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Abstract

We explore the possibilit of structural breaks in thdaily realized volatility of the
Deutschemark/Dolla Yen/Dollar and Yen/Deutschemark spot exchanges raith observed
long-memory behavior We find that structural breakdn the meancan partly explain the
persistence of realized volatilityVe propose a/AR-RV-Break modelthat provides superior
predictive abilitywhenthetiming of future breakis known With unknown break dates and sizes,
we find thata VAR-RV-I(d) long memorymodel providesa robustforecasting mthod even

when the true financial volatility series areneratedby structural breaks.
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1. Introduction

Conditional volatility and correlatiomodelinghas been one of the moshportant areas
of research in empirical finance and time series econometrarshe pastwo decads.

Although daily financial asset returns are approximately unpredictable, return volatility is time
varying but highly predicable with persistent dynas@indthe dynamics ofvolatility is well
modeled as Bbong memory proce8sAn inherent problem for measuring, modeling and
forecasting conditional volatility ighat the volatility isunobservable or latent, which implies
modeling must be indirectypicdly, measurementsf volatility are from parametric methods
such asSARCH modes or stochastic volatility models for the underlying returfisese

parametric volatility mode]showeverdepend on specific distributional assumptions aned
subject tamisgecification problems.

Given the availaitity of intradayultra-high-frequencyprice data on assetandersen,
Bollerslev, Diebold, and Laby2003) henceforth ABDLand BarndorfNielsen and Shephard
(2001, 2002 2009 introducel a consistent nonparamietestimate of the price volatility that has
transpired over a given discrete interval, catiealized volatility They compute daily
Deutschemark/Dollar, Yen/Dollar, and Deutschemark/Yen spot exchangeealteed
volatilities simply by summing higlfirequency finely sampled intraday squared and eross
products returns. By sampling intraday returns sufficiently frequently, the ffredelealized
volatility can be made arbitrarily close to underlying integrated volatility, the integral of
instantaneousolatility over the interval of interest, which is a natural volatility measure.

ABDL foundlogarithmic realized volatilitcould be modled and accurately forecast
usingsimple parametric fractionally integratéRFIMA modek. Their low-dimensional

multivariaterealized volatilitymodel(VAR-RV-I(d) model explained in Section)4rovided

* The findings suggest that volatility persistence is highly significant in daily data but will weaken as the
data frequency decreases.



superior oubf-sample forecasts for both lefrequency and higfrequency movements in the
realized volatilities compared to GARCH and related approables®rtheles, many studies
havepointed out thabbservedong memory may not only be generatedibgarly fractional
integrated process but also: %) crosssectionalggregation ofhort memornstationary series
(Granger and Dindgl996) (2) mixture of numerouketerogeneous shemin information arrivals
(Andersen and Bollersle¥997) (3) nonlinearmodels, such as structutakeaks ¢hangeyor
regime switche¢Granger and Hyun@004 Choi and Zivot2007; Diebold and Inoug2001) In
particular, i has beewonjectured that persistence of asset return volatility may be overdteted
to the presence of structural chaage

In this paper, wéocus orthe possibiliy of structural breakand trend in thedaily
realizedexchange rate volatility serissudied ly ABDL. First, wetest for long memory and
estimate long memomnodek fortherealized volatility seriesNe find strong evidencéor long
memory in exchange rate realized volatility. Second, wedesind estimata multiple mean
breakmodel based ond and Perron (19920036 s meWelira deveral common structural
breaks withirthesethree seriedJsingBer an and Oserkiparametri@ flxble frénd
long memory modelwedo notfind evidence o smoottflexible trendin volatilities. Third, we
exanine the evidence fotong memonyin thebreakadjusted datae find a parial reduction of
persistencén realized volatility aftetheremonal of breaks. The evidence suggests that part of
the observedong memory may baccounedfor by the pesence of structural breaks in the
exchange rate volatility series.

Sun and Phillips (2003) poied out that it is very difficult to separate lefrequency
dynamics and higfrequency fluctuations, in particularhen shorrun fluctuations have high
variance. Thereforaye propose an alternative short memory model, which adapequickly
to the current volatilitywith detected break information realized volatility.Our VAR-RV-

Break model provides competitive forecasts compaiittimostof theforecasting models



considered by ABDILf the timing offuture break dates arideir sizes are knowrif we have
little knowledge about break dates and sizes\VAR-RV-1(d) modelis the best forecasting
model even when the true volatility series ge@eratedby structural breakdVe support our
findings with an extensivislonte Carlo experiment.

The rest of the paper is organized as follows. Section 2 pressuotts from the
estimation of varioubong memory modslfor realized volatility Section 3 presés resultsrom
the estimation of atructural breaks modahdre-examine the evidence fofong memoryin the
breakadjusted serieSectiond reports the evaluatioof out-of-sampleforecastingperformance

of various modelsSection5 concludes.

2. Data and Long Memory Model

2.1.Data
We use the same dataABDL, which are spot exchange rater the U.S. dollar, the
Deutschemark, and the Japanesefy@m December 1, 1986 through June 30, 299%er data

set consists d3,045daysof intraday 3-minute log returns on thieM/$ and Yen/%xchange
rates Theintraday returris denotedr™ , wheret = h, 2h, 3h, .6 47h, 1, 4%, é . . andi8=04 5,

1/48 = 0.0208Realizeddaily volatilitiesof DM/$ and Yen/$are computed as thitagonal
vh o
elements of 1, @7, .. By absence of triangular arbitrage, ¥en/DM returns anbe

i=1

calculateddirectly from the difference between the DM/$ and Yer@thirns Realized volatilities,

®The raw data include all ierbank DM/$ and Yen/$ bid/ask quotes shown on the Reuters FX screen
provided by Olsen & Associates. These three currencies were the most actively traded in the foreign
exchange market during the sample peridthirty-minute prices are constructed from theearly
interpolated logarithmic average of the bid and ask quotes for the two ticks immediately before and after
the thirtyminute time stamps over the globat@dur trading day. Thirgminute returns are obtained from

the first difference of the logiihmic prices. Returns from Friday 21:00 Greenwich Mean Time (GMT) to
Sunday 21:00 GMT and certain holiday periods to avoid weekend and holiday effects are excluded



also called realized standard deviasicarecalculated from the square root of the realized

variance. Following ABDL, we consider models for the natural logarithm of realized volatility.

2.2. Long Memory Models

Before conducting further modeling and forecastihg ¢rucialto determinevhetherthe
time serief log realized volatilitiess stationary or nofThedichotomybetweeri (0) andi(1),
however may be fatoo narrowA long memory model that allows fractional orders of
integration 1(d), providesmoreflexibility . For anl(0) process, shocks decay at an exponential
rate; for anl(1) process, shocks have permanent effectanl(d) processshocks dissipate at a
slow hyperbolic rateL,ong memory behavior in volatility has been well establisked for
example Ding, Granger, athEngle (1993)Baillie, Bollerslev and Mikkelsel(1996), and
Andersen and Bollerslev (1997).

Granger and Joyeux980) and Hosking (1981) shedthat along memory procedsr

Yy, can be modeleds a fractionallyntegrated(d), process

@'y -m % (€N
whereL denotes the lag operatakis fractional difference parametem, is theunconditional
meanof y,, and g is stationay with zero mean and finite variancene procesy; is stationary

provided-¥2 <d < ¥, and exhibits nestationary long memory if @< 1. Two commonly used
semiparametric estimators farare the logperiodogram estimator of Geweke and PeHadak
(1983) and the local Whittle estimator of Kiinsh (1987) and Robinson 1995

A flexible parametrigoroces<alled the ARFIMA (p, d, g modelincorporats both long

term and shofterm memory,

FLA- Ly, - =&) . 2



wheref (L) and g(L) areautoregressivand moving average polynominals, respectively, with
rootsthatlie outside the unit circland e, is Gaussian white nois€owell (1992)yand Beran
(1995)discussed maximum likelihood estimation of (2).

To allow fora datadriven distinction of long memorghort memorystochastic trends,
andsmoothdeterministic trendwithout any prior knowledgeBeran and Ocker (2001)
consideedthe semiparametric fractional autoregressive (SEMIFAR) model

FLA- L@ L)y 8G) & ©)
where d is the long memory parametend g(i;) is asmooth trendunction on [0,] with

i, =t/T.In (3), y, must be differenced tachieve stationarity bthe parameterd =4 +m. The
value ofmdetermines wéther the trend should lestimated from the original data (wherr 0)
or the first difference (whem= 1). Whend > 0, y, is long memory. Whem/ <0, y, is
antipersistent. Whed' = 0, y, has short memoryzor moredetailed discussi@of long memory

testingand estimatiomethodswe refer the reader Baillie (1996) and Robinson (1986

2.3. Long Memory Estimation

As in ABDL, we consider modeling log realized volatiliyccording to theslow decay
of autocorrelationg Figurel, it is evident thalog realized volatilityof the exchange rate series
haslong memory dynamic&Ve estimate the longnemory parametarsing the local Whittle,
ARFIMA(p, d, g) and SEMIFAR modelmentioned in Section 2.Zhe estimates af for
logarithmic realized volatility are reported in TalildNVhethemwe use nonparametrisemt
parametric, or parametric methodd,adlthe estimates af are in the range between 0.37 and

0.56, which confirms thexistence ofong memory in the logarithmiealized volatility.



[Insert Figure 1 here]

[Insert Tablel here]

3. Structural Break Model

3.1.Multiple Structural Break Model

It is well known that structural change and unit roots are easily confesedPerron
1989; Zivot and Andrews 1992Recently the confush between long memory and structural
change has been getting more and more atter@i@nger and Ding (1996pranger and Hyung
(2004) and Choi and Zivot (2008uggestdthatthe observed long memory property in volatility
canbe explained byhe presence of structuttadeaks To investigate this conjecture for realized
volatility, we use the@uremultiple mearbreak method proposed by Bai and Perron (1998, 2003)
henceforth BPThe m-breakmodel(m + 1 regimes)s defined as

ye=c¢ #y, t ¥, L, 2,x.T, (4)
wherej= 1, m2]1, yAds thelogarithmicrealized volatility andcj is the mean of the
logarithmicrealized volatility. The break pointsT,T,,....,T,,) are treated as unknown. Tégor
term u, may beserial correlated and heteroskedadfstimation is basd on the leastquares

principleas described in BRVe usethetestsfor structural changproposed in BPLet supF; ()

denotetheF statisticfor the null ofno structural breakgersusan alternative hypothesis
containing an arbitrgrnumber obreaks and letM denotethe maximum number of breaks
allowed.We setM = 5with trimming value = 0.15Define thedouble maximum statistic

UD, . =MmaXy, & suds K, and he weighted double max statistic
WD, = Maxy, ¢ W supk ( , wherethe weightsw; are such that theaarginal pvalues are

equal across values bf The null hypothesis of both tests is no structural breaks against the



alternative of an unknown number of breaks given some specific upper lgouHhte ssquential
supF; (+ 1| )tests the null of breaks versus the alternati/e 1 breaksTo determine the
number of breaks, wer$t useUD,,, andWD, ., to determine if at least one break occurred. If
there is evidence for structural change,select the number of structural breaks using

supF; (+ 1| ). To allow for apenalty factor for the increased dimension of a motekbove

procedure may be complementbg selecting the number of breaks by minimizing a Bayesian

Information Criterion (BIC)r a modified Schwarz Criterion (LWZ)

3.2. Multiple Structural Break Estimation
Table2 displays values of all the tests used to detgre the number of breaksr the
logarithmicrealized volatilityseries The UDmax WDmaxand supF; () tests point to the
presence of multiple breaksr all seriesFor DM/$, he supkF; ( + 1| | is significant at 1% level
whenl = 4, which suggest$ breaks. BIC suggests 5 breaks as well while LWZ suggests 2 breaks.
Therefore, we choose 5 breaks for DM/$. For Yesi$F, ( + 1| ) is significant wher = 3 but
not significant wher = 4, which suggest 4 breaké/e follow BIC andchoose 5 breaks for Yen/$.
For Yen/DM, supF; (+ 1| ] suggest 4 breaks as well as BIC. Hence 4 bragdchosen for

Yen/DM.

[Insert Table2 here]

In Table2 we also report the estimates of the break dates with theeatasp D%

confidence intervalsThe break dates estimated fak1/$ and Yen/$ are very similar, which

suggestommon break datder the procesdviay 1989, March May 1991, March 1993,



Junei August 1995, and Maly July 1997 The estimads of the mearparameters{ﬁ) for

regimes fn+ 1) are also provided on the bottom of Tahl&igure2 showsthe logarithmic
realized volatilitywith the estimatedE values superimposede notethat he mearshifts

coindde with historicalfinancial or currencycrisis. For examplethe higlestvolatility regimeof
DM/$ exchange rateccurredbetweerntwo breaksMarch 1991 and March 193&d the second
highest volatility regimef Yen/DM exchange rateccurred between twlreaks: June 1992 and
May 1994. Both regimes can be attributed to the Exchange Rate Mechanism (ERM crisis
199293 in EuropeThe Asian financial crisis occurred in 198Rd appears tcause the breaks in
July 1997 for DM/$, May 1997 for Yen/$, and M&a997 for Yen/DM Since the breaks in May

1997, Yen/$ and Yen/DM havarned totheir highest volatility regimes among the whole sample.

[Insert Figure 2 here]

3.3.Long Memory Estimation After Adjusting for Structural Breaks
Table3 shows the long memy parameter estimates thethree series after adjustment

for the estimated structural bre&KEhe parameted is estimated using the residisariesy; - & .

All estimates ofd are lowerafterusingbreakadjusted seriegspeciallyin Yen/DM seriesThe

long memory parameter Yen/DM decreases from 07&to 0.283, from 0.5673 to 0.3839, and
from 0.4685 to 0.3833 for Witile, ARFIMA, and SEMIFAR methodsespectivelyFigure3
displays the autocorrelation functitor the adjustedafatility series.Compared to Figuré for

the autocorrelation before adjustment for breaks,avident that the persistence of volatility has

been reduced afteemoving the estimated breal$ie presence of structure breaks, however, can

®In contrast to our twstep approach, Hsu (2005) proposed asiep approach which estates the long
memory parameter directly from the data with unknown mean changes. Using such a procedure, he found a
smaller long memory parameter for G7 inflation rates.



not totally explain the persistence of exchange rate realized volatityer reasons for the
observedong memory might bél) aggregation of intraday squared return series; (2) mixture of

numerous heterogeneous sham information arrivals (Andersen and Bollexs|2997).

[InsertTable3 here]

[Insert Figure 3 here]

The pattern of mean shifts ligure2, suggests thahere might be& smoothupward
trend in the volatility series, especiallythre Yen/DM seriesvhich haghe most persistenge
which is an alterative to abrupt mean breal® investigate this alternative gestimatehe
SEMIFA model with flexible trendn (3). The results for the estimated trend are showfigare
4. We see thathe trends not statistically significanOur results show thahe realized volatility

serieds better characterized by abrupt mean shifts than by a smooth flexible trend

[Insert Figure 4 here]

Baillie and Kapetanios (2007) proposetest for nonlinearity of unknown form in
addition to the long memory compamt in a time series process. Using the same ABDL data,
they rejeatdthe null of linearity for Yen/$ and Yen/DM. Their nonlinearity forms are essentially
approximations t@moothtransitionautoregressivéSTAR) modelsSuchSTAR models could
generate sés similar to structural breaks, especially with the larger speed of transition
parameter in some exponential STAR (ESTAR) or logistic STAR (LSTAR) mddedifficult
to compare thén-sample fit of thdBP model and STAR model for thealized volatity in the
presence of long memory. Therefore the choice between the models is likely to be settled in terms

of economic plausibilityand research interestituitively, if the exchange rate volatilityas

1C



more recurrent changes, thise STAR malel ismore appropriatdf changes oéxchange rate

volatility are more likely to be nonrecurent, then teanshift model is favored.

3.4. Monte Carlo Simulation of Long Memory Process

We discussegreviouslythatstructural change is easily confusedhAong memory.
Granger and Hyung (2004) pagatout that there exists anothagrplexity. a long memory model
without breaksnay cause breaks to be detected spuriously by standard estimation niedhods.
illustrate this penomenonwe generatasix long menory serieswith d=0.1, 0.2, 0.3, 0.35, 0.4,
0.45, respectivelywith mean -0.5, standard deviatiarD.4, andsamplesize 3,045 These series
are similar to our samplegarithmic realized volatilityTable4 shows results for the structural
breaktess of BP forthedifferentdatagenerating processe®@GP9. The results suggest a
positive relatioshipbetween the number of breaks and the valukasf found in Granger and
Hyung (2004)This revealsa possibilitythat a long memory/fractionally intedea process itself
contains some portion afpermanent shock, whiasften appearas a break in some situatin
Theimportant implication fromhis Monte Carlo evidencis thatthelong memoryDGP provides
a goodparsimoniouslternative of irsample fi for thetrue structurabreak DGP when we have

little knowledge for thgast break dates and dize

[Insert Table4 here]

" Currently there is no formal test available for multiple structural changes in(dheprocess with
unknown number of break¥he nonlinear test developed by Baillie and Kapetanios (2007) contribute the
literature at this point.

8 This property, which is trivial here, will become much more important when we discuss the long memory
andstructural breaks for otdf-sample forecasting in Section 5.
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4. Forecast Evaluationand Simulation

4.1.1(d) versus Breaks Model

Many nodels have been provided ftwrecasting asset g volatility and the success of
a volatility model lies in its oubf-sample forecasting powedfor example, ABDL proposéhe
following trivariate VARRV-I(d) (fractionally integrated Gaussiaector autoregressive
realized volatility)model

FOA-L'Y m g )
whereY, is (33 1) vector of logarithmic realized exchange rate volatilitie¢L) is a lag
polynomial, szis theunconditionalmean and g is a vector white noise process. Theetithe
value ofd for each series &401, which is close to our long memory estira@telable 1 They
set theorder of F (L) to five to capture laggeéffects up to aveek.They @mpaked volatility
forecasts fronseveralpopular modelsandthey fourd thattheir VAR-RV-I(d) model produce
superiorout-of-sampleonestepahead and tegtepaheadorecasts.

Granger and Joyeux (1980), however, paditiut thatalong memory model auld not
necessarily produce clearly superior skrart forecastswhich is of interest in financial
forecastingAs an alternative tobj, we consider ahort memory model for breadjusted series

to produceshortrun forecastsOur dternativemodel, denoteAR-RV-Break,is

FL -m = (6)
whereY,” is the vector obreakadjustedogarithmic realized exchange rate volatilitasd the
order of F (L) is equal to fivefollowing ABDL. Forecasts are obtained by estimating rolling

models. We estimate initially over the first4®observationsDecember 2, 1986 to December 1,

1996,and using the kisample parameter estimates -@lag-ahead forecasts are madetfoe next

12



day, day2450°. The procesi then rolled forward 1 day, deleting the first observation and adding
on the2450th observationthe model ise-estimated and the second forecast is made4si.

The rolling method is repeated uralservatiorB045, the end of the outf-sample forecast

period. We get 596 orstepahead predictions in the eat-sample periodwhich is from

December 2, 1996 to June 30, 1999

4.2. Known versus Unknown Breaks

We considertwo situatiors. First,we assume that ¢hfuture(out-of-sample)reak dates
and sizes are knowin realtime forecastdy financial practitionersf is sometimegpossible to
identify breaks andnakeadjustnentsusinghuman judgment-or example, whethe Bank of
Japan announced thatvould abandorits zerginterest rate policytheyknewto some exterthat
structuralbreaki n Japanese bon dauldmppenknghisgase, whedtteet i | i ty
breals happenedthey quickly adjusedthe forecasts based on the givenoldsample break
dates andnears. Second, we assume that we have little knowledge ahtaf-samplebreaks
and sizes. For exampli¢ wasnot known that astructural break occurred in 1984 for the US real
output volatility until recentlyAs a result, many macroeconorsidid not doanyreaktime
adjustmentgven thoughheymade systematic forecastsrors They couldhaveused theBP
method to detect structural bredksrolling over the oubf-sample periodyut theywould still

need to wait a sufficier@mount oftime to estimate if.

4.3. ForecastEvaluation and Comparison

®We choose this isample period to compare our result to those in ABDL.
10 Andrews (1993) suggests a restricted sample interval [0.15, 0.85] instead of the full interval for trimming
to avoid he much reduced power of test statistics.

13



Figure5 displaysthe DM/$, Yen/$, and DM/Yen realized volatility along with the
corresponding onelayahead VARRV-Break forecastander the assumption the future
breaks are knowrit appears that our forecasts capture movement of the realized volatilities well.
To determine which model provides more information about the future value, we liactke

and Zarnowitz (196%ncompassing regresston

VOl = by + ol VB ol Vet (7
where vol/j¥ ©¥-# denote predictions byour benchmark/AR-RV-Break modeland

vollr® denotes predictiorfsom someothercandidatemodel The alternative mdek arethe

ones used iABDL 2.
[Insert Figures herg

In addition to ), we alsoevaluate oubf-sample forecasts using thedative mean

square error(MSE),

a (vol,, - vol"g’*h? o
3 (vol., - Vo™ ®

" This is a regressiehased method where the prediction is unbiased only #0 and b, =1. When there

are more than one forecasting models, additional forecastadaled to the rightandside to check for
incremental explanatory power. The first forecast is said to subsume information in other forecasts if these

additional forecasts do not significantly increase Rfe

2The VAR-RV-I(d) model is the main model. The VARBS model is a fractionally integrated vector
autoregressive using daily absolute returns instead of realized volatility. The daily AR(1) GARCH (1,1)
models for DM/$, Yen/$, and DM/Yen use AR coefficients 0.986, 0.868,0.99, respectively. The
RiskMetrics model is an exponentially weighted moving average of the cross products of daily returns with
smoothing factor/ =0.94. The fractionally integrated exponential GARCH (FIEGARGHY,0) by

Bollerdev and Mikkelsen (1996) is a variant of FIGARCH model by Baillie, Bollerslev, and Mikkelsen
(1996). The lastone isthe highr equency FI EGARCH model usi ng-the
minutes returns.

14
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wherethe denominator is the benchmariodelmean squared forecast error dnelnumerator is
the candilate metho@& mean squared forecast error. If the relative MSE is less thathene,
candidate model forecastdeterminedo have performed better than the benchmile
forecast evaluation statistiese presented in Tabfe In general, ar VAR-RV-Break modelout-
of-sampleforecastp er f or m as we |-RV-I(d)snoda| Aridlautpearforv Amdst of the

othermodels.

[Insert Tables here]

4.4.ForecastEvaluation Results

First, the regressioR? from the VAR-RV-Break modeis similar to that from VAR
RV-I(d) model ands higher than most of thethermodels.Secondwe cannot reject the

hypothesighat 5, = 0 andp, = 1 inthe VAR-RV-Breakmodelusingt testswhile we rejetthe
hypothesis that, = 0 and/orb, = 1 forall the other models exceite VAR-RV-I(d) model

Third, in the encompassing regressibatincludes both the break model and an alternative

forecast, the ¢gnates for o, are closer to unity and the estimates fgrare closer to zero.

Fourth, including an alternative forecast method has little contribution to incre@Sirignally,
most of therelative MSE are bigger than one

The results in Tablb show the superior forecasty ability of the VAR-RV-Break model
whenthe future break dates and sizes are known in thefeaample periodThis result is
consistent with Hyung, Poand Granger (2006yvho investigatel out-of-sample forecasting of
S&P 500 return volatilityPesaran, Pettenuzzo, and Timmerma&g) provided a Bayesian

estimation and prediction procedure allowing breal@ccur over the forecast horizon. They

15



foundthattheir methodwhich has similar inference with known break informafiprior), leads
to better oubf-sample forecasts than alternative models.
As shown in Table 6, ithout knowledge obut-of-samplebreaksunsurprisinglythe
prediction abilityof the VAR-RV-Breakdeteriorate. The degree of deterioratiaiepends on the
numbers and sizes of the eaftsample break$-orthe DM/$ series, the VARRV-Break model
still outperforms all models except the VAR/-I(d) model because the eof-sample brak is
not largeasshown in Figure. But forthe Yen/$ and Yen/DM which showlarger breag, the
VAR-RV-Br eak model 6s pr edi ct itheatheranbdels (exceptVBR c o mes i nf

ABS). In this case, the VARV-I(d) is the best forecastingodel.

[Insert Tables here]

4.5. ForecastSimulation for Break and LongMemory Models

To checkthe robustnessf ourcomparison othe VAR-RV-Break andhe VAR-RV-(d)
out-of-sample forecasts, weerform the followingsimulaton experimentTo mimic the day
logarithmic exchange rate realized volatility datee generat8000 observations froemAR(1)
processwith autoregressive coefficient equaldt@land unconditional variancequal t00.16
We partition the seriemto six periods byfour adhocbreals asshown in Figurés.A. Each
periodds range anatiodtjE0y 0.5, ferod2§761:1500:1.8],ddkicd: P
3[1501:2000:0.5], Reriod4[2001:2300:0.5], Reriod5[2301:2700:1.2], and Rriod
6[2701:30000.7]. The 2000 observations Heriod1 to Reriod 3 are treated as the-sample

period andhe 1000 observations Reriod4 to Reriod6 aretreated as theut-of-sampleperiod. .

[Insert Figures here]
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For theAR-Break model, we perform orstepahead forecasts basedtbetrue DGP.
Again, we consider two situations. Firsth@nthe outof-sample breaks are known, we adjust the
mean for the forecastvaluation] f t he break i nformation is not kn
adjustmentFor theAR-1(d) model, we use isample data (Figur@ A P1 to P3) tanitially
estimatethe long memory parameter atiet AR(1) coefficientbased onthe SEMIFAR model
(3)"* We getd = 0.2697 and AR(1) = 0.213We then compute rollingnestepahead forecasts
using theupdatedSEMIFAR model Figure6.B showsthe resuls for Period 4 in whichanout-of-
sample break has not occurred. Whether breaks are known or not, the break model performs
slightly better tharthe I (d) model.Surprisingly, in Rriod 5 and 6 after breaks occurred, litag
model still accuratelpredicts while the break model deteriorates substantially when the breaks
are unknown.

Table7 contairsthe root mean squaterror(MSE),
[A Ve - WS N2, ©)
and relative mean squared error

E":'l (yt+1 B ytl(g;))z
a (yt+1 - MBE]letak)z ,

(10)

to evaluateN out-of-sample forecasts from tkaown break model, unknown break model, and
I(d) model In Period 4, the relative MS&or theknown break and unknown break maxkele
equal tol1.02 impling that break models perform slightly betteanthel(d) model. In period 5,
6, and the whole sample, the relative M&& theknown break modedre1.117, 1.589, and
1.222, respectivelyJnsurprisingly, the known break model foresdsdtterfor thetrue break

process thathel(d) model. Comparedith the results in Tablé for the exchange rate realized

13 The number of lagged values to use fadiction is 50. k=100000 is chosen to determine the Fourier
frequencies to use in evaluating the theoretical spectrum of an ARFIMA model.
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volatility data, the relative MSEaluesare0.98, 1.02, and 1.04espectivelywhich meanshe

knownbr eak model 6s f or e c dostheisimgated datdhiois reaaomablg o od a's
because the true series in Tablis nota pure ARBreak procesd-or the unknown break model

therelative MSEin Period 5, 6 and the whole amp@e=0.301, 0.155, and 0.257, respectively.

Thel(d) model performs far better than the unknown break model.

[Insert Table? here]

The lower panel ofable7 shows the forecasts evaluatistatisticsfor tenstep ahead
forecasts We seea similar pattern in theeforecast evaluatiostatistics The known break model
is better tharthel(d) model,andtheI(d) modelis better thatthe unknown break model. It is
worth noting that when we compare the root MSE results in Table see thatthEdmo d e | 6 s
10-stepahead forecasivorsen morethab r e a k forechstsFadd thel (d) model, its whole
out-of-sample root MSE increasfrom 0.453 to 0.634 when it forecasts from -@tepahead to
tenstepahead. In contrast to the known break model, its wholefesample root MSE only
increases from 0.410 to 0.441 when it forecasts frorstegahead to testep-aheadAlthough
the long memory is expected to have battalti-stepahead forecasts compared to other models,
the findings herelo notsupport thissxpectation

In summary, whenthe DGP isapure mean break series without any long memory, we
can get very good oubf-sample forecast performance usasgmple ARI(d) model This result
shows thatillong memory/fractional integrated modadehystill be the best forecasting model
when the true financial volatility series ayenera@d by structural beks and we have little

knowledge abouhe timingandsizes othebreals.
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5. Conclusions

Modeling realized volatility constructeilom intraday highfrequency datarovides
improved out-of-sample forecastsompared with traditional volatility modeleB DL 6 s - VAR
RV-I(d) model beats popul8ARCH-type modeldor forecasting daily realized volatilities for
the DM/$, Yen/$ and Yen/ DM spot exchange gfehe main reason is that the former model,
which exploits the intraday volatility information, providasaccurate and fastdapting estimate
of current volatility while the latter model, depending on slowly decaying past squared returns,
adaps onlygradually to current volatility shockb light of this propertyywe show that superior
volatility forecass$ couldalso be produced usiragshort memorynodelfor realized volatility
whichincorporaésmean shifinformation on realized volatilitinstead of long memory
Our shortmemoryBreak modebenerally performs the best providdtiming of future bre&
dates andheir sizes are knowr\With little knowledge aboubut-of-samplebreak dates antheir
sizes, we show thaa parsimoniousong memorymodelis a robusforecastingnodelevenwhen

the true financial volatility series ageneratedby structurabreaks.
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Table 1. Estimation for Long and Short Memory of Log Realized Volatility

d AR(1) MA(L)
0.395
Local DM/$ (0.0269) N/A N/A
0.446
Whittle ven/'$ (0.0269) N/A N/A
0475
Yen/DM (0.0260) N/A N/A
0.3817
DM/$ (0.0142) 0 0
0.4107
ARFIMA Yen/$ (0.0142) 0 0
0.5673 0.28 0.49
MLl (0.0316) (0.05) (0.02)
0.3778
DM/$ (0.0142) 0 N/A
0.4096
SEMIFAR Yen/$ (0.0142) 0 N/A
0.4685 -0.1018
Yen/DM (0.0212) (0.03) NIA

1. The numbers in the parentheses indicate standard errors.
me t Gaussianmaxdmurb Bkditeoaod estimatiorwith the choice ¢

2.LlocalWhi ttl ebs

bandwidth equal to 0.5, suggested by Henry (2001)

3. ARFIMA model is based on Ban (1995).7(L)(1- L)“[(1 L)y, - &) , where-0.5 <d<
0.5. The integem s the number of times that y must be differenced to achieve stationarity, i
long memory parameter is given loy=4d -4m. The method uses BIC to choose #fwrt memor
parameterp andgq. Whenm = 0, /7 is the expectation of, ; whenm = 1, mis the slope of line:

trend component iry, .
4. SEMIFAR (Semiprametric Fractional Autoregressive) model is based on Beran and Ocker

F(LA- LI L™y gi)]

£ By using a noparametric kernel estimate @f(i;) instead o

constant ternvzn. The method uses BI® tthoose the short memory parameter
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Table 2. Multiple Structural Changes Test Results

\ Series
Statistics DM/$ Yen/$ Yen/DM
Tests
supF (1) 52. 586 133. 36 305.13
supF; (2) 55. 6460 76. 860 246. 36
supF; (3) 42.376 54.0606 188.79
supF; (4) 36.926 50. 746 149. 35
supF; (5) 33.9456 42.296 110. 46
UDmax 55.64** 133.36** 305.13**
WDmax 84.95%* 133.36** 323.48**
supF; (21 36.236 17.88** 131.56
supF; (32 12.8396 7.19 71.9596
supF; (4|3 16.296 26. 376 21.3196
supF; (54, 16.2996 8.57 0
Numbers of Changes Selected
BIC 5 5 4
LWZ 2 2 2
Sequential 4 2 4
Multiple Structural Changes Dates Estimation
y 1989.5.11 1989.5.11 1989.11.21
L3 [89.2.1489.11.]  [88.12.2189.9.6] [89.11.789.12.1%
5 1991.3.18 1991.5.16 1992.6.10
L3 [90.9.2491.8.2Q  [91.3.2091.10.3  [92.3.492.10.2Q
5 1993.3.5 1993.3.30 1994.5.4
L5 [92.12.793.5.14  [92.11.2593.5.2]  [94.3.2494.6.1]
5 1995.8.24 1995.6.15 1997.5.8
L3 [95.6.1595.11.29  [94.8.2496.6.19] [97.4.1797.5.28
5 1997.7.10 1997.5.7
15 [97.4.989.10.2]  [97.4.397.6.17
Estimations of Mean for Each Regime
{% -0.662(0.015) -0.686(0.017) -0.924(0.012)
& -0.472(0.017) -0.457(0.018) -0.5(0.013)
¢f3 -0.334(0.016) -0.687(0.017) -0.342(0.015)
@ -0.553(0.015) -0.446(0.017) -0.659(0.012)
¢§ -0.770(0.017) -0.580(0.018) -0.205(0.014)
& -0.585(0.017) -0.205(0.018)

1.* indicates 5% significance level

2.** indicates 1% significance level
3.In bracket are the 90% confidence intervals
4. In parentheses are standard errors
5. Number of Changes Selected From Sequential Method is based on 1% level
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Table 3. Estimation for Long and Short Memory of Log Realized Volatility
After Adjustment for Breaks

d AR(1) MA(1)
0.206
Local DM/$ (0.0675) N/A N/A
0.304
Whittle ven/$ (0.0675) N/A N/A
0283
Yen/DM ©0675) N/A N/A
0.3671
DM/$ (0.042) 0 0
0.3945
ARFIMA Yen/$ 00149 0 0
0.3839
Yen/DM (0.0142) 0 0
0.367
DM/$ 00142 0 N/A
0.3976
SEMIFAR Yen/$ 00149 0 N/A
0.3833
Yen/DM (0.0142) 0 N/A

1. The numbers in the parentheses indicate standard errors.
2. The Whittle, AFIMA, and SEMIFAR models are explained in the details below Table 1
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Table 4. Estimated Spurious Breaksfor Long Memory Simulation

Breaks exist or not Number of Breaks Selected
d Udmax Wdmax  supF (+1] ) BIC LWZ Sequeritl
0.1 No No 0 0 0 0
0.2 Yes Yes 0 2 0 1
0.3 Yes Yes 3 4 2 3
0.35 Yes Yes 3 3 3 3
0.4 Yes Yes 2 4 2 2
0.45 Yes Yes 3 4 3 3

1. Six different long memory parameters DGP based on Monte Carlo Simulation for 3045

observations
2. Structural breaks #ts are based on Bai and Perron (1998, 2003)
3. The tests are based on 1% significance level.
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Table 5. Out-of-Sample Forecast EvaluationVhen Future Breaks Are Known

Rel

by by b, R? MSE
DM/$
VAR-RV-Break 0.036 (0.048) 0.978 (0.091) -- 0.246 -
VAR-RV-I(d) 0.021 (0.049) -- 0.987 (0.092) 0.249 -
VAR-ABS 0.439(0.028) -- 0.450(0.089) 0.08 -
Daily GARCH 0.061(0.063) -- 0.854(0.105  0.096 -
Daily RiskMetrics 0.219(0.042) -- 0.618(0.075) 0.097 -
Daily FIEGARCH 0.305 (0.(62) -- 0436(0.083) 0.037 -
Intraday FIEGARCH deseason/filter -0.069 (0.060) -- 1.012 (0.099) 0.266 -
VAR-RV-Break + VARRV-I(d) 0.021 0.049) 0.366 (0.332) 0.628 (0.327) 0.250 0.98
VAR-RV-Break + VARABS 0.037(0.046) 0.980(0.1®@) -0.009 (0096) 0.246  3.86
VAR-RV-Break + Daily GARCH -0.041(0.0600 0.907(0.120 0.189 (0137) 0.289 123
VAR-RV-Break + Daily RiskMetrics  -0.004(0.047) 0.906(0.119) 0.139 (0098 0.250 1.2
VAR-RV-Break + Daily FIEGARCH  0.046(0.082) 0.987(0.109) -0.024(0.100) 0.246 138
VAR-RV-Break + Intraday
FIEGARCH deseasonf/filter -0.066 (0.89) 0.369(0.207) 0.68(0.217) 0.274 1.08
Yen/$
VAR-RV-Break -0.030(0.106) 1.090 (0.144) -- 0.330 -
VAR-RV-I(d) -0.006 (0.110) -- 1.085 (0.151) 0.329 -
VAR-ABS 0.349(0.086) -- 1256(0.241) 0.115 -
Daily GARCH -0.002(0.147) - 1.020(0.187) 0.297 --
Daily RiskMetrics 0.164(0.108) - 0.767(0.131) 0.266 --
Daily FIEGARCH -0.289(0.193) - 1336 (0.86) 0.373 -
Intraday FIEGARCH deseason/filter  -0.3% (0189) -- 1.647 (0.263) 0.380 -
VAR-RV-Break + VARRV-I(d) -0.024 (0.101) 0.603 (0.564) 0.490(0.662) 0.331  1.02
VAR-RV-Break + VARABS -0.058(0.109) 1.044(0.148 0.166(0.136 0.331 3.01
VAR-RV-Break + Daily GARCH -0.103(0.141)) 0.734(0.131) 0.432(0263 0.348 1.08
VAR-RV-Break + Daily RiskMetrics -0.048(0.112) 0.842(0.102) 0.245(0.134 0.340 1.13
VAR-RV-Break + Daily FIEGARCH -0.279(0.209 0.384(0.260) 0.962(0.484) 0.3&% 0.95
VAR-RV-Break + Intraday
FIEGARCH deseasonf/filter -0.3% (0.252) -0.007 (0.375 1.656(0.7349 0.380 1.06
DM/Yen
VAR-RV-Break -0.047 (0.096) 1.097 (0.132) -- 0.353 -
VAR-RV-I(d) -0.047 (0.101) -- 1.146(0.143) 0.355 -
VAR-ABS 0.405(0.062) - 1.063 (0.175 0.119 --
Daily GARCH 0.243(0.092) - 0.692(0.119 0.300 --
Daily RiskMetrics 0.248 (0.084) - 0.668(0.107) 0.286 --
Daily FIEGARCH 0.101(0.105 - 0918(0.144) 0.263 --
Intraday FIEGARCH deseason/filter -0.231(0.150) -- 1.455(0.217) 0404 -
VAR-RV-Break + VARRV-I(d) -0.054 (0.099) 0.483 (0.452) 0.650(0.548) 0.357 1.04
VAR-RV-Break + VARABS -0.044(0.09) 1.107(0.148 -0.028(0.1400 0.363 3.60
VAR-RV-Break + Daily GARCH -0.021(0.082) 0.816(0.135 0.235(0.167) 0.365 1.16
VAR-RV-Break + Daily RiskMetrics -0.029 (0.08®) 0.860(0.117) 0.199(0.121) 0.3& 1.21
VAR-RV-Break + Daily FIEGARCH  -0.063(0.106) 0.978(0.118) 0.141(0.143) 0.5 1.01
VAR-RV-Break + Intraday
FIEGARCH deseason/filter -0.228 (0.16) 0.232(0.29%) 1.197 (0.830)  0.407 1.08

1. In parentheses are standard errors.
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Table 6. Out-of-Sample Forecast EvaluationWhen Future Breaks Are Unknown

Rel

by by b, R? MSE
DM/$
VAR-RV-Break 0.067(0.050)  0.879(0.088) -- 0.214 -
VAR-RV-I(d) 0.021 (0.049) -- 0.987 (0.092) 0.249 -
VAR-ABS 0.439 (0.028) -- 0.450 (0.089) 0.028 -
Daily GARCH 0.051 (0.063) -- 0.854 (0.105) 0.096 -
Daily RiskMetrics 0.219 (0.042) -- 0.618 (0.075) 0.097 -
Daily FIEGARCH 0.305 (0.052) -- 0.436 (0.083) 0.037 -
Intraday FIEGARCH deseason/filter -0.069 (0.060) -- 1.012 (0.099) 0.266 -
VAR-RV-Break + VARRV-I(d) 0.018(0.060) 0.057(0.179 0.933(0.196 0.249 0.%
VAR-RV-Break + VARABS 0.065(0.047) 0.895(0.1®@W) -0.066(0.104) 0.214  3.73
VAR-RV-Break + Daily GARCH -0.002(0.060)0 0.814(0.131) 0.160(0.161) 0.216 119
VAR-RV-Break + Daily RiskMetrics ~ 0.029(0.046) 0.814(0.131) 0.115(0.116) 0.216 118
VAR-RV-Break + Daily FIEGARCH  0.069(0.051) 0.890(0.111) -0.029(0.108) 0.214 1.3
VAR-RV-Break + Intraday
FIEGARCH deseasonf/filter -0.072(0.069) 0.140(0.189 0.888(0.210) 0.267 1.06
Yen/$
VAR-RV-Break -0.040 (0.127) 1.419(0.218 -- 0.262 -
VAR-RV-I(d) -0.006 (0.110) -- 1.085 (0.151) 0.329 -
VAR-ABS 0.349 (0.086) -- 1.256 (0.241) 0.115 -
Daily GARCH -0.002 (0.147) - 1.020 (0.187) 0.297 --
Daily RiskMetrics 0.164 (0.108) - 0.767 (0.131) 0.266 --
Daily FIEGARCH -0.289 (0.193) - 1.336 (0.236) 0.373 -
Intraday FIEGARCH deseason/filter  -0.394 (0189) -- 1.647 (0.263) 0.380 -
VAR-RV-Break + VARRV-I(d) -0.000(0.120) -0.042(0.151) 1.111(0.146) 0.329 0.67
VAR-RV-Break + VARABS -0.156(0.137) 1.242(0.212) 0577 (0155 0.282  1.98
VAR-RV-Break + Daily GARCH -0.153(0.147) 0.688(0.129 0.686(0203 0.327 0.68
VAR-RV-Break + Daily RiskMetrics -0.096(0.132) 0.841(0.137) 0.471(0.108  0.319 0.74
VAR-RV-Break + Daily FIEGARCH -0.360(0.185) 0458(0.146) 1.084(0.295  0.38 0.62
VAR-RV-Bre& + Intraday
FIEGARCH deseasonf/filter -0.399(0.190 -0.371(0.260 1.961(0450 0.384 0.70
DM/Yen
VAR-RV-Break -0.062(0.138) 1.486(0.248) -- 0.227 -
VAR-RV-I(d) -0.047 (0.101) -- 1.146(0.143) 0.355 -
VAR-ABS 0.405 (0.062) - 1.063 (0.175) 0.119 --
Daily GARCH 0.243 (0.092) - 0.692 (0.119) 0.300 -
Daily RiskMetrics 0.248 (0.084) - 0.668 (0.107) 0.286 --
Daily FIEGARCH 0.101 (0.105) - 0.918 (0.144) 0.263 --
Intraday FIEGARCH deseason/filter -0.231 (0.150) -- 1.455 (0.217) 0.404 -
VAR-RV-Break + VARRV-I(d) -0.030(0.131) -0.087(0.175 1.190(0096) 0.3% 0.56
VAR-RV-Break + VARABS -0.106(0.142) 1.259(0.269) 0.484(0.143 0247 1.93
VAR-RV-Break + Daily GARCH 0.004(0.123) 0.655(0.162 0.519(0.110) 0325 0.62
VAR-RV-Break + DailyRiskMetrics ~ -0.041 (0132 0.762(0.177) 0485 (0085 0.4  0.65
VAR-RV-Break + Daily FIEGARCH  -0.140(0.148) 0.795(0.1%4) 0.631(0.107) 0.3  0.54
VAR-RV-Break + Intraday
FIEGARCH deseason/filter -0.188(0.133) -0.261 (0192) 1.608(0.295) 0.407 0.58

1. In parentheses are standard errors.
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Table 7. Out-of-Sample Forecast Evaluation for Simulations

One-Step Ahead

AR-Break Model
Known Break Unknown Break

AR-I1(d) Model

Root MSE 0.407 0.407 0.411
Period 4
Relative MSE 1.02 1.02 1
Root MSE 0.422 0.812 0.446
Period 5
Relative MSE 1.117 0.301 1
Root MSE 0.398 1.272 0.502
Period 6
Relative MSE 1.589 0.155 1
Whole Root MSE 0.41 0.894 0.453
Outof-Sample pojative MSE 1222 0.257 1
Ten-Step-Ahead
AR-Break Model
Known Break Unknown Break AR-l(d) Model
Root MSE 0.447 0.447 0.448
Period 4
Relative MSE 1.03 1.03 1
Root MSE 0.452 0.825 0.574
Period 5
Relative MSE 1.608 0.484 1
Root MSE 0.418 1.283 0.837
Period 6
Relative MSE 4,013 0.425 1
Whole Root MSE 0.441 0.912 0.634
Outof-Sample pojative MSE ~ 2.09 0.488 1

1. Root Mean Squared Error (MSE) is calculated 85 (Y110~ W ig‘e')zl N2,

2 Ly @)y2
2. RelativeMSE is calculated a6 (o= Yo)” /7 Breake?
A Vi~ Yeg )
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Figure 4. Semiparametric Fractional Autoregressive Model Decomposition
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Figure 5. Realized Volatility and Out-of-Sample VAR-RV-Break Forecasts
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