figure 4).
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Figure 4. Results of forecasting consumer behavior based on the ETS and Prophet models

The initial data fluctuates significantly (mean value of 3855, with a deviation of 1237).
Significant properties of this series include seasonality and nonstationarity, as determined by the
Dickey-Fuller test. Five models were tested on a 329-day test set for forecasting. The Prophet model
demonstrated the lowest RMSE (1191.5), but the ETS model with STLF seasonal adjustment was
selected for the final forecast, as it appears more stable and interpretable in terms of predicting the
behavior of the studied subscriber group. On the test data, ETS demonstrated acceptable performance,

as evidenced by the baseline estimates:
MAE — 933 units,
MAPE - 22.4%.
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MO/IEJIY TIOBEJEHUSA MOTPEBUTEJIEN HA PRIHKE MOBWILHOI
CBA3N

/.M. Pazeno
K.9.H., 0oyenm xageopuvl sxonomuxu beropycckozo
20Cy0apCmeeHH020 YHUGepCUmema UHGOPMAmuKy
U pAOUOIIeKMPOHUKU

AnHotamusi. B crarbe paccMaTpuBarOTCS MOAXOABI K MPOTHOZHPOBAHUIO MOTPCOUTEIHCKOTO TOBEACHUS HA
TCXHOJOTHYCCKOM PBIHKE, C Y4YCTOM OCHOBHBIX (I)aKTOPOB, KOTOPBIC ONHUCBHIBAKOT MOBCACHHUC a0OHCHTOB.
PaccmarpuBaercs Habop JaHHBEIX ¢ 0a30BBIM HAOOPOM XapaKTEPHCTHK JJI1 PhIHKA M MPUMCHSIOTCS HECKOIBKO MOJCICH
JUTA TMIPOTHOBHMPOBAHUSA HA Oyaymmi meproi BpeMeHH. Ha oCcHOBaHWHM 0a30BBIX IMOKA3aTENICH BBIOMPAETCA MOJCTb C
JYyYIIHIMHU OLCHKAMH, KOTOPAA ABJACTCA ONTHMAJILHOH I10 pe3yabTaraM C TOUKH 3PCHUA PCIICHUA MOCTABJICHHBIX 3a4a.

KiawueBnie cjoBa: AHamm3 JAHHBIX, MAPKCTHHITOBBIC HTAHHBIC, OobIIHE JAHHBIC, MACCHB JAHHBIX,
NPOTHO3HUPOBAHUC, MAPKCTHHIOBAA AHAJIMTHKA, AHATIU3 Z[GflCTBI/IfI, PBIHOYHAA AKTHBHOCTH, MATPHLBI, CKALAPHBIC
SHAYCHHSA, PRIHOK MOOHIIBHOH CBA3H, A0OHCHTHI, MPOTHORHAS AHAJMTHKA, PRIHOYHBIN MPOTHO3.
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