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The Search Algorithm of

Optimal Time Series Mode

for Forecasting Latvian GDP

Aleksandrs Bezruckdiiga Technical University

Abstract: The search algorithm of optimal time series model
for forecasting Latvian GDP. In this scientific pape there is
developed algorithm for a finding optimal time seres model for
GDP forecasting. Latvian GDP statistical data with garterly
observation frequency is taken as a time series. AlRA Analysis
of Latvian GDP Time series is performed and describedThe set
of model has been constructed. For check of qualitpf models
Residual tests are performed and models are compatebetween
themselves. Using econometric software EViews 6.0rdoasts for
best models are made and results are compared witkal data of
last three squares of year 2009.

Keywords. time series, GDP (Gross Domestic Product),
ARMA (Autoregressive Moving Average) Analysis, Resiual
tests, Serial Correlation, Heteroskedasticity.

I. INTRODUCTION

The analysis and forecasting of Gross Domestic ritod
was an actual object of research for any time arydnaodern
country. These researches are consisting of mafgctble
and subjective factors. For forecasting econontstgan not
use only statistical methods but need also tak®emsideration
a lot of economical and political events.
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Fig. 1. Latvian GDP (Lats) 1995Q1-2009Q1

Working with this scientific paper different methoaof
econometrical modeling are analyzed. For examphlyais
methods for German GDP forecast that are descried
Lutkepohl in “Applied Time Series Analysis” [1]. tkepohl
is describing different ways of ARMA and Residuabbsis
of time series. In this scientific paper author us®wn
methods of statistical analysis of time series frecasting
Latvian GDP. Using a computer software author perfo

search for the best models for a concrete timeseBased on
analysis of these models a search algorithm ofragtmodel
is build.

For a finding optimal model of forecasting Latvi@ross
Domestic Product two different cases of Latvian G&ffies
with quarterly observation frequency is taken. Tit& case is
quarterly Latvian GDP series in levels (Latviansjagnd
second case is same data in percentage growth.GDife
series are given in Figure 1. The time series lemg = 57.
The time series is taken from first quarter of y&ae6 till
year first quarter of year 2009. All searches fordcasts are
made using econometrical software EViews 6.0.

Il. EVIEWS SOFTWARE

EViews offers academic researchers, corporations,
government agencies, and students access to pdwerfu
statistical, forecasting, and modelling tools tlgbuan
innovative, easy-to-use object-oriented interface.

A combination of power and ease-of-use make EViews
software the ideal package for anyone working withe
series, cross-section, or longitudinal data. WiMidss, is
possible quickly and efficiently manage data, penfo
econometric and statistical analysis, generatecésts or
model simulations, and produce high quality graghd tables
for publication or inclusion in other applications.

EViews supports a wide range of basic statisticallyses,
encompassing everything from simple descriptivéisties to
parametric and nonparametric hypothesis tests.

Basic descriptive statistics are quickly and easdynputed
over an entire sample, by a categorization base@nan or
more variables, or by cross-section or period imebaor
pooled data. Hypothesis tests on mean, median aridnee
may be carried out, including testing against dgesialues,
testing for equality between series, or testing éguality
within a single series when classified by otheriakdes
(allowing you to perform one-way ANOVA). Tools for
covariance and factor analysis allow you to examihe
relationships between variables.

EViews easy visualize the distribution of data gsin
histograms, theoretical distribution, kernel densitor
cumulative distribution, survivor, and quantile {8loQQ-plots
(quantile-quantile plots) may be used to compare th
distribution of a pair of series, or the distrilutiof a single
series against a variety of theoretical distribngio

EViews also produces scatter plots with curvenfiftusing
ordinary, transformation, kernel, and nearest r®gh
regression. [4]
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1. Using EViews 6.0 software performs ARMA analysfs
Time series. Find models with best statisticakcid's.

2. Perform an analysis of criteria. Find the estels.

3. Perform residual tests. Three criteria are aealy
Akaike info, Schwarz and Hannan-Quinn criteria’s.

4. Make Forecast for time series for each modem@e it
with real data.

5. Conclusions.

WORKING PLAN

IV. ANALYSIS DESCRIPTION

A. Theanalysisof criteria

At the first stage of a choice of the best modadriteria are
analyzed: Akaike info, Schwarz and Hannan-Quinre Bhst
model has the minimal values. R-squared statistialso
present. In this stage models with best criteria taken.
ARMA Analysis is realized on EViews program langeand
statistical criteria’s are a result of the progr@ig.2).

B Table: CRITS Workfile: GDP_AUTOREGR =101 x|

view|Prac| Object | Print|Name| Edit-+/-|CelFmt | Grid+/-| Title| Comments+/-
A B C [ D [ E
AR MA | 0.000000 | 1.000000 | 2.000000 | 3.000000
0.000000 | 0347646 | -0.239621 | -1.415521 | -1.446306
1.000000 | -1.378436 | -1.841098 | -2.093701 | -2.105267
2.000000 | -1.662691 | -2.019881 | -2.076773 | -2.204613
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Fig. 2. ARMA Analysis in EViews 6.0

The R-squared f{™) statistic measures the success of th
regression in predicting the values of the depensariable
within the sample. In standard settinds, may be interprete
as the fraction of the variance of the dependemtabke
explained by the independent variables. The statisti equal
one if the regression fits perfectly, and zerd fits no better
than the simple mean of the dependent variableatt be
negative for a number of reasons. For example, hé t
regression does not have an intercept or consthrthe
regression contains coefficient restrictions, ahé estimation
method is two-stage least squares or ARCH.

The Akaike Information Criterion (AIC) is computesk:
ATC = -2/ T+ 2L/T where! is the log likelihood. The
AIC is often used in model selection for non-neste
alternatives-smaller values of the AIC are preférré&or
example, you can choose the length of a lag digidh by
choosing the specification with the lowest valughef AIC.

The Schwarz Criterion (SC) is an alternative toAlh@ that

d

imposes a larger penalty for additional
coefficients: 5S¢ = - 2L/ T+ (klog 1)/ T
B. Resdual tests

The second stage is Residual tests: Serial CdoelatM
test, Histogram — Normality test, HetereskedastiédiRCH
test and Correlogram Square Residual test. Maletiated
as passed the test if P-value is higher then 0,1.

Serial Correlation LM test is an alternative to tie
statistics for testing serial correlation. The testongs to the
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class of asymptotic (large sample) tests known agrange
multiplier (LM) tests Serial Correlation LM testa® the
higher importance because on this step we are oaingewith
the possibility that our errors exhibit autocortiela. LM test
check for higher order ARMA errors and is applieabhether
or not there are lagged dependent variables.

The null hypothesis of the LM test is that theradsserial
correlation up to lag ordel , where ¥ is a pre-specified
integer. The local alternative is ARMA{ ) errors, where
the number of lag termg' =max(":4 ). Note that this
alternative includes both ARY() and MA(#) error processes,
so that the test may have power against a varfegjternative
autocorrelation structures.

The test tatistic is computed by an auxiliary regien as
follows. First, suppose you have estimated theaession;
y, = X, 0+ ¢, 1)

where brare the estimated coefficients andre the errors.
The test statistic for lag ordetis based on the auxiliary
regression for the residualis = ¥ — X

A

Kov+ |I .E: e,
'xj=| J

)

, + i,

Histogram and normality tests are displays a hrstogand
descriptive statistics of the residuals, includithg Jarque-
Bera statistic for testing normality. If the resids are
gormally distributed, the histogram should be Ise#ped and
the Jarque-Bera statistic should not be significBhe Jarque-
Bera statistic has & distribution with two degrees of
freedom under the null hypothesis of normally disired
errors. [2]

The ARCH test is a Lagrange multiplier (LM) testr fo
autoregressive conditional heteroskedasticity (AR@Hthe
residuals. This particular heteroskedasticity dpEtion was
motivated by the observation that in many finandiahe
series, the magnitude of residuals appeared telbted to the
magnitude of recent residuals. ARCH in itself dosst
invalidate standard LS inference. However, ignorkigCH
effects may result in loss of efficiency.

d The ARCH LM test statistic is computed from an &axry
test regression. To test the null hypothesis thatet is no
ARCH up to orderdin the residuals, we run the regression:

%,

=1

3)

£, =

+ vy,

where & is the residual. This is a regression of the sephar
residuals on a constant and lagged squared residymlto
order 7. TheF-statistic is an omitted variable test for the foin
significance of all lagged squared residuals. THes*&-
squared statistic is Engle's LM test statistic, pated as the
number of observations times th& from the test regression.
The exact finite sample distribution of tiestatistic under
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Hyis not known, but the LM test statistic is asymiciaity Best models: Nr. 5,7,8,12,13,14. Other models §oitn
distributed as & @Junder quite general conditions. further evaluation process.

Correlogram of squared residuals test displays the The residual tests results are given in Table 2d@oNr.13
autocorrelations and partial autocorrelations & #guared and Nr.14 are complete all the tests. Residuaishgod Model
residuals up to any specified humber of lags anmdpedes the Nr. 13 is given in Figure 4.

Ljung-Box Q-statistics for the corresponding lags. The

correlograms of the squared residuals can be useshdck TABLE 2
autoregressive conditional heteroskedasticity (AR@Hthe RESIDUAL TEST(LEVELS)
residuals. Nr. | Serial Correlation | Histogram Heteroskedasticity
If there is no ARCH in the residuals, the autodatiens ? S-Egggg g-ggggg g-%ggg
and pf_;\rt!al autocorrelations shou_lql be zero al_agﬂ; and the —¢ 0.05070 0.40000 053900
Q-statistics should not be significant inclusion ARMA 12 0EIGIO 000003 054040
terms. [3] 13 0.09250 0.53015 0.67080
] 14 0106700 040223 0.85250
C. Out-Of-Samle Forecadting
The final evaluating test is “Out-Of-Sample Foréirag.
In this step forecasts is comparing with real d&eal data
that we have is for the last 3 quarters of 2009. /\/J\/
V.LATVIAN GDPIN LEVELS AN
The series to be analyzed consist of seasonallpdjosted, e A/

quarterly Latvian GDP in levels for the period 1645 — ol
2009Q1. It is plotted in Figure 1. Constructing edal for the '027
logs is likely to be advantageous because the @samgthe ' /\

A
log series display a more stable variance tharch@ages in 00 / \/ W V v
igi i i ies i i i -02+

the original series. Time series in logs is plofte&igure 3
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Worst model residuals are given in Figure 5 for parson.
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Fig. 3. Latvian GDP in logs _ fea
0
TABLE 1 e V ‘I{ VJVVUVJVVV
THE ANALYSIS OF CRITERIA(LEVELS) sl
Nr. LGDP Akaike Schwarz Han-Quinn .
1A -1.326483) -1.290316 -1.312461 echy
Z_|AmR) -1.487976] -1.451479 -1.473862 A
3_|Ma(t) C 0162%63| D 10677] 0154503 © "laes dses foo0 dom2 | 2004 2005 2008
4 |Ma@) C -0.143123]  0.071437 -0.115263
5 |AR{1) MA{1) -1.676947| -1.806613 -1.850903 ; ;
6 |AR{1) AR{Z) MA{1) MA(Z) 2087592 -1.941604 2031137 Residual == --Actual —Fitted
7 _|AR{1) AR{2) SAR{) MA{1) 3.746621] -3.595105 -3.606722
8 |AR(1) AR{Z) SAR{) MA{) -4.18207|  -4.030555 -4.124172
9 Trend C -1.914989 -1.843303 -1.887129 F|g 5. Residuals graph for Model Nr.9
10_|AR{1) Trend 1294331 -1.221997 -1.266287
11_|AR(Z) SAR{) 3.027406] -2.95164G -2.996456 )
12_|AR(1) SAR{) MA{) -3B46746] -3.534175]  -3603589 “Out-Of-Sample Forecasting” test (Table 3) showttha
13_|AR(1) ARZ) SAR{) MA{) SEAS(1) | -4.224953] -4.035559 -1.15258 - .
14 |AR(1) SAR() MA@) D199702 SirTE Saea oo forecasts more closes to reality we get from modwld2:

AR(1) SAR(4) MA(4). Absolute difference (0.037)nsnimal

85



Scientific Journal of Riga Technical University
Computer Science. Technologies of Computer Control

2010
Volume 42

in this case. The best model has passed all Résidsts
except Normality. The second and third result haslets Nr.
7 and Nr.13., also passed almost all residual #estept Nr.7.
which also did not pass the Normality test.

TABLE 3
OUT-OF-SAMPLE FORECASTING(LEVELS)

Forecast - 1 Step - 09q2 Forecast - 2 Step 09q3 Forecast -3 Step 09q4
Hr. |LGDP real | LGDP{ |Diff LGDP real |LGDPf |Diff  |LGDP real |LGDPf Diff || Sum % |
5 0.053] 0435 0.347 0.031] 0.022] 0.008 0.034] 0.016] 0.016 0.371
7 0.083] 0.082 0.007 0.031] 0.017] 0.014] 0.034] -0.012] 0.045 0.065
i} 0.053] 0.044] 0,044 0.031] 0.023] 0.007) 0.034| -0.020] 0.054 0.106
12 0.083] 0,103 0.014 0.031]  0.042] 0.012 0.034] 0.023 0.011 0.037
13 0.083] 0.057] 0.031 0.031] 0.017] 0.014] 0.034] -0.021] 0,055 0.099
14 0.083] 0.050] 0.039 0.031]  0.013] 0.018 0.034] -0.013] 0.053 0.109

VI. LATVIAN GDPIN PERCENTAGE GROWTH

All evaluations are made with Latvian GDP. The

differences and the log difference of time seriesotted in
Figure 6. The log difference display a more staldeance
than the changes in the original series that wis/tiatken.

iig'\j WWMV W\ \f‘\/\'\f’W’\ﬂ”\ |
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Fig. 6. Time series in differences and in log défeces

TABLE 4
THE ANALYSIS OF CRITERIA(DIFFERENCE

Nr. d (LGDP) Akaike Schwarz Han-Quinn

1 |Ar1) -1.6597593]  -1.623296 -1.645679
2 |Ar2) S1.379102]  -1.342269 -1.364857
3 [Ma(njC -1.B76758]  -1.804424 -1.848714
4 |Ma2) C -1.309161]  -1.236827 -1.281117
5 |AR(1) MA(1) -1.712348|  -1.639354 -1.684121
6 |AR(1) ARZ) MA1) MAZ) -2.033619]  -1.856286 -1.976758
7 |AR{1) AR{Z) SAR4) MA(1) -3.728444|  -3.575482 -3.6701595
8 |AR(1) AR{Z) SAR{1) MA{) -4 197451 -4.044483 -4.139202
9 |[Trend C -1.306934 -1.2346 -1.278891
10 |AR{1) Trend -1.636801]  -1.563507 -1.608574
11 |AR{2) SAR{) -3.803588| -3.727107 -3. 774463
12 |AR{1) SAR{4] MA{{) 9773 -4.078136 -4.148349
13 |AR{1) AR(2) SAR{{) MA(4) SEAS(1) -4.307962| 4116759 -4. 235151
14 |AR{1) SAR{4) MA{) D1997 02 4273152 -4.121636 -4.215253

Models with best criteria: Nr. 7, 8, 11, 12, 13, Dikher
models quit from further evaluation process.

TABLE 5
RESIDUAL TEST(DIFFERENCEH

Nr. | Serial Correlation | Histogram | Heteroskedasticity: ARCH
7 0.5933 1] 0.525

8 0.65825 0.393373 0.3453

11 0.8552 1] 0.017535

12 0.0503 0421976 0.6305

13 0.64 0.560055 0.2823

14 0.5554 0997972 0.7422
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Models Nr. 8, 13, 14 are complete all the testsd&d\r.
12 also have good statistic.

“Out-Of-Sample” forecasting test (Table 6) showatth
forecasts more closes to reality we get from modii41:
AR(2) SAR(4). Absolute difference (0.037) is mininia this
case. This model did not complete the histograrm bes pass
all other residual tests. Second result has mod&i, N\vhich
has same problem with Normality test. Third resblis model
Nr.14 — this model pass all residual tests.

TABLE 6
OUT-OF-SAMPLE FORECASTING(DIFFERENCE

Forecast - 1 Step - 0992 Forecast - 2 Step 0993 Forecast -3 Step 09g4
Nr. |dLGDP real |dLGDPf Diff dLGDP real |dLGDPf |Diff  |LGDP real [LGDPf [Diff || Sum % |
7 0.058) 0.084] 0.004 0.031 0.022] 0.009 0.034] 0.004 0.030 0.043]
8 0.038] 0.034] 0.054 0031 0.019) 0,012 0.034] -0.020] 0.054 0120
11 0.085) 0.081] 0.003 0.031 0.0Z4]| 0.007 0.034| 0.007 0.027 0.057]
0.058) 0.045] 0.043 0.031 0.024| 0.007 0.034] -0.020( 0.054 0.104]
0.088) 0.022] 0.067 0.031 0.009]| 0.022 0.034] -0.021[ 0.054 0.143]
14 0.058) 0.070] 0.018 0.031 0.011] 0.020 0.034] -0.020{ 0.054 0.091

VIl. THE SEARCHALGORITHM

The search algorithm was shown at Figure 7. Stegtdqy it
can be described as:

Input data: GDP Time series

1. Constructing of ARMA models in levels and in
differences separately. Since this point the maddivided on
two branches and the subsequent steps are camiedno
parallel for levels and for differences.

2. ARMA Analysis

3. Performing Residual tests

4. If during residual tests probability value isdethen 10%
model quit from further evaluation. We can not trtes this
model.

5. If P Value is higher then 10% go throw and perfo
forecasting for specified periods of time.

6. Comparing forecasting data with real data. Make
evaluation.

7. The analysis of the results. Two branches of atsod
come back to one point.

Output data: Best model for the GDP Forecasts.
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Latvian lats (in levels) and in percentage growtim (
s A s difference).
levels || giffer=nces Comparison of 1 and 2 cases shows that casevéhs
[ ' and in differences gave approximately same resul®o3
v deviation of real data in absolute value for fostsdor 3 steps
ARMA Analysis ARMA Analysis in future. It is seems that it is does not mattéiciv way to
—— use. But of course it is not the right designsIvéry important
| to look all the result together and understand ttbey are
- calculated and evaluated. If a model give a besichst for
Residual tests EESldunl thets one, two or three steps separately it is does mannthat this
i — " model will be best in other cases. Figure 7 shofws t
] I algorithm of searching optimal model for forecagtin
. N0  No e
(:\:\x uva:..g = 0,1 _ﬁ {Lh‘r"odeefl :fﬂ;?.”& . \'\P \"alu$ S REEERENCES
\"H-\/ = ““-/ [1] Lutkepohl H., Kratzig M. Applied Time Series Econetrics. —
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ou gcas?:mj DL;'E‘Q;E iimgf ;igepsr.).— Moscow: Moscow Institute of Physics aedhhology , 2002,

[3] Molcanov 1., Arzenovski S. Statistical methods fofrecasting. —
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Figure 7 The search algorithm

In the scientific paper author describe searchrilyn of
optimal time series. Using statistical modeling, e th
econometric analysis of Latvian Gross Domestic Bcbds
made. Different cases of constructing model are enad

Aleksandrs Bezrutko. PrognoZSanas Latvijas IKP laika rindu optimala modda algoritma atraSana

Zinatniskap darla tiek izstadats laika rindu optirila modéa atrasanas algoritms Latvijas IKP progi&anai. Darb izmantoti statistikas dati, kas @glLatvijas

Republikas cenifa statistikas prvalde un Latvijas Ban&. Latvijas IKP statistikas dati ar gada cetuk#zpstes bieZumu tiegemti laika rindu veid. Izstadata

un apraksta ARMA laika rindas an@e. Izveidots nepiecieSamais mhddaudzums. ® dazdiem statistikas krérijiem izpetits modéu \ertejums, tai skait

izmantoti Akaike un Svarca kitji, kuri lauj iz\elcties vislatiko modeli no daudun dazdam specifikicijam. Moddu precizifites firbaudei tika veikti
atlikumu autokorelcijas testi, heteroskedagt# un @rbaudts atlikumu normalittes sadajums. Izmantojot EViews 6.0. programraat uz latako modéu

bazes izstidatas prognozes turpikajiem tfis ceturkdiem. Veikts prognozu salzinajums ar réli faktiskajiem datiem par gagjo 2009.gada 3 ceturig@m.

Izstradatais algoritmslauj iedit kopgju visu izstidato modéu un to rezulitu kopskatu unapat iegitos modéus saidzinat pec imegiem un starfbas. Darba
rezulita ieguts detalizts algoritma apraksts u@ grafiskaisistenojums. legfais algoritms var tikt izmantotsakanaitisks instruments IKP prognézanai
da#das finansu un statistikas iedes.

Auiexcanap be3pyuko. AIropuTM Haxo:kAeHUsi ONTUMAJILHOI MOJe/IM BPEMEHHbIX PAA0B 1Jis nporHosuposanust BBII Jlareun

B nayuHoii cTaThe pa3pabOTaH aNrOPUTM HAXOXKACHUS ONTHMAIBLHOH MOIENH BPEMEHHBIX psAAoB s mporHosupoBanus BBII JlatBuu. Mcmons3oBaHHEIE B
CTaTbe CTATUCTHYECKHE NaHHBbIC MoaydeHH! B llentpamsHoMm CratucrmueckoM Ympasnenun Jlatuiickoil Pecryomuku u B Banke JlatBum. CratucTuueckue
nanHbie BBIT JIaTBuH ¢ KeKBapTanbHON 4acTOTOM HAOIIOICHHS B3SThI B KAYECTBE BPEMEHHOTO psiia (B YPOBHSX U B pasHOCTsIX). Beimonnen u onucan ARMA-
aHanmu3 BpeMeHHoro psana. Iloctpoeno ompenenéHHoe MHOXkeCTBO Monenei. IIpousBeneHa oLieHKa 3HAYMMOCTU MOAENEH 1O Pa3IUYHBIM CTATUCTUYECKUM
KpPUTEpUsM, B TOM 4YHCIE HCIONB30BaHBI KpHTepuu Axaiike u IllBapma, mosBoisiomue BRIOMpATh HAMIYYNIyI0 MOJETb K3 MHOXKECTBA Da3IHIHBIX
crienrdukanyii. [l IpoBepKy TOYHOCTH MoJeNeil ObLIM MPOBEICHBI TECThI HA ABTOKOPEIUIALINIO OCTATKOB, FETEPOCKEIACTHYHOCTh U IIPOBEPEHa HOPMAILHOCTh
pacrpezeneHns ocTaTkoB. [IpoBeieHo cpaBHeHHe Mozeiel Mexay coboii. Memonb3yst nporpammuoe obecnieuenne EViews 6.0,na 6ase myqmmx mogenei,
IIOCTPOEHBI NIPOTHO3Bl Ha TpU KBapTaida Brepéa. IIpoBeneHO cpaBHEHHE NPOTHO30B C pEalbHBIMU JAHHBIMHE IocienHux Tpéx kBapranoB 2009 roxa.
Pa3paboTaHHBIil arOPUTM MO3BOJSAET MOTYYUTh OOLIYIO KapTHHY BCEX MOCTPOCHHBIX MOAENEH M MX PEe3y/lbTaToOB, a TAKXKE CPABHUTH MOCTPOCHHE MOJEICH B
YPOBHSIX M B Pa3HOCTSX. B pe3ynbraTe paboThl MpUBEIEHO MOMIArOBOE OMMCAHKE aIrOPUTMA, a Takxke ero rpadudeckoe nzodpaxenue. [lomydeHHslit anroputm
MO>KET OBITh IPUMEHEH KaK aHAIUTHICCKUH HHCTPYMEHT nporuozupoBanus BBII B pa3nuuHbIX GHHAHCOBBIX M CTATUCTHIECKUX YUPESHKICHHAX.
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