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Abstract

In the last decade lot of interest, both in the econometric and statistical literature,
has been paid to the issue of confusing long memory and structural breaks. Indeed, it’s
well known that the evidence of long memory can be due to neglected structural breaks
and, on the contrary, that long memory processes may cause breaks to be detected spu-
riously. In this paper we present the results of a simulation study aiming at evaluate the
effectiveness of a simple quick strategy that helps dealing with the discrimination problem.
An application to a real time series it is also presented and discussed.
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1. INTRODUCTION

In the last decade lot of interest, both in the econometric and statistical liter-

ature, has been paid to the issue of confusing long memory and occasional struc-

tural breaks in mean (see, among the others, Diebold and Inoue, 2001; Granger

and Hyung, 2004; Smith, 2005).

Indeed, there is evidence that a stationary short memory process that encounters

occasional structural breaks in the mean can show a slow rate of decay in the au-

tocorrelation function and other properties of I(d) processes, where d can be a

fraction. On the other hand, when the data generating process is an integrated or

fractionally integrated process (with no breaks), several breaks can be detected
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spuriously. Since there’s a positive relation between the number of breaks and the

value of d, detecting multiple structural breaks is crucial to correctly identify the

model. For this purpose we consider the computational efficient procedure called

Atheoretical Regression Trees (ART) proposed by Cappelli and Reale (2005) to

locate multiple mean breaks occurring at unknown dates.

In particular, in this paper we use ART in the framework of a simulation

study meant to evaluate the effectiveness of a simple empirical strategy that can

be applied to get an insight in "what is what" (Cappeli and D’Elia, 2006). In the

following, in section 2 we recall the main features of long memory processes, in

section 3 we introduce the ART method and we describe the empirical strategy

employed to distinguish between long memory and structural breaks. The results

of a Monte Carlo study are presented and discussed ins section 4, whereas, a real

time series, the monthly series of the CPI index, is analyzed in section 5 show-

ing how the considered strategy helps dealing with the discrimination problem.

Concluding remarks follows in section 6.

2. The ARFIMA MODEL

The most popular long memory model is the ARFIMA (p,d,q) process

(Granger and Joyeux, 1980; Hosking, 1981) defined as:

φ(B)(1−B)dYt = θ(B)εt εt ∼ N(0,σ2) (1)

where d is the fractional integration parameter, and φ(B) = 1−φ1B...−φpBp and

θ(B) = 1+θ1B....+θqBq are lag operator polynomials with distinct roots outside

the unit circle. If d ∈ (−0.5,0.5) the process is stationary and invertible; in partic-

ular if 0 < d < 0.5, Yt is a long memory process, whose autocorrelation function γk

decays to zero at an hyperbolic rate, i.e., at lag k the autocorrelation ρ(k)∼ ck2d−1

when k → ∞ and where c is a non zero constant.

If the process Yt ∼ ARFIMA(p,d,q) is stationary and invertible, it has the follow-

ing infinite autoregressive representation (Beran, 1994):

∞

∑
k=0

πkYt−k = εt (2)

where π0 = 1, πk = Γ(k−d)
Γ(k+1)Γ(−d) and Γ(.) is the Gamma function; for k → ∞ the πk

coefficient can be approximated by πk ∼ 1
Γ(−d)k−d−1.

In case p = q = 0 the process Yt is called fractionally integrated and it’s denoted

by I(d). In the following we focus on I(d) processes that are known to be a

2. THE ARFIMA MODEL
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convenient tool to parsimoniously represent long term persistence, in particular

they provide a good specification for several economic and financial time series.

For the purpose of estimating the differencing parameter d several methods have

been proposed in the literature (for a review see Beran, 1994), in the simulation

study we consider one of the most popular: the Whittle’s method (Taqqu, 1986).

The presence of breaks in mean leads to several problem in inference of long

memory parameters. Moreover, as argued is several papers recently appeared in

literature (see, among the others, Diebold and Inoue, 2001; Granger and Hyung,

2004; Smith, 2005), a linear process with finite occasional breaks may show sev-

eral of the above long memory properties, both in time and frequency domain,

inducing model mispecification that can be extremely relevant when it comes to

forecast.

3. ATHEORETICAL REGRESSION TREES

In this section we briefly discuss the issue of detecting structural breaks

then, we introduce the ART method recently proposed by Cappelli and Reale

(2005) to locate multiple mean breaks by employing regression trees.

Consider the following mean-shift model:

yt = µg + εt , g = 1, . . . ,G, t = Tg−1 +1, . . . ,Tg, (3)

where G is number of regimes (and G− 1 the number of break-dates), yt is the

observed response variable and εt is the error term at time t (we adopt the common

convention that T0 = 0 and TG = T where T is the length of the series).

This model has been employed by Bai and Perron (1998, 2003) to detect abrupt

structural breaks in the mean. The problem is to estimate the set of break-dates

(T1, . . . ,Tg, . . . ,TG−1) that define a partition of the series P(G) = {(1, . . . ,T1), . . . ,
(Tg−1 + 1, . . . ,Tg), . . . ,(TG−1 + 1, . . . ,T )}, into homogeneous intervals such that

µg �= µg+1. They propose a least square estimation method: the estimated break-

dates (T̂1, . . . , T̂g, . . . , T̂G−1) are associated with the partition P∗(G) minimizing the

within-group sum of squares. such that

P∗(G) = argmin
P(G)

WSSy|P(G). (4)

where WSSy|P(G) = ∑G
g=1 ∑Tg

t=Tg−1+1(yt −µg)2.

As shown in Cappelli and Reale (2005) the same goal can be pursue within

the framework of of Least Square Regression trees (so forth denoted LSRT).

3. ATHEORETICAL REGRESSION TREES
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In LSRT a node h is split into the left and right descendants hl and hr to reduce the

deviance of the response variable. Thus the algorithm selects the split s for which

SS(t)− [SS(tl)+SS(tr)]

is maximum, where SS(h) = ∑yt∈h(yt −µ(h))2, is the sum of squares for node h,

µ(h) is the mean of the y values in node h and SS(hl) and SS(hr) are the sums

of squares for the left and right descendants, respectively. As hl and hr are an

exhaustive partition of h and SS(h) the splitting criterion consists in minimiz-

ing over all binary partition of h, the within-group (child nodes) sum of squares

WSSy|s(h) = [SS(hl)+SS(hr)].
For the purpose of locating the breaks-dates, let k be an arbitrary ascending

(or descending) sequence of completely ordered numbers, for sake of simplic-

ity take k = 1,2, . . . , i, . . . ,T . Tree regressing yt on k yields to a nested sequence

of partitions and candidate break-dates; in order to select the optimal one corre-

sponding to the actual number of break dates and distinct subperiods present in

the data, cross validation (CV) and model selection criteria can be employed or

alternatively the sequential testing procedure of Bai and Perron (1998). Finally,

note that if estimation is not the sole concern and one want to test for structural

breaks or model the observations in the segments, it can be appropriate to con-

sider restrictions on the possible values of the break -dates as suggested by Bai

and Perron (2003). Indeed, side conditions on the reduction in deviance and/or on

the length of the subperiods are easily handled within the tree growing recursive

partitioning approach of ART.

As shown in Cappelli et. al (2008) ART is suitable for workers who rou-

tinely analyze large numbers of time series or those dealing with long series which

are impractical to analyze with current methods due to the prohibitive computing

time. Thus, due to its flexibility, the procedure is particularly useful in the contest

of discriminating long memory and level shifts because it quickly provides the

results of alternative hypothesis both on the number and location of the breaks by

varying the degree of pruning or by imposing he aforementioned side conditions.

Our strategy of analysis consists in fitting to the data long memory and structural

break models separately. In case both provide plausible explanation of the DGP

of the data at hand, the long memory and structural break analysis are repeated

on the series break-free and on the filtered series, respectively. Then, the presence

of breaks in the filtered series and/or of long memory behavior in the break-free

series could indicate whether the series shows real breaks and long memory as it

will be shown in the next section.
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4. LONG MEMORY AND/OR STRUCTURAL BREAKS? A SIM-
ULATION STUDY

In order to evaluate the effectiveness of the above described strategy to dis-

tinguish between long memory and level shifts, we have simulated the data from

the following models:

1. a stationary invertible long memory process Yt ∼ ARFIMA(0,d,0):

(1−B)dYt = εt (5)

where εt ∼WN(0,σ 2
ε ) and d < 0.5;

2. an autoregressive model AR(1) with breaks:

(1−φ l)Yt = µg + εt g = 1, . . . ,G, t = Tg−1 +1, . . . ,Tg, (6)

where G is number of regimes (and G− 1 the number of breaks) and εt ∼
N(0,σ2

ε ) is the error term at time t (we adopted the common convention

that T0 = 0 and TG = T where T is the length of the series).

In the simulation we set, for model (5) d = 0.4 and for model (6) we considered

G = 4 regimes such that µ1 = 0,µ2 = 0.75,µ3 = 1.5,µ4 = 0.5 corresponding to

3 breaks at observations 150, 400 and 750 respectively; in both cases σ2
ε = 1 and

we have generated 100 series of length T = 1000.

In order to illustrate the problem of confusing long memory and level shifts we

have depicted one series simulated from either models £3 and 4 with the corre-

sponding autocorrelation function (see figure 1. As we can see, the long memory

series shows level shifts and, on the other side, the series with level shifts exhibits

persistence of the autocorrelation function.

The considered strategy of analysis can be summarized as follows:

1. fit long memory and structural breaks models separately;

2. look for long memory in the break-free series;

3. look for structural breaks in the long memory-free series;

4. Compare the results: the absence (or the persistence) of long memory or

structural breaks (or of both) suggests whether the components are real or

spurious.

4. LONGMEMORY AND/OR STRUCTURAL BREAKS? A SIMULATION
STUDY
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According to this strategy we have undertaken a structural break analysis of

the time series with long memory before and after filtering out the long memory

component from the series; in the same way we have fitted I(d) models to the

time series with level shifts before and after removing the breaks.

For the purpose to estimate the number of breaks we have used ART setting a

minimum segment length of 150 observations and choosing the final number of

breaks by minimizing BIC, whereas for the I(d) models we have employed the

Whittle estimation method. The results, averaged over 100 replications, are sum-

marized in table 1. As expected the removal of the real component from either

models causes the spurious one to disappear; on the contrary removing the spuri-

ous component does not affect the presence of the real one: the long memory is

still present in the I(d) models ( ˆ̄d = 0.39) and breaks are identified in the mean

shift models ( ˆ̄b = 2.4).

Thus, our study suggests that the employed empirical strategy provides use-

ful indications about the presence of real or spurious long memory and breaks

ARFIMA(0,d,0) ACF
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Fig. 1: Illustrative long memory and a structural break series with their corresponding ACF.
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original series filtered series break-free series

AR(1) with breaks
ˆ̄d = 0.252(0.026) - ˆ̄d = −0.05(0.071)
ˆ̄b = 3.2 ˆ̄b = 2.4 -

I(d)model d=0.4
ˆ̄d = 0.41(0.028) - ˆ̄d = 0.39(0.032)
ˆ̄b = 3.7 ˆ̄b = 0 -

Tab.  1: Estimated number of breaks b̂  and value of the differencing parameter d̂  (sd) for the
I(d) models and the AR(1) models with breaks before and after filtering out the spurious
component.

Tab.  2: Estimated number of breaks b̂  and value of the differencing parameter d̂  (sd) for the
I(d) models with breaks before and after filtering out the single components.

when only one or the other component is present in the data. On the other hand,

the most challenging task is to assess the real extent of long memory and the

real number and location of breaks when they are both present on the data. To

this aim we have carried out a further simulation study generating an I(d) model

with breaks. In first place we set d = 0.4 considering the same breaks (and their

location) of the previous study.

original series filtered series break-free series

I(d)model with breaks (d = 0.4)
ˆ̄d = 0.45(0.023) - ˆ̄d = 0.38(0.021)
ˆ̄b = 4.5 ˆ̄b = 1.4 -

I(d)model with breaks (d = 0.3)
ˆ̄d = 0.38(0.020) - ˆ̄d = 0.28(0.026)
ˆ̄b = 4.1 ˆ̄b = 1.9 -

We have found that whereas the long memory component persists after the

removal of the breaks (although the estimates tend to drop to lower levels), the

same does not hold for breaks: once the (overestimated) long memory is removed

breaks are still identified by ART but they not chosen by any model selection cri-

teria. This finding provides evidence of a well known problem: breaks who are

not evident enough are difficult to identify. For this reason we changed the sim-

ulation settings considering stronger breaks (shifts of 1 and 1.5) and/or weaker

long memory (d = 0.3). The results are reported in table 2. We see that the co-

presence of long memory and breaks causes both components to be overestimated
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on the original series. The removal of the breaks allows to assess the real ex-

tent of the long memory component ( ˆ̄d = 0.38− 0.28), on the contrary, even if

breaks are stronger and/or the long memory is weaker the number of breaks is

underestimated (ˆ̄b = 1.4− 1.9). Concluding, the simulation studies suggest that

distinguishing between long memory and structural breaks is not a symmetric task

in the sense that detecting breaks in presence of long memory seems more difficult

than identifying long memory in presence of breaks.

5. STRUCTURAL BREAKS AND LONG MEMORY ANALYSIS
OF THE CPI SERIES

Several economic time series seem to display both long memory and struc-

tural breaks (see the study of Hyung et al, 2006). Since a popular application

of long memory processes concerns inflation (see for example Hassler,1994 and

Doornik and Ooms, 2004), we have analyzed the monthly series of the CPI in-

dex. As in Hyung (2006) we considered the All items CPI except food and energy

seasonally adjusted, that is freely available at www.bls.gov. The series covers a

sample period running from January 1957 to February 2007 yielding to 601 ob-

servations; the series is depicted in figure 2.
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Doornik and Ooms (2004) considered an outlier in 1980:7 and obtained an

estimate of the differing parameter d̂ = 0.32 (sample period 1957:1 - 2003:4);

Hyung et al 2006 using Bai and Perron procedure found 4 breaks at dates: 1973:7,

1974:10, 1978:9 and 198:7 (sample period 1967:1 - 2000:8).

We argue that long memory in US inflation may be partly due to neglected breaks,

thus, we run ART setting a minimum segment length of 60 observations (corre-

Fig. 2: Level shifts in the CPI series before and after removing the long memory.
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5. STRUCTURAL BREAKS AND LONG MEMORY ANALYSIS OF THE
CPI SERIES
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After removing the identified breaks the estimate of the differing parameter

d drops at 0.19 whereas the US estimates are all close to the value 0.32. Thus,

we have used the former value to filter out the long memory component. Indeed,

on the filtered series only 2 out of 4 breaks are chosen (July 1973 and October

1981, same findings in Hyung et al (2006)) as displayed in figure 2. Concluding,

according to our analysis, the CPI series has both breaks and long memory but the

estimated number of breaks and value of the memory parameter are lower than

either components captured by the individual models considered separately.

6. CONCLUSIONS

In this paper we have presented and discussed the results of a simulation

study carried on to evaluate the effectiveness of an empirical strategy in distin-

guish between structural breaks and long memory. Our findings suggest that the

proposed strategy of analysis represent a useful, quick and simple tool to be em-

ployed as a first check; in particular it is able to isolate the real and the spurious

component when only a single one is present in the data, i.e. if the data show ei-

ther long memory (no breaks) or breaks (no long memory); on the contrary, when

both features are present in the data at the same time, we have found that real

Fig. 3: Atheoretical Regression Tree of CPI series.

sponding to five years). As selection criterion we employed BIC, identifying 4

breaks (1966:3,1974:1,1982:8,1993:2) the corresponding tree structure is depicted

in figure 3.
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breaks might be removed by filtering the long memory component whereas real

long memory persists after the removal of breaks. In other words, detecting struc-

tural breaks in presence of long memory is a very challenging task that deserves

careful analysis.
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BREAKS STRUTTURALI VERSUS MEMORIA LUNGA,
UNO STUDIO DI SIMULAZIONE

Riassunto

Nell’ultimo decennio si è registrato un crescente interesse al problema della
possibile confusione tra presenza di breaks strutturale ed effetti di lunga mamoria sia in
campo statistico che econometrico. È noto infatti che effetti di lunga memoria nelle serie
storiche possono essere causati dalla presenza di breaks strutturali non identificati, come
pure la presenza di effetti di lunga momoria possono portare all’identificazione spuria di
breaks strutturali. In questo lavoro vengono presentati i risultati di uno studio di simula-
zione teso a valutare l’efficacia di una strategia empirica, semplice e computazionalemente
agevole per la risoluzione di tale problema.


