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Summary For an ARFIMA (p, d, ¢) modelit is not possibleto identify the orderof the
shortmemory polynomialsby using autocorrelatiorand partial autocorrelatiorfunc-
tions asfor the ARMA (p, ¢) model. Indeedwhenboth long and short memorycom-
ponentsare presentin the data, their behaior is hard to distinguishand the model
selectionbecomesvery difficult. In this paper by meansof a large-scalesimulation
study we asseghe performanceof someinformationcriteria, suchasAIC, AICC, BIC

andHIC, whenthe true modelis an ARFIMA (p, d, ¢) andthe alternatvesof interest
areARFIMA (p*, d*, ¢*). The probability of successfuldentificationincreasesvith the
samplesize and dependon the valuesof the shortmemoryparametersMoreover, it

variesacrosghedifferentselectioncriteria.
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1. Introduction

Severalmethodsto estimatethe long-memoryparametel of anau-
torggressvefractionallyintegratedmoving-averagemodel ARFIMA, are
available. Many of them are described for example,in Beran(1994).
Amongthesemethodspnly thelik elihoodor pseudo-liklihoodmethods
allow usto estimateat oncethe long-memoryparameteri andthe other
parametergSowvell, 1992, Fox and Taqqu,1986). Moreover, underthe
hypothesif correctmodelspecificationthesemethodddisplaya better
performancehanthe otherparametricor semiparametriprocedureBi-
sagliaandGuegan,1998). Neverthelessto obtainconsistenestimators



we needto know exactly thedatageneratingprocessln caseof misspeci-
ficationtheestimatorsouldbeverybiasedandconsequentlyheforecast
will notbeoptimalin the senseof meansquarepredictionerror (Bisaglia
andBordignon,2002).

This naturally leadsto the problemof identifying the ordersof the
shortmemorycomponent$or an ARFIMA (p, d, ¢) process.This taskis
very complicatecbecausdt is impossibleto identify p andg by asimple
analysisof the autocorrelatiorand partial autocorrelatiorfunctionsasit
is usuallydonefor anARIMA process.

Schmidtand Tcherning(1995), Crato and Ray (1996) and Smith et
al. (1997) considervariousinformation criteria and assesspy Monte
Carlosimulationsthe performancef thesecriteriawhenthe true model
is fractionally integratedandthe alternatvesof interestareboth ARMA
and ARFIMA models. Their resultssuggesthat whenthe datagener
ating processs an ARFIMA (p, d, q) theidentificationof the true model
may not evenbe assuredor smallor moderatesamplesize,althoughthe
succesgrobability increasesubstantiallyalong with the lenghtof the
consideredseries.Beranetal. (1998)investigatednodelchoicecriteria
for aclassof modelsthatincludesclassicalndfractional,stationaryand
nonstationanautorgressve processThey showv, by Monte Carloexper
iments,thatthecornvergencespeedo thetrueorderof themodelseemso
dependonthevaluesof thelong-memoryandautorgressve parameters.
All theseauthordind thatthebayesiarcriteria, BIC, performsbetterthan
theothers.

Most of the previous contrilbutions focus on simple fractional noise
modelsand/orlow samplesizes.In this paperwe analysesystematically
throughlarge Monte Carlo simulations,the performanceof the Akaike
informationcriteria(AIC, AICC), theBayesiannformationcriteria(BIC)
andtheHannan-Quinreriteria (HIC). We usethesecriteriatogethemwith
the Whittle estimator This methodis computationallyfasterthanother
exactmaximumlik elihoodmethodsandeasierto implement. Moreover,
it allows usto estimatethe parametersll together In thisway we try to
improvetheunderstandingf thefinite samplepropertieof theautomatic
criteriaandto offer someguidanceo selectwhich of themis superior

Although noneof the criteriaworkswell in all the considerectases,



our studyshawsthatthefrequeng of correctspecificatiorincreasesub-
stantiallyalongwith the samplesize. Further the BayesiarandHannan-
Quinn criteria areto be preferredin practicebecausehey have a more
consistenbehaior thanthe Akaike criteria.

The planof the paperis thefollowing. Section2 summarizedriefly
themainpropertief the ARFIMA (p, d, ¢) processeandthe Whittle es-
timator. Section3 presentsheidentificationcriteriathatwe use.Section
4 presentshe Monte Carlostudyandtheresults.Section5 concludes.

2. ARFIMA modeland Whittle estimator

Thefractionallyautorgressveintegratednoving-averaggprocessvas
independentlyintroducedby Grangerand Joyeux (1980) and Hosking
(1981).This procesgeneralizeshe ARIMA (p, d, ¢) processy relaxing
theassumptiorthatd is aninteger.

The ARFIMA (p, d, q) proces X;, t = 0,+1, ...} is definedby the
differenceequation

O(B) A(B) (X; — p) = O(B) &,

where®(-) and©(-) are polynomialsin the backward shift operatorB
of degreesp and g respectrely ande; is a white noise processhaving
Ele}] = o®. Furthermorewe setA(B) = (1 — B)¢ = Y52, m;B7, with
m; =T'(j—d)/[T'(j +1)T'(—d)], wherel'(-) denoteshegammaéfunction.
Whentherootsof ®(B) = 0 andO(B) = 0 lie outsidethe unit circle
and| d |< 0.5, the processs stationary causalandinvertible. We will
assumeheseconditionsto be satisfied.

Whenp = ¢ = 0, theprocesq X;, ¢t = 0,+1,...} is calledFraction-
ally IntegratedNoise. Whend € (0, 1/2) the autocorrelatiorfunction of
the processlecayso zerohyperbolicallyatarateO(k?¢-1), wherek de-
notesthelag. In thiscasewe saythatthe processxhibitsalong-memory
behaior. Whend € (—1/2,0) the ARFIMA (p, d, ¢) processs saidto be
anti-persistentln thefollowing we will concentrat®n ARFIMA (p, d, q)
processewvith d € (0,1/2), i.e. on processeshat possesdong-range
dependenceWe will alsoassumefor corvenienceandwithout loss of
generalitythaty = 0 ando? = 1.



To estimatethe parameter®f an ARFIMA (p, d, ¢) processve used
the Whittle estimatoy thatis the frequengy domainapproximatemaxi-
mumlik elihoodmethodproposedy Fox andTaqqu(1986). Thisestima-
tor extendsthe resultsof Hannan(1970)who appliedWhittle’s method
to the estimationof the parameter®f ARMA models. Fox and Taqqus
result,latergeneralizedy Dahlhauq1989)to theexactmaximumlik eli-
hoodestimatoris thebasisof oneof themostusedmethodsof estimating
thelong (andshort,if they arepresentimemoryparametersn Gaussian
time series.GiraitisandSuigailis (1990)generalizedheresultof Fox and
Taggquandprovedthe asymptoticnormality of Whittle estimatomwithout
the Gaussianityassumption.

The exactmaximumlik elihoodestimatorderivedin time domainhas
thedravbackof alarge computationaburden.Also computationaprob-
lemsmightarisein theevaluationof theautocwariancesiecessaryo the
computatiorof thelikelihoodfunction (Sawell, 1992). Thesedifficulties
do not occurwhenwe usethe Whittle estimatoy which hasthe further
adwantageof not requiringthe estimationof the meanof the series(gen-
erally unknavn in practice).Besidesundersomeregularity assumptions
(Fox and Taqqu, 1986, Dahlhaus,1989) fulfilled by ARFIMA (p, d, q)
processest is possibleto prove thatthe Whittle estimatorhasthe same
asymptotiadistribution asthe exactmaximumlik elihoodestimatorandit
corvergesto the true valuesof the parameterst the usualrateof n—/2.
Finally, for Gaussiarprocesseshe Whittle estimatoris asymptotically
efficientin the senseof Fisher

If the Whittle approximationto the log-likelihood function is used,
theparametevectord = (d, ¢1, ..., ¢p, b1, ..., 0,) is estimatedy mini-
mizing the estimated/arianceof the underlyingwhite noiseprocesswith
respecto 9.
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wheren' is theintegerpartof (n — 1)/2, I,,(A;) denotegheperiodogram
of theseriesdefinedatthe Fourierfrequencies\; = 27 j/n, andf(;, 8)
representshe spectraldensity of the ARFIMA(p, d, q) processat the
Fourierfrequeny A;.



Table 1. Estimationresultsof different ARFIMA(p,d,g)modelswhenthe
truemodelisan ARFIMA(0,d,0)d = 0.2. Numberof replications:1000.

Modd ©,d0) | (1A0) | Od.1) | @dD | 240 | @d1) | 042 | (Ld2) | 2d2)
N=100 |1 0.087 -0.017| 0094 | 0.010 -0.007| 0.022
(0.154) (0.521)| (0.170) (0.577) (0.571)| (0.746)

b2 -0.004| 0.004 0211
(0.122)| (0.154) (0.602)

d | 0.165]| 0.103| 0.121| 0.103| 0.096| 0.088]| 0.108| 0.080| 0.098
(0.089)| (0.121)| (0.122)| (0.135)| (0.143)| (0.142)| (0.134)| (0.131)| (0.129)

01 0073 | 0.111 0.099 | 0.087 | 0.125| 0.075
(0.152)| (0.511) (0.568)| (0.163)| (0.567)| (0.774)

03 0.025| 0.024 | 0239
(0.122)| (0.158)| (0.647)

N=1000 | ¢1 0.016 0.032| 0021 0017 0.017 | -0.014
(0.052) (0.509)| (0.065)| (0.552) (0.542)| (0.742)

é2 0.004 | -0.003 0272
(0.041)| (0.050) (0.626)

d | 0195| 0184 0187 | 0171| 0179| 0.167| 0184 | 0.166| 0.167
(0.025)| (0.043)| (0.041)| (0.077)| (0.059)| (0.089)| (0.053)| (0.088)| (0.087)

01 0.013 | 0.060 0.016 | 0016 | 0017 | 0.046
(0.050)| (0.487) (0.527)| (0.059)| (0.519)| (0.738)
05 0.005| 0.000| 0.282

(0.039)| (0.047)| (0.618)

In parenthesethe meanof the estimatedstandarcerrors.

The disadwantageof this estimatoris thatit assumeshe parametric
form of the spectraldensityto be known a priori. If the spectraldensity
functionis not correctly specified(asit is often the case)the estimated
parametersnay be biasedand consequentlyhe forecastmay not be op-
timal in the senseof minimizing the meansquarepredictionerror. This
naturallyleadsto the problemof identifying the ordersof the shortmem-
ory component®f anARFIMA (p, d, q) process.

2.1. Misspecificationand the Whittle estimator

In finite sampleghe Whittle estimationof long-memoryparameter]
canbeverymisleadingf themodelis misspecifiedgvenfor time seriesof
remarkabldenght. Sincethe parameter! describecompletelythelong-
rangebehaiour of the seriesjt is veryimportantto identify correctlythe
trueorderof the AR and/orMA component®f the processBisagliaand



Table 2. Estimationresultsof different ARFIMA(p,d,g)modelswhenthe
true modelis an ARFIMA(0.9,0.2,0.1)Numberof replications:1000.

Modd ©,d0) | (1A0) | Od.1) | @dD | 240 | @d1) | 042 | (Ld2) | 2d2)
N=100 |1 0.818 0.865 | 1.066| 0.943 0872 | 0.937
(0.084) (0.077)| (0.175)| (0.569) (0.075)| (0.616)

@2 0.175| -0.067 0.062
(0.146)| (0.504) (0.549)

d | 0499 | 0293 0416 | 0133 | 0078 0090 | 0497 | 0084 | 0.062
(0.000)| (0.134)| (0.093)| (0.129)| (0.134)| (0.129)| (0.019)| (0.111)| (0.111)

01 0.800 | 0.152 0113 | 0661 0.192| 0.148
(0.250)| (0.144) (0.544)| (0.120)| (0.152)| (0.632)

03 0315| 0049 | 0.047
(0.108)| (0.122)| (0.177)

N=1000 | ¢1 0.836 0.897 | 1.061| 1.012 0.905 | 0.947
(0.049) (0.044)| (0.131)| (0.415) (0.046)| (0.518)

é2 -0.143| -0.099 -0.040
(0.085)| (0.353) (0.461)

d | 0499 | 0342 0427 | 0183| 0132| 0.115| 0499 | 0150 0.121
(0.000)| (0.070)| (0.075)| (0.099)| (0.125)| (0.131)| (0.005)| (0.118)| (0.133)

01 0565 | 0.112 0.066 | 0.686 | 0.139 | 0.125
(0.023)| (0.065) (0.342)| (0.035)| (0.083)| (0.477)
05 0.339 | 0.022| 0.012

(0.029)| (0.045)| (0.074)

In parenthesethe meanof the estimatedstandarcerrors.

Gueagan (1998) shaved that the Whittle estimatorperformsbetterthan
othernon parametricor semiparametriestimatorsvhenthe true model
is known. But we do not know which is the behaiour of this estimator
whenthe modelhasnot beencorrectlyspecified.

In Table1 we seethatwhenthe true modelis an ARFIMA (0, 0.2, 0)
the problemis not soserious pecaus&venwhenthe processs misspec-
ified the estimationof parameter corvergesto its true value. Instead,
whenthe true modelis an ARFIMA(1, d, 1) the situationchangesadi-
cally dependingon the valuesof the AR and/orMA components.The
Table 2 and 3 shaw the estimationresultswhen the true processs an
ARFIMA(0.9,0.2,0.1) and ARFIMA(—0.9,0.2,0.5).1 It is possibleto
seethat,asthe samplesizeincreasesthe parametersiwayscorvergeto
theirtruevaluesif thetruemodelis chosenjn particularwe obtaingood
estimateof thelong-memoryparameteti. But if the modelis misspeci-

lwe have choserd = 0.2, but theresultsarevalid for eachvalueof the parameted.



Table 3. Estimationresultsof different ARFIMA(p,d,g)modelswhenthe
true modelis an ARFIMA(-0.9,0.2,0.5)Numberof replications:1000.

Modd ©,d0) | (1A0) | Od.1) | @dD | 240 | @d1) | 042 | (Ld2) | 2d2)
N=100 |1 -0.610 0828 -0.289| -0.607 0.775| -0.767
(0.146) (0.122)| (0.129)| (0.328) (0.204)| (0.561)

b2 0.310 | 0.161 0.013
(0.125)| (0.209) (0.482)

d | 0.004| 0324| 0.197| 0.158| 0047| 0.069| 0.031| 0.098]| 0.080
(0.017)| (0.123)| (0.148)| (0.106)| (0.091)| (0.109)| (0.079)| (0.122)| (0.128)

01 0.427| 0457 0339 | -0.265| 0482 0.499
(0.224)| (0.174) (0.285)| (0.148)| (0.234)| (0.571)

03 0322 | 0.108| 0.138
(0.109)| (0.156)| (0.381)

N=1000 | ¢1 0.715 0.895| -0.375| -0.862 -0.899 | -0.809
(0.037) (0.019)| (0.053) (0.122) (0.023)| (0.514)

é2 0334 | 0.027 0.076
(0.046)| (0.098) (0.463)

d | 0000| 0396 0224| 0195| 0122 0.179| 0023| 0185 0.166
(0.001)| (0.034)| (0.038)| (0.031)| (0.050)| (0.050)| (0.035)| (0.045)| (0.091)

01 -0.452| 0.499 0483 | -0.274| 0507 | 0.442
(0.033)| (0.044) (0.086)| (0.050)| (0.055)| (0.492)
05 0356 | 0.013 | -0.025

(0.032)| (0.051)| (0.257)

In parenthesethe meanof the estimatedstandarcerrors.

fied, the estimationof thelong-memoryparametecanbe heaily biased.
In fact, aswe canseefrom Tables2 and 3, the meansof the estimates
of d vary between0.115and0.499for the ARFIM A(0.9,0.2,0.1) and

between0.000and0.396for the ARF'IM A(—0.9,0.2,0.5). 2 Thus,the

correctidentificationof the datageneratingprocesss essentiako pre-

sene the superiorityof the Whittle estimator

3. Information criteria

All heuristicmethodgproposedn theliteratureto determingheorder
of an ARMA processsuchasthosebasedon autocorrelationsand par
tial autocorrelationspn the R- and S-arrays,on the cornermethod(see
de Gooijer et al., 1985, for a review), cannotbe usedto determinethe

2We have constrainedhe long-memoryparameted to lie in theinterval (0,0.5).



orderof an ARFIMA process.In factwhend > 0, the autocorrelations
andthe partial autocorrelationslecayto zeroat a slower rate of corver-
gencehanthe ARMA modelsandthis makesimpossibleto recognizehe
short-memorycomponentsBut the knowledgeof the generatingorocess
is importantin orderto estimatethe modelwith likelihood or pseudo-
likelihoodmethodsandmake predictions.

In this sectionwe comparethe performance®f differentautomatic
selectioncriteria in the presenceof long-memory We consideronly
ARFIMA modelssincewe can performthe identificationin two steps.
Firstly, we estimateahelong-memoryparametet! throughoneof thenon
parametricor semiparametriecnethods.Then,if the seriegpresentdong-
memory we focusour attentiononly on the order of the short-memory
parametersf thefractionalprocess.

We considertheinformationcriteriathatareusuallyusedin theiden-
tification of an ARMA process:the Akaike, the modified Akaike, the
Bayesianinformation and the Hannan-QuinnCriterion. Thesecriteria
are expressedn termsof the approximatemaximumvalue of the log-
likelihood function of a GaussianARMA (p, ¢) processplus a penalty
for the numberof parametersised. This penaltycounteractghe over
fitting tendeny of thesecriteria: this is whatmakesthe criteria different
eachother In factit is well known in the literature(seefor examplede
Gooijer et al., 1985) that the Akaike and Akaike modified Information
Criteriatendto overestimatehe true orderp andq with positive proba-
bility, while the Schwartzand Hannan-QuinrCriteria provide consistent
estimatesf p andq. The bestmodelis that with the smallestvalue of
a specificinformationcriterion. Sinceto estimatethe parametersf the
ARFIMA (p, d, ¢) modelwe usethe Whittle estimatorwe expressthe se-
lection criteriain termsof the implied white noisevariances?,. These
criteriaare:

1. Akaike InformationCriteria: AIC
AIC = NIn(6%) +2(p+q+1)
2. modifiedAkaike InformationCriteria: AICC

2N(p+q+1)
(N-p-q-2)

AICC = Nn(6%) +



3. BayesianinformationCiriteria: BIC

BIC =NI(6%)+ (p+q+1)logN

4. Hannan-QuinnHIC
HIC = NIn(6%) + 2(p + ¢ + 1)cloglog(N)
wherec = 1.0001.

The useof theseautomaticselectioncriteria hasnot yet beensupported
by anextensve analysisof their applicabilityto time seriesgeneratedy
ARFIMA process. We want to investigateherehow succesfullythese
informationcriteriawill identify the true ARFIM A(p, d, q) generating
process.

4. Monte Carlo experiments

We have generated 000independentime seriesdrivenby Gaussian
ARFIMA(1,d, 1) model:

(1—¢B)(1 - B)*X; = (1+ 0B)e;.

Sincewe areinterestednly in long-memorymodels,we take d = (0.1,
0.2, 0.3, 0.4), andwe setthe AR andMA parameterso thevalues:—0.9,
-0.7,-0.5, —0.3,-0.1, 0.0,0.1, 0.3,0.5, 0.7,0.9, so that lower order
modelsareconsideredsspecialcases.The samplesizesconsideredare
N = 100, 250, 500, 1000. The processesregeneratedy usingthere-
cursie Durbin-Levinsonalgorithm (Brockwell andDavis, 1991). To es-
timatetheparametersve constrainedhe AR andMA parameterso lie in
the stationaryandinvertibility region, andwe restrictd € (0,1/2). The
four criteriaareusedto selectoneof theninemodelsARFIM A(p, d, q)
up to p,q = 2. We studiedthe numberof correctchoicesobtainedby
varying the parameters/, ¢ andf andassumingV = 100. For the val-
uesof AR andMA parameterg = (—0.9,—0.5,—-0.1, 0.0,0.1, 0.5,0.9)



andé = (-0.9,-0.5, —0.1,0.0, 0.1, 0.5,0.9) we have studiedhow the
selectionperformancef the criteriavarieswith the samplesize?®

Firstof all, the performancef thefour automatianformationcriteria
is almostthe samewhend variesbetweer0.1and0.4. The performance
of AIC andAICC criteriais almosteverywhereworsethanBIC andHIC,
evenif thesamplesizeincreasesMoreover, AIC andAICC criteriacon-
vergemoreslowly thanthe BIC andHIC criteria. Usuallythe useof BIC
criteria consistentlyleadsto the highestsuccespercentagen detecting
the true fractionalmodel. Anyway, aswe canseein Tables4, 5, 6 and
7,thegreatedifferencen thefrequencie®f successlependontheval-
uesof AR and/orMA coeficientsof the datageneratingorocess. The
ARFIMA(0,d,0), ARFIMA(1,d,0) andARFIMA (0, d, 1) processesare
themosteasilyrecognizedevenif the samplesizeof the generatingro-
cessis very small(N=100). Only the AIC andAICC criteriawork badly
evenif N = 1000, this confirmsthe factthat AIC andAICC criteriaare
not consistent.Usually the BIC criterionworks better The only excep-
tionsarewhenthe AR or MA coeficient of the datageneratingporocess
is very small (£0.1). In thesecasedhe criterionthatworks betteris the
HIC criterion, but evenwhen N = 1000 thesemodelsarevery difficult
to be detected.We supposehat we needvery long time seriesto iden-
tify the orderof thetrue generatingporocessn thesecases Moreover, in
the Tablesit is possibleto seethatthereis a sort of asymmetrybetween
ARFIMA(0.1,d,0) or ARFIMA(0,d,0.1) and ARFIMA(—0.1,d,0) or
ARFIMA (0, d, —0.1) models.In fact,whenthe AR or MA parameteis
egual0.1 we obtainagreatemumberof correctchoicegshanwhenthe AR
or MA parameters egual —0.1, speciallyfor the MA parameterWhen
thetruedatageneratingprocesss anARFIMA(1, d, 1), thetaskbecomes
morecomplicated Also in this casethe criteriathatwork betterareBIC
andHIC, soin thefollowing the behaiour of AIC andAICC will notbe
commentedupon? Evenif, the percentagef successemcreaseslong
with N, thereare modelsthat are very difficult to be detected. Gener

3We reportonly theresultsfor d = 0.3. Theresultsobtainedfor the othercasesare
analogousindareavailablefrom theauthoruponrequest.

“4In the Tableswe do not considerthe case| ¢ |= — | 8 | becausepbviously, this
casecorrespondso the ARFIMA (0, d, 0) model.



ally, if both the valuesof AR and/orMA parameteraredifferentfrom
+0.1, it is not difficult to identify the real order of the datagenerating
processspeciallywith the BIC criterion. For example,if we consideithe
ARFIMA (-0.5,d,0.9) model,we have thatfor N = 1000 the percent-
ageof succeswith BIC criteriais 97.9% whend = 0.1, 98.9% when
d=0.2, 98.9% if d = 0.3 and97.8% if d = 0.4. But if we considerthe
ARFIMA(-0.1,d,—0.1) andARFIMA (0.1, d, 0.1) models,evenif N =
1000, thecriteriatendto seleciothermodels.In generalall modelsvhere
the AR and/orthe MA parameters equalto +-0.1 aredifficult to identify.
Thesearethe only casesvhere AIC andAICC criteriawork betterthan
BIC andHIC. Thus,it couldbeinterestingo find outwhicharemostcho-
senmodelswhenthe true modelis an ARFIM A(—0.1,d,—0.1) or an
ARFIMA(0.1,d,0.1). In fact,aswe canseein Tables4 — 7, differently
from the othercasegheselectionfrequencie®f thetruemodeldecreases
as N increases.Whenthe true modelis the ARFIMA(—0.1,d,—0.1)
andthesamplesizeis verysmall(/N = 100) BIC andHIC criteriachoose
moreoftenthe ARFIM A(0, d, 0) specificationOn the otherhand,with
alarger samplesizethe mostchosenmodelsarethe ARFIM A(1, d, 0)
and ARFIMA(0,d,1) whatever criterion being used. The samehap-
penswhenthetruemodelisthe ARFIM A(0.1,d,0.1). Thismeanghat,
in thesesituationsthe probability of choosingthe correctmodelis mis-
taken. Notethatall criteriaunderestimatéhe orderof thetrue model.

5. Conclusions

In conclusionwe think that,if we wish to identify correctlythetrue
ARFIMA generatingorocessthe BIC andHIC criteria are the onesto
be used. Thesecriteria have in fact a more consistentoehaiour than
AIC andAICC criteria, speciallyif the true processhasonly oneAR or
MA parameter However, whenthe true datageneratingprocessis an
ARFIMA(1, d, 1) noneof the usedcriteriaperformwell in all the cases,
exceptwhenthe short-memorycomponentsare strong. Finally, the dif-
ferentvaluesof the long-memoryparametetl, do not have effect on the
choiceof themodelespeciallywhensamplesizeis large.



Table4. Selectiorfrequencie®f the correctspecificationvhenthe DGP
isa FARIMA(1,0.3,1)for N=100. Numberof replications:1000.

Criteria % -09 | -07 | -05| -03 | -01)| 00 0.1 0.3 05 0.7 0.9
AlC -09 | 683| 709 | 629 | 347 | 76 | 609 | 124 | 326 | 43.2| 35.1 -
AlCC 717 | 73.3| 65.2 | 355 | 7.8 | 640 | 122 | 33.2 | 444 | 36.1 -
BIC 910| 91.8| 746 | 238 | 22 | 923 | 52 | 253 | 312 | 86 -
HIC 829 | 825| 718 | 327 | 53 | 79.1| 95 | 324 | 443 | 273 -
AlC -0.7 | 56.2| 52.2 | 39.2| 151 | 3.1 | 426 | 88 | 20.7 | 16.9 - 19.5
AlICC 589 | 544|398 | 146 | 27 | 46.0| 9.2 | 21.0 | 16.7 - 18.7
BIC 68.8 | 64.2| 400 | 74 05 | 77.7 | 50 7.1 2.6 - 5.4
HIC 66.5| 61.5| 419|126 | 20 | 616 | 85 | 16.1 | 9.7 - 13.7
AlIC -05 | 31.1| 269 | 150 | 3.1 26 | 21.7 | 87 7.5 - 6.2 | 21.3
AlCC 312 | 274 | 146 | 25 29 | 231 | 9.0 7.3 - 57 | 215
BIC 243 | 188 | 5.7 0.4 14 | 308 | 1.9 1.4 - 1.1 | 135
HIC 30.5| 245| 108 | 0.9 28 | 288 | 6.3 3.8 - 2.2 | 18.9
AlC -0.3 10.1| 6.5 3.8 2.2 55 6.0 5.7 - 55 7.6 5.3
AlICC 9.6 6.5 3.1 1.9 55 6.2 5.7 - 5.0 7.1 53
BIC 4.1 1.4 0.5 0.5 1.0 4.2 0.9 - 1.4 1.8 21
HIC 7.6 4.6 1.3 0.8 3.1 7.3 3.0 - 2.9 5.1 3.1
AlIC -0.1 4.6 4.8 3.3 35 4.2 3.2 - 6.0 4.3 4.7 2.0
AlCC 4.1 4.4 34 3.6 4.3 34 - 6.0 4.0 4.5 2.0
BIC 0.8 0.9 0.9 0.5 0.7 13 - 25 0.9 1.0 0.6
HIC 2.4 2.5 2.0 2.3 2.2 2.6 - 4.3 2.3 2.6 15
AlC 0.0 61.1 | 56.7 | 44.7 | 184 | 59 | 39.4 | 17.7 | 335 | 419 | 42.7 | 59.2
AlCC 635 59.1| 473 | 19.7| 6.2 | 436 | 18.7 | 352 | 441 | 452 | 62.4
BIC 910 | 874 | 718 | 20.7| 2.0 | 888 | 9.2 | 386 | 67.5| 80.5| 92.2
HIC 76.7 | 73.7| 60.1 | 222 | 3.8 | 68.0| 154 | 39.6 | 57.1 | 62.7 | 78.4
AlC 0.1 7.7 8.4 | 47 4.7 - 101 | 7.7 6.0 | 104 | 144 | 81
AlICC 7.4 8.3 4.8 4.3 - 106 | 7.8 53 9.7 | 138 | 8.0
BIC 3.9 4.3 1.6 11 - 10.2 | 35 25 25 8.2 4.4
HIC 5.8 6.8 3.5 2.4 - 115| 64 | 43 74 | 123 | 6.4
AlIC 0.3 213 | 139| 6.3 - 133 281 | 85 | 165| 285 | 30.3 | 20.8
AlCC 215| 136 | 56 - 129 | 295| 80 | 159 | 296 | 314 | 214
BIC 170 | 7.2 12 - 6.6 | 381 | 4.2 46 | 188 | 29.4 | 16.2
HIC 204 | 11.2| 3.2 - 104 | 356 | 58 | 11.5| 28.1| 33.7 | 19.1
AlC 05 32.6 | 10.2 - 206 | 12.0 | 46.0 | 144 | 289 | 43.2 | 444 | 32.7
AlICC 33.2| 99 - 204 | 12.0| 486 | 149 | 29.0 | 448 | 46.6 | 34.0
BIC 350 25 - 118 | 81 | 748 | 48 | 17.1 | 458 | 57.4| 35.6
HIC 371 | 6.7 - 17.7] 109 | 616 | 9.8 | 27.2 | 50.2 | 53.7 | 36.0
AlIC 0.7 24.0 - 342|249 | 129 | 50.2 | 19.0 | 347 | 47.8 | 49.1 | 38.8
AlCC 24.4 - 354 | 254 | 125 | 529 | 19.1 | 34.7 | 49.9 | 52.2 | 40.5
BIC 22.3 - 222|235| 94 | 885| 81 | 279 | 605 | 725 | 46.0
HIC 25.7 - 334|252 | 120 | 71.2| 146 | 348 | 582 | 64.1 | 455
AlC 0.9 - 60.1 | 52.9 | 345 | 14.7 | 61.4 | 21.6 | 39.6 | 55.6 | 51.7 | 42.6
AlCC - 616 | 54.7 | 36.2 | 14.3 | 645 | 20.6 | 40.3 | 58.2 | 54.5 | 435
BIC - 533 | 616 | 354 | 6.2 | 904 | 81 | 325| 67.0| 775 | 53.0
HIC - 65.3 | 61.9 | 389 | 116 | 80.5| 151 | 40.0 | 66.0 | 67.4 | 50.2




Table5. Selectiorfrequencie®f the correctspecificatiorwhenthe DGP
is a FARIMA(1,0.3,1)for N=250. Numberof replications: 1000.

Criteria % -09(-05|-01| 00| 01| 05|09
AlC -09 | 70.7| 71.3| 66.3| 65.4| 12.2| 55.1 -
AICC 72.6| 72.1| 67.2| 66.5| 11.9| 56.0 -
BIC 9721 94.3|955|97.1| 1.6 | 454 -
HIC 88.8|87.2|84.7|87.6| 51 | 62.2 -
AlIC -05 | 57.1|423| 3.2 |445]| 3.6 - | 450
AlICC 57.5|43.0| 3.1 |45.2| 35 - | 45.2
BIC 59.1| 32.5| 0.0 | 63.2| 0.3 - | 559
HIC 62.2| 41.2| 0.8 |58.7| 1.3 - | 53.7
AlC -01| 87| 75| 36 | 44 - 54 | 2.7
AICC 86 | 72| 3.7 | 45 - 53| 28
BIC 30| 08| 03| 12 - 14| 00
HIC 57| 35| 15| 31 - 3.7 | 11
AlIC 00 | 609|544 8.0 |39.5|15.7| 56.5| 66.5
AlICC 62.6| 55.6| 8.1 |41.4| 15.8| 56.9| 67.5
BIC 95.1190.8| 3.1 | 94.4|11.1|84.7| 97.7
HIC 84.1|755| 6.7 | 78.6| 16.4| 74.1| 86.4
AlC 01 |10.3| 9.9 - 11.8| 6.9 | 17.7| 13.1
AlICC 10.2| 9.9 - 121 6.2 | 17.5| 13.1
BIC 3.7 | 27 - 72 | 17| 53| 438
HIC 7.3 | 5.9 - 12.2| 3.6 | 11.1| 10.0
AlIC 05 | 61.1| - 9.8 | 58.2| 15.8| 62.0| 57.5
AlICC 62.2| - 9.8 | 59.1| 16.1| 62.6| 58.1
BIC 774 - 2.1 1920| 6.4 | 73.0| 69.8
HIC 73.6| - 52 (791|131 71.5|67.3
AlC 09 - |604|10.7|57.8|19.8| 66.9| 61.1
AlICC - | 61.6|10.7|59.2| 20.1| 68.0| 62.2
BIC - | 845| 58 | 948| 9.6 | 86.9| 83.2
HIC - | 774 79 |82.6| 15.8| 80.6| 78.1




Table6. Selectiorfrequencie®f the correctspecificatiorwhenthe DGP
is a FARIMA(1,0.3,1)for N=500. Numberof replications: 1000.

Criteria % -09(-05|-01| 00| 01| 05|09
AlC -09 | 65.3| 70.0| 10.9| 60.3| 28.7| 60.6 -
AICC 65.8| 70.4| 10.8| 60.9| 28.7| 61.4 -
BIC 97.8|985| 21 |97.2| 6.8 |814 -
HIC 86.6|90.9| 7.2 | 87.0(17.9| 80.3 -
AlIC -05|70.7| 63.1| 11.4| 58.3| 6.2 - | 9575
AlICC 71.0| 63.3| 11.2| 58.6| 6.1 - | 57.9
BIC 82.4|70.6| 1.8 | 87.0| 0.4 - | 77.2
HIC 79.3| 71.3| 54 | 783| 1.6 - | 709
AlC -01]123| 82 | 43| 95 - 10.0| 3.0
AICC 1221 80 | 43 | 94 - 10.1] 3.0
BIC 34114) 02| 36 - 1.7 | 00
HIC 68| 45| 18| 75 - 58| 04
AlIC 00 | 66.2| 63.7| 11.7| 45.4| 19.4| 65.9| 69.4
AlICC 66.4| 63.9| 11.8| 46.0| 19.7| 66.7 | 69.8
BIC 975]96.1| 4.7 | 97.2| 11.5| 92.2| 98.9
HIC 88.1| 85.3| 10.7| 83.2| 21.7| 84.4| 91.0
AlC 01 | 18.3| 85 - 155| 5.3 | 23.7| 15.8
AlICC 185| 8.6 - 15.7| 53 | 23.7| 15.7
BIC 69 | 1.7 - 11.0| 0.7 | 7.3 | 55
HIC 13.0| 5.1 - 18.3| 3.3 | 17.1| 116
AlIC 05 | 71.3| - 9.3 |164.0| 17.2| 69.1| 68.8
AlICC 716| - 94 | 65.0|17.2| 69.7| 68.9
BIC 92.8| - 16 | 97.3| 6.1 | 87.4| 89.6
HIC 87.2| - 54 | 865|124 83.1| 82.8
AlC 09 - | 69.0|14.8|63.7|21.6| 758| 71.7
AlICC - | 69.7|148|64.2| 21.7| 76.0| 72.6
BIC - 196.0| 56 |98.0| 94 |92.2| 96.0
HIC - [881|11.4|88.1|17.5| 87.5]| 89.6




Table7. Selectiorfrequencie®f the correctspecificatiorwhenthe DGP
is a FARIMA(1,0.3,1)for N=1000. Numberof replications:1000.

Criteria % -09(-05|-01| 00| 01| 05|09
AlC -09 | 61.1| 70.5| 14.3| 57.9| 33.9| 64.9 -
AICC 61.3| 71.3| 14.4| 58.7| 34.0| 65.2 -
BIC 9781 99.5| 3.6 | 97.7| 95 | 955 -
HIC 85.6|90.9| 9.7 | 845 26.1| 86.9 -
AlIC -05 729|710 204|62.7| 121 - |65.6
AlICC 73.2|71.1|20.6|63.1| 120| - | 657
BIC 945]91.8| 6.8 | 94.3| 2.0 - | 86.1
HIC 89.1|87.8|15.1| 86.1| 6.3 - | 79.8
AlC -0120.1|141| 41 |149| - 13.1| 6.8
AlICC 20.2| 141 1.2 | 150| - 13.0| 6.8
BIC 7412510175 - 32| 06
HIC 155| 69 | 1.6 | 165 - 9.7 | 26
AlIC 00 | 65.2|68.3| 21.3| 45.1| 25.8| 68.9| 64.1
AlICC 65.5| 68.5|21.3| 454 | 26.1| 69.3| 64.4
BIC 98.4] 98.3| 14.0| 98.3| 18.5| 96.1| 98.5
HIC 90.1| 90.7| 22.6| 86.5| 28.4| 89.0| 89.2
AlC 01 | 265|131 - |236| 3.3 (305|192
AlICC 265|131 - |238| 3.3 (306|191
BIC 12.4| 1.7 - 175 0.1 | 153| 7.7
HIC 22.1| 6.6 - 279 1.2 | 29.0| 154
AlIC 05 | 699| - 1401 63.8|19.1| 77.1| 71.5
AlICC 69.9| - 14.0| 63.9|19.1| 77.8| 71.8
BIC 97.4| - 1.8 | 97.8] 53 | 97.1|98.2
HIC 88.6| - 7.4 | 87.6|13.9|92.8| 89.7
AlC 09 - | 76.5|25.7|64.3|29.8| 79.0| 74.0
AlICC - | 76.7|25.7|64.5| 29.8| 79.1| 74.3
BIC - 1989|11.1)985|15.0| 98.6| 98.9
HIC - 1929|222 89.2| 26.7| 93.9| 91.6
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