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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).
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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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MOJIEJIV OBEJAEHUA IOTPEBUTEJIEM HA PRIHKE MOBUJIBHOM
CBA3N
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AnnoTanua. B cratee paccMaTpHBAOTCA MOAXOABI K MPOTHOZHPOBAHHIO MOTPCONTEIHCKOTO MOBSACHHUS HA
TCXHOJOTHYCCKOM PBIHKEC, C YYCTOM OCHOBHBIX (I)aKTOPOB, KOTOPBIC ONHUCBIBAKOT IMOBCACHHUC a00HEHTOB.
PaccmaTpuBacTcs HaOOp MAHHBIX ¢ 0a30BBIM HAOOPOM XAPAKTCPHUCTHK AT PHIHKA W MPHMCHIIOTCA HECKOJIBKO
MOJICJICH I TIPOTHO3HPOBAHUS HA Oy IyImuid meproa BpeMeHH. Ha 0CHOBaHHH 0a30BBIX MOKA3ATCIICH BRIOHPACTCS
MOACTL C JIYYIIHMH OLCHKAMH, KOTOPaA ABJACTCA ONTHMAJILHOHN IO pesyipbTataM ¢ TOYKH 3PCHHA PCIICHHA
TMOCTABJICHHBIX 3a0aY.

KmoueBnie coBa: AHAMM3 OAHHBIX, MAPKCTHHTOBHIC JAHHBIC, OONBIIAC TAHHBIC, MACCHB JAHHBIX,
NPOTHO3HUPOBAHUC, MAPKCTUHIOBAA AHATIMTHKA, AHATIHA3 Z[Gf[CTBI/IfI, PBIHOYHAA AKTHBHOCTH, MATPHIBI, CKAJLIPHBIC
3HAYCHI, PHIHOK MOOWIIbHOH CBS3H, aDOHEHTHI, MPOTHO3HAS AHAJMTHKA, PHIHOYHBIH IIPOTHO3.
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