ISSN 2222-0631 (print) Mamemamuune modento8anHs 6 mexuiyi ma mexHono2isx

Jumeun Onez Hukxonaesuu — 1OKTOp (PU3MKO-MaTeMaTHYECKUX HaykK, Mpodeccop, YKpanHCKas HHXKEHEpHO-
negaroruyeckas akagemus, r. Xapbkos; Tei.: (057) 771-05-45; e-mail: academ_mail@ukr.net.

Lytvyn Oleg Mykolayovych — Doctor of Physical and Mathematical Sciencesfesor, Ukrainian Engineering
and Pedagogical Academy, Kharkov; tel.: (057) 73448; e-mail: academ_mail@ukr.net.

Heuyiigimep Oneca Ilempigna — noxrop (i3snKo-MaTeMaTHIHAX HayK, JAOLEHT, YKpalHChKa iHKeHEpHO-Tieaaro-
riyna akazgemisi, M. Xapkis; tei.: (057) 771-05-45; e-mail: olesya@email.com.

Heuyitgumep Oneca Ilempoeéna — noxTop (U3MKO-MaTeMaTHUECKUX HAyK, NOLCHT, YKpaWHCKas WHXCHEPHO-
negaroruyeckas akagemus, r. Xapbkos; Tei.: (057) 771-05-45; e-mail: olesya@email.com.

Nechuiviter Olesia Petrivna — Doctor of Physical and Mathematical Sciencesigtant Professor, Ukrainian En-
gineering and Pedagogical Academy, Kharkov; t8b7] 771-05-45; e-mail: olesya@email.com.

Keiima Kamepuna Bonooumupiena — acniipanT, YKpaiHChbKa iHXKeHepHO-TIefaroriuyHa akajaemis, M. XapkiB; Tedl.:
(057) 771-05-45; e-mail: chervonakate @mail.ru.

Keiima Kamepuna Baadumupoena — acnipant, Y KpauHCKas MHKEHepHO-Iearoruyeckas akaaeMus, r. XapbKos;
ten.: (057) 771-05-45; e-mail: chervonakate@mail.ru.

Keita Kateryna Volodymyrivna — PhD student, Ukrainian Engineering and Pedagbdicademy, Kharkov; tel.:
(057) 771-05-45; e-mail: chervonakate @mail.ru.

UDC 519.25
T.0. MARYNYCH, L. D. NAZARENKO, N. H. KHOMENKO

COMPARATIVE ANALYSISOF UNIVARIATE TIME SERIESMODELING AND FORECASTING
TECHNIQUESFOR SHORT-TERM UNSTABLE DATA

[IpoBeeHO eMITipuuHe OLIHIOBAHHS aJ€KBATHOCTI Ta MPOrHO3HOI TOYHOCTI KJIACUYHUX JIIHIHUX MOJIENIEH aBTOPErpecii Ta KOB3HOIO CEPEHbOr0, MO-
JieNiel eKCIOHEHLIMHOTO 3IJ1a/KYBaHHs, CTPYKTYPHUX, HEJMIHIHHUX Ta HEMapaMeTPUYHUX MOJIEINEH Ul OJHOBUMIPHUX YaCOBHX PsiB HEBEJIUKOI BU-
O1pKH 3 YNCETBPHUMH BiIXUICHHAMH. 3alPONOHOBAHO METOJ MOKpameHHs sskocti ARMA Mozeni 3a paXyHOK BKITIOUeHHS (DiKTUBHHUX Ta MOSICHIOBANIb-
HUX 3MiHHHX, SIKi BITBOPIOIOTH iH(OPMAILiIO 1010 PIIKKIX | AHOMATBHUX CIIOCTEPEkKEHD PsJIy, T BiMOBIIHOT KOPEKILii MOPSIKY IHTErPYBaHHSI.

Ku1i04oBi cJj10Ba: yacoBuil psiji, JEKOMIO3ULLis, IPOrHO3, aHOMaJIbHI BIIXWJIEHHS, MOJIENIb aBTO PErpecii Ta KOB3HOIO CEPEeHbOIO, EKCIIOHEH-
LiifHe 371a/DKyBaHHS.

[TpoBeieHO IMMUPHUUECKOE OLICHHBAHKUE AJIEKBATHOCTH M IPOTHO3HOM TOYHOCTH KJIACCHYECKHX JIMHEIHBIX MOJEIIEH aBTOPErpecCut U CKOJB3SIIEro
CPEIHEro, MoJIeNel SIKCMOHEHINAIBHOTO CTIIAXKUBAHNUS, CTPYKTYPHBIX, HETMHEHHBIX U HEMApPaMETPUUECKUX MOJENEH JUIS OZHOMEPHBIX BPEMEHHBIX
PsI0B HEOOJNBIION BEIOOPKH ¢ MHOTOYMCIEHHBIMM OTKJIOHEHMSAMH. [IpeioxkeH meron yiaywmenus kadectBa ARMA mozeny 3a cueT BKITIOYEHUS
(DMKTUBHBIX M OOBSACHSIOMMNX IIEPEMEHHBIX, OTPAXKAIOIINX HHPOPMALMIO O PEIKUX M aHOMAIBHBIX HAOJMIONEHHSX Psijla, a TaK)Ke KOPPEKLUH COOTBET-
CTBYFOIIETO MOPSAAKA HHTETPUPOBAHUS MOJIEIH.

KuioueBble cj10Ba: BPEMEHHOI psiji, ACKOMIO3HMLMS, TIPOTHO3, aHOMAJIbHBIC OTKJIOHEHHS!, MOJIE/Ib ABTOPEIPECCHU U CKOJB3SIIEr0 CPEeIHEro,
9KCHOHEHLMAIBHOE CIIIKUBAHHUE.

The article summarizes the international experiéncenivariate time series modeling approachesraathodology. It aims to make empirical as-
sessment of their relevance and forecasting powresHort sample volatile data with numerous aberlservations and structural breaks with the
help of the time series R packages. The findingsaled the pitfalls of outliers’ neglection incladi stationarity and model misspecification, biased
parameter estimates, deterioration of residuatgp@rties and prediction accuracy of the models. iEoap research demonstrated the outperformance
of the outlier detection methods versus robust@ggres that use smaller weights for aberrant ohens. We tested a method of improving the fo-
recasting power of the ARMA models by proper idicdtion of hidden patterns and incorporation ofliidnal information about extraordinary
events into the model. We also considered frequeloayain and nonparametric methods including expilesmoothing, seasonal and trend-cycle
decomposition, structural and neural networks mottelmake comparative forecasting diagnostics. fiffugtngs showed slightly worse accuracy of
the exponential smoothing and structural stateespacdels for short prediction horizons and theipetformance for longer forecasting periods.
Neural networks showed outstanding in-sample apmration but poor out-of-sample quality. We recomohdarther studying of the Bayesian re-
gime switching models that have proven to be a celrgnsive way to explore hidden patterns in datayedl as dynamic factor multivariate models
that can improve explanatory and forecasting paféne time series models in various applications.

Key words: time series, decomposition, forecast, outlierpemgressive and moving average model (ARMA), exptiaksmoothing.

Introduction. In the few last decades, a considerable progressashieved in the time series analysis providing
innovative theoretical and methodological tools fione series decomposition, causal inference awrdigtion. Ad-
vances in computer technologies, accumulation gf data sets, and increased availability of the-tiesd high-
frequency data, induced a wide use of numerical samailation methods, and big interest to nonlineamparametric
techniques, developing solutions to handle varidats, parameter and model uncertainties. Rapidugwal of eco-
nomic environment and technologies challenged pitialu of the machine learning methods that coulchtiepted to
different applications and objectives. One of thstfdeveloping fields is financial and macroecomtiine series
econometrics which methodology is intensely useatler disciplines. Its biggest issue is a choicthe optimal statis-
tical tools and approaches to model short samgkiledata with numerous outliers and structuralliks. It has been a
real challenge for time series analysis in tramafog countries where accumulated data sets ard amdlsometimes
misleading.
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Publication Review. Recent publications prove increased interest ¢ontixed modeling techniques, which com-
bine time series domain approach [1, 2], frequeshmyain approach based on spectral analysis [2n@Jeaplanatory
approaches [4, p. 351 — 398]. Several econometeithoas have been proposed in the field of univariehe series
analysis improving detection and assessment ofitiobserved components and generating more acqnedetion in-
tervals for observed data. Classical exponentiaathing, structural, and ARIMA techniques have besaonsidered in
an innovative State-Space framework of dynamicalin@odels [4, p. 382]. Introduced first by Kalma®§O0) [5] for
control of linear systems, state-space representatis been widely used in estimation of the unelesecomponents or
states of time series (level, trend, seasonalyuteg), focusing on the evaluation of uncertairstyifts, time-varying pa-
rameters, non-normal disturbances and nonlineaamigs of the stochastic systems [2]. To enhancejtiadity of the
forecasts in time series analysis researchers efldar nonlinearities, outliers’ removal and bopping, time-varying
parameters, added lagged dependent variables wdme predictors [3, 6, 7]. Numerous failures lfdry-based mod-
els with respect to out-of-sample forecasting pentmce and explanatory ability induced intereshdalinear non-
parametric methods including neural networks amapstt vector machines, and their hybrids with dzddime series
techniques [8]. Increased availability of divergpes and sources of data forced innovations inivaulate time series
techniques taking advantage of the "data-rich emwrents". Dynamic factor model was one of suchteoia that
helped to handle the problem of degrees of freeslommarizing information contained in many econowgidables in
a small number of factors [9]. Despite a vast wgred sophisticated models and techniques, experiahstudies dem-
onstrate that models which rely solely on the paservations of dependent variable, including ramdealk, cannot be
postponed and frequently outperform the multivariabdels in predictive accuracy [3, 8].

In the last decade researchers produced a seeobfiped statistic software and programming lagsaEViews,
STATA, SAS, SPSS, R, Julia etc.) that provide aatted realization of many econometric techniquesapptoaches.
R is the most rapidly developing open source lagguand environment for statistical computing. Tstisdy was con-
ducted with the help of the following R packagestime series analysis:

- "Forecast" package — provides instruments for tbe-8ox data transformation, stationarity analysiee se-
ries decomposition, Fourier analysis, exponentiaathing and bootstrapping, autoregressive intedratoving aver-
age (ARIMA) modeling with external regressors, mmetworks prediction, cross-validation etc. [10].

- "Stsm" package for structural modeling with Kalnfdier — estimates prior values for model paranmgterva-
luates log-likelihood function by means of the Kalmfilter, obtains posterior parameter distributizased on the log-
likelihood function maximization, and implementsration convergence procedure [11];

"Ttsoutliers" package — helps in detection, eation and model adjustment for aberrant observatiba].

Problem Statement. This paper is organized as a comparative resediritie existing time series forecasting tech-
nigues, seeking possible modeling solutions oftilgl prediction accuracy for unstable short sizta deith numerous
outliers. Empirical research was conducted in Ristintegrated development environment using 205thig data of
the Ukrainian real effective exchange r&&ER and other macroeconomic variables (2000:01 — 20} 713].

Modeling results. Exchange rates are explicitly one of the most paptime series used for modeling and fore-
casting both from the perspective of an econonmidta statistician. Any time series analysis requpBor assessment
of the series’ patterns and distribution. The comrfeatures of the exchange rates behavior, revédsledsual inspec-
tion of different series, are as follows [7]:

- random walk movement with little or no drift;

- regime switches (from stable to volatile dynamics);

- cyclical evolution that exhibits the periods oftaiised growth followed by sudden dramatic falls;

- volatility clustering (periods of tremendous chamgee followed by periods of slight changes).
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Fig. 1 — Analysis of time series distributian:= boxplot;b — qgplot.

We consideREERto be more representative series than the exchatgef hryvnia to US dollar for forecasting
and modeling in Ukraine. It represents the weiglaeerage of a country currency relative to a basket of other major
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currencies, adjusted to the effects of inflatioB][dnd resolves the problem of the currency regmiéches. Analysis of
the time seriesREER distribution using box and whiskers pldiokplo) and quantile density functiorgdplo) [14]
(fig. 1) shows existence of numerous outliers and skesviteg breaks the normal distribution assumptissumed by
parametric procedures like the-test, F — test (ANOVA), and Pearson test. The summary-bagsdiition, displayed
on the boxplot (figl, a), considers observations that are 1.5 times intetde rangelQR) below the first quartile to be
suspected outliers, and more tham(@R below the first quartile — the true outliers [1%he skewness of the observed
data can be seen in the series’ deviation frorménmeal line on the quantile-quantile plot (fig b).

Decomposing time series into trend-cyclical, seaband irregular components gives better understgnaf data
patterns and can be used to improve the forecagtmpdlassical additive and multiplicative methaddime series de-
composition based on the moving-average procedaraat robust to outliers and changes in seasaitdps and drop
beginning and closing observations of the serigsZonparametric method of "seasonal and treradical decompo-
sition using locally weighted scatterplot smootHif§TL), developed by Cleveland et al. [16, 10}ye5 more efficient
estimation of time series’ patterns. We used the ®bust decomposition fdREERto reveal the structure of the series,
identify the properties of residuals and aberrdrgeovations (fig2). It was found that the functional form of theisg’
components is additive:

Reer = $+ {+
where Reer — REERdata at period ; § — seasonal component at periodT, — trend-cyclical component at period
t; E - remainder (or irregular or error) component afpplying robust decomposition we tried to dimmihe influ-

ence of outlying observations in 2008, 2009 and42gdars (fig2) to provide a smoothed trend-line. In figthe trend
component exhibits downward movement with cyclidtd, the remainder component displays clustesintatility and
a set of aberrant observations. The relative ptapoof theREERcomponents is: %, 88%, 18.5%.

Facing the problem of inconstant variances and
non-normal error terms we transformed the seriggyus
the family of "Box-Cox logarithms and power trans-
formations”. The procedure implies estimation of th
parameterA which is the power the series should be
raised, to decrease the variance volatility of résdu-
als [3]:
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The estimated Box-Cox lambda fdREER is
A =-0.2. Visual inspection of the transformed series
didn't show much improvement in the observed error
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We proceeded our analysis with outliers’ detectising "tsoutliers” R package [12]. Its authorsidgish be-
tween known effects and outliers interpreting sudcleganges in the data dynamics. If the prior bedvasd the series is
known they suggest intervention variables to besddd the model. Otherwise, the procedure of dieigetnd correct-
ing the effect of outliers should be incorporategbtovide correct model selection and parametémasibn [6, 12]. De-
pending on the influence on the subsequent sedigsamics, researchers consider five types of gstlimnovational
outlier (10), additive outlier (AO), level shift @), temporary change (TC) and seasonal level €BifS). An outlier
general representation is formulated as:

L(B)I(t;),
where L(B) — is a polynomial of lag operatoBy, = y_, and I (t;) — is an indicator variable that takes the valu 1

time t = ] when the outlier jumps and the value 0 otherwi$e= polynomialL(B) for each type of outlier is calculate
as follows [12]:

I0:L(B) = o(8) ; LS: 1 1 1

—_— L(B)=——; AO:L(B)=1 TC:L(B)=———; SLS = . 1
a(B)¢B) ®) (a1-B) (B) ®) (1-0B) 9 (1-B°%) @)
Herein 8(B) represents the moving average polynomial (M@)B) — the autoregressive polynomial (ARj(B) — the

differencing parameterd) for data stationarityd =0.7 in [11]; s — the periodicity of the datas(=12 for monthly
data).

The ARIMA model for the observed serigé exposed tan outliers with weightsw can be written as [4, 12]:

.= 6(B)
Y —;0)1 L (B)It(tj)'i'—ﬂB)a(B)Q! )
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where a, ~ NID(O, Jg) — is a white-noise process with zero mean antefiariance.

Table 1 displays the results of outliers’ detectaondl location with "tsoutliers" R package [12] ligiig ARIMA
model (2) toREERtraining data (2000:01 — 2016:06) (f8). Significance of all types of outliers at diféet points of
time was verified by corresponding t-statisticbigd.).

Table 1 — Results of outliers’ detection REER

No Ouitlier type Observation number Time period MBated coefficient t —statistics
1 LS 64 2005:04 0.06621 4.107
2 TC 102 2008:06 0.06498 4.502
3 TC 104 2008:08 0.07452 4.554
4 AO 105 2008:09 0.04886 4.222
5 LS 107 2008:11 -0.11773 -6.429
6 LS 110 2009:02 0.06000 3.584
7 AO 176 2014:08 -0.04781 -4.754
8 AO 178 2014:10 0.05019 4.999
9 TC 182 2015:02 -0.27213 -19.184
10 LS 194 2016:02 -0.06305 -3.897

Analysis of REER stationarity using the
augmented Dicky-Fuller (ADF) (holds strong as-

- ' sumption of the error uncorrelatedness and con-
- J stant variance), and the Phillipps-Perron (PP)
. i (mitigates the assumption of the normal error dis-

tribution) unit root tests [17, p. 344 — 345], and
. the stationarity test of Kwiatkowski-Phillips-
, i ’ Schmidt-Shin (KPSS) [10] showed that the time
series become stationary after the first differenc-
ing. Estimation of the autocorrelation (ACF) and
partial autocorrelation (PACF) functions and fur-
ther model identification applying Box and Jen-
kins approach [1, p. 282 — 319] pointed on the
ARIMA (0, 1, 1) selection with AR ordep=0,

order of differencingd =1, and MA orderq =1.
Removal of the estimated outliers (tab)ded to
the change of ARMA parameters top €1,
T 1 1 T _ _ . .
2000 2005 2010 2015 d =0, g=1) (3) implying thatREERbecomes

Fig. 3 —REERoutliers 2000:01 — 2016:06 stationary in levels (fig3):

Reer =95.926+ 96.8FReer; + 49.3,+ 6.62L.S64 6.5TCH2 7.45T€4@.89A0105
-11.77LS10%* 6LS116 4.78A01#6 5.02A0178 27.21TC182 6.394%H, . 3)

The constant in (3) stands for the series’ meaneyadutoregressive and moving average componeotsiaicfor
the autocorrelation properties; outlier dummies pose the aberrant series’ movements. To checlitbdiction accu-
racy of the model we spIREERobservations into the training and testing setdifiérent lengths (7 months and 12
months). Although the ARIMA model (3) was fitted gatisfy strong assumptions of the white noisedress, its fore-
casting performance deteriorated with increasenefprediction horizon and corresponding shortemhthe training
set. Tabl& summarizes modeling results based on both rasv mattiplied by 100 and its logarithmic transforiat
Model (3), based on the training set 2000:01 — 2. ®iad the lowest maximum likelihood estimator (MLE)}tte in-
novations variance:

Original and adjusted series

0.8
|

0.6
|

0.2

Dutlier effects B

041

0.1

o?=>(y- S/)z/number of residua,

the highest log likelihood value (logarithm of thebability of the observed data from the estimatexdiel [2]) and the
smallest Akaike information criterion, adjusted fbe sample size (AICc). Training models 1 and Zable2 showed
good approximation features in terms of the measolalte error (MAE) and the mean absolute percentxger
(MAPE) indicators. The out-of-sample median forécascuracy by MAPE for the raw data model worsefrech
1.43% to 3.1%%, and 10.786 with increase of the prediction horizon. Logaritlransformation led to the change in the
model parameters — ARIMA (2, 0, 0) and detectediarst that improved the forecasting accuracy of thedel to
1.86% MAPE for the 7-month test period, but deteriodatige corresponding results for the 12-month fosebarizon

to 12.52%.
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Table 2 — Summary and forecast accuracy of the ARM#&el with removed outliers (3)

Training model (Test{ MLE of the Log Information criteria | 1'&ning model Forecast accuracy
No ing set) varianceg? | likelihood accuracy (Testing set)
AlCc BIC MAE MAPE MAE MAPE
1. 2000:01 — 2016:06 * L
(2016:07— 2017:01) 0.0003532 510.74 -991.18 -947.43 1.3650 1.433 2.363 3.188
Log transformed 0.0005057 473.83 -926.48 -894|77 0197 1.4087 1.0271 1.8601
2. 2000:01 — 2016:01 L A b )
(2016:02 — 2017:01 0.0003552 496.89 -965.7% -925.37 1.3718 1.423 2.94110.783
Log transformed 0.0005073 461.1 -903.22  -874/84 1580| 1.4089 1.1150| 12.5238

We tried to improve the forecast power of the magshg intervention variables that account forti@vements of
REER in different periods of time instead of rermaythe outliers. The first LS outlier (Tallg refers to the hryvnia
appreciation in April 2005, ruled by the governmeFte following three outliers (162 104" and 108 observations)
exhibit the following short-term strengthening bé&tnational currency in 2008 due to the favorablguncture of for-
eign markets. The 187LS), 178" (AO), 182 (TC) and 19% (LS) outlier observations refer to the hryvnia aleation
in 2008 because of the world financial crisis, @12 and following years because of political an&maconomic insta-
bility in Ukraine. We introduced a set of dummy danial variables to accommodate the above-mentiangiier ef-
fects. They include three structural break varigliich incorporate upward level shift starting B@005, and down-

ward shifts beginning November 2008 and March 2@i4nmy variablelreerthat takes value 1 for additive downward
outliers; and seasonal varialileeasthat accounts for series’ increase observed eleng. To reduce variance volatil-
ity, we removed temporary change outliers No 1a®5 and 182 (Tabl&) using moving average procedure. ldentifica-

tion of the model parameters both by the Box-Jekipproach [1] and the Hyndman-Khandakar algorifaml0]
proved the hypothesis of misspecification of thé twot and stationary tests in case of the owgliexistence, specify-
ing the model ARMA (1, 0, 0) for IREER based on additional information on aberrant olzg@ns:

In(Reer) = 461+ 0.96n(Reer, ¥ 0.06d2005 0,121 2008 018 2014 0 Gfer

clusion of additional explanatory variablérég) —

(0.019)

(0.019)

(0.019) (0.005)

0.0dess, . (4)

(0.003)

Errors of the estimated coefficients given in begskin (4) justify significance of all variables lby statistics (es-
timated coefficient divided by the coefficient afroDiagnostic testing for residual autocorrelatigith the Ljung and
Box test [4, p328 — 329] and the ACF plot showed improved siaighat demonstrated that tfesiduals were uncor-
related and the model was specified correctly aftenplete description of outliers with dummy vatésh(Table3). In-
logarithm of the ratio of the monetary basdhe value of interna-
tional reserves, improved both in-sample and otgawfiple forecast accuracy, and characteristidseofrtodel adequacy
(MLE, LL, AIC, BIC, LB). We compared ARMA models afrders (1, 0, 0) and (1, O, 1) described in (4) ) to
ARIMA model (0, 1, 0) without any regressors, samnito the random walk model without drift. Our fings revealed
better short-term approximation of the ARMA modahd more accurate long-term forecasting performaricthe
ARIMA model that considered the series as nonstatipin presence of level shifts and additive eusli(Tablet).

Table 3 — Summary and forecast accuracy of the ARM@#lel with dummy variables (4)

MLE of Log . . Training model Forecast accuracy
. o Information criteria .
No Training model the likeli- accuracy (Testing set)
i variance
(Testing set) 2 ?lf’f)d AICc BIC LB stat MAPE MAE MAPE
1 Full sample size Q=17.691
2000:01 — 2017:01 | 0.0003498| 527.0§ -1037.38 -1011.53 p=0.397 1.3047
2. 2000:01 — 2016:06 Q=18.061
(2016:07 — 2017:01) 0.0003494| 509.21 -1001.6p -976.1p p=0.385 1.3330 1.2756 1.6769
with Xreg In(mb/re3 Q=15.102
0.0003298| 515.99 -1010.8L -979.1 p=0.444 1.3167 1.1927 1.5651
3. 2000:01 — 2016:01 Q=18.614
(2016:02 — 2017:01) 0.0003379| 500.47 -981.96 -953.58 p=0.351 1.3103 4.8390 6.5137
=17.388
with Xreg In(mb/rez) | 0.0003227| 504.69 -990.4 -962.0p ?o— 0361 1.3048 4.6103 6.2101

Empirical estimations prove that to facilitate awta forecasting with ARMA (4) we need to providdiable sce-
narios for explanatory regressors. These predistéhiould be based on the estimation of the uneggexmponent of
the news announcements rather than on their téstatues [7]:

Nt = (At =

Ek,t)/ak’

(5)
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where n, ; — is a standardized news component for the inolidatup to timet; A , — the actual value of the variable
in the time period {(; t+1); E, ; — the corresponding expected value of the varjatsle— variance of the numerator.

Having deduced the ways to facilitate the usagb®time domain ARMA models for unstable short-tetata, we
tried to compare their performance with other mimdetechniques described in publication review. [€dbsummarizes
in-sample and out-of-sample accuracy for the foil@atypes of models, realized in "forecast" R paek§l0]: random
walk; ARIMA and ARMA with detected outliers (3), 4seasonal and trend decomposition using LoeBs ¢gponen-
tial smoothing; exponential smoothing state spaceehwith Box-Cox transformation, ARMA errors, tceand sea-
sonal components (tbats); exponential smoothingy ditft (theta); structural state-space MLE mod&dsed on a de-
composition of the series into a number of comptsefieed-forward neural networks with a single leiddayer and
lagged inputs for forecasting univariate time serieeural). All models were estimated using loganitally trans-
formed series. Neural network model and ARMA mo@8l with dummy variables and explanatory variatyib/rez
showed the best in-sample accuracy for both trginiedels, ending 2016:06 and 2016:01. The bespisd&mple per-
formance was obtained by the ARMA model (4) and $iddel for 7-month horizon period and by the suitetand
theta models for 12-month horizon period. AlthougRMA model with additional regressors displayed/és bounds
of the forecast intervals assuming no correlatioth @ormal distribution of residuals.

Table 4 — Comparative analysis of the forecastimggy for different models

log data 2000:01 — 2016:06 log data 2000:01 — 2016:
Model Train test (7 month) Train test (12 month)
MAE MAPE MAE MAPE MAE MAPE MAE MAPE

randomwalk 1.0223 1.6402 1.0248 1.7628 1.022 1.628 1.069 4.7266
ARIMA(0,1,0) 1.0219 1.6262 1.0251 1.7719 1.02119 218 1.069 4.7266
ARMA (3) 1.0157 1.4087 1.0271 1.8601 1.0158 1.4089 1.1150 12.5238
ARMA (4) 1.0147 1.3167 1.1927 1.5651 1.0149 1.3048 4.6103 6.2101
St 1.0221 1.6338 1.0236 1.7194 1.0221 1.6338 1.0744 5.3075
Expsmooth 1.2478 1.6431 1.0249 1.7656 1.02p1 1.63p6 1.0686 4.6834
Thats 1.0219 1.6267 1.0247 1.7590 1.0216 1.6132 645.0 4.2845
Theta 1.023 1.6652 1.0285 1.9096 1.0227 1.6508 06.06 3.9287
Structural 1.6944 11.827 1.0299 1.9717 1.6849 BL.6Y 1.0542 3.4184
Neural 1.0046 1.105 1.1157 12.655 1.0044| 1.0988 1.1556 28.742

Prospects for further research. The authors consider promising research methodtinfi@ series with aberrant
data related to nonlinear and Bayesian regime bimgcmodels that have proven to be a comprehemdigmative way
to explore hidden patterns in data. For long-teonedasting improvement, the authors recommenddumbsearch of
nonlinear techniques, including structural and wrative exponential smoothing methods. Another pssspe direction
concerns multivariate modeling focusing on the wayslescribe and predict exogenous explanatoryabkes and in-
corporate more significant information without pkyan degrees of freedom. In this respect, we nec@nd dynamic
factor and diffusion index modeling for further easch.

Conclusion. A method of improving the forecasting power of tiassic time domain autoregressive and moving
average model by proper identification and incoation of explanatory information about aberrantregevas imple-
mented in the paper. It was proven that outlieeck#n methods resulted in narrower forecast imatisrand outper-
formed robust approaches that used low weightalb@rrant observations in short-term point preditid/Based on the
comparative modeling analysis that revealed impiideag-term forecasting characteristics of nonpataic nonlinear
approaches, the authors suggested further resparspectives in time series analysis of unstatibet Sample data.
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