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Abstract

In this paper, we analyze the effects on the estimation of the fractional para-
meter, d, of additive outliers or additive inliers. There are many methods of
estimating the fractional parameter but here, we consider only the method
of estimation proposed by Geweke and Porter-Hudak (GPH) (1983), which
is a method based on the frequency domain. The paper includes a brief
review of the origin of long memory models, a description of the different
approaches and the building block models proposed in the literature. We
also discuss the GPH estimation method and present a brief survey of the
more important empirical applications of this kind of model.

The different effects of the presence of additive outliers and inliers are
analyzed based on Monte Carlo simulations. We analyze three different data
generating processes. First, we generate additive outliers in a discrete way
as in Vogelsang (1999) and Perron and Rodriguez (2000). Second, additive
outliers are generated according to a Bernoulli distribution as was proposed
by Franses and Haldrup (1994) and Vogelsang (1999). Third, we generate
additive inliers in similar fashion to Cati et al. (1999). The results depend
on the nature of each data generating process. Overall, we observe that
additive outliers and inliers affect the bias and the M SFE of the estimated
frcational parameter. We also find size distortions for the t-statistic of the
null hypotheses that d = 0 or d = 1. The size of the additive outliers,
the probability of occurance of additive outliers and a drift parameter in
data generating process have important effects on the estimated fractional

parameter, depending on the value of the true fractional parameter.
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1 Introduction

The analysis of the persistence of some time series has been a topic of sus-
tained research, specially in the macroeconomic context. The paradigm of
trend stationarity versus difference stationarity, which involves thinking of
persistence as transitory effects versus permanent effects,has been one way
to look at this topic. In the middle of this paradigm exists the analysis of
persistence using the fractional integration framework. In this context, the
integration parameter can be a fraction (not only zero or unity) and then,
the effects of some shocks can have a long duration on the behavior of some
time series.

Many applications of this approach have been proposed in the literature.
Recently,many methods have also been proposed to estimate the fractional
parameter. There exist methods in the time domain and in the frequency
domain. Another possible area of study is to consider methods based on
ordinary least squares (OLS) or maximum likelihood estimation (MLE).
In this paper, we are only interested in one particular method related to the
frequency domain based on an OLS estimation.

Very often, time series are contaminated due to the presence of aberrant
observations which do not necessarily originate in the true data generating
process but in time series modeling. These observations are called outliers.
There are many kinds of outliers but in this case we are only interested in
additive outliers, which by definition affect the level of time series but not
the disturbance term associated with it. The effects of additive outliers on
the behavior of the unit root tests and ARM A models have been studied
before (see for example, Franses and Haldrup 1994, Vogelsang 1999, Perron
and Rodriguez 2000, Pefia 1990, Chen and Liu 1993, among others).

Another kind of aberrant observation is called an inlier. In this case, the
aberrant observation is more likely to be generated by the data generating

process. The kind of observation and its impact on behavior of the unit



root tests and some measures of persistence have been studied by Cati et
al. (1999). The example taken by these authors has been the Brazilian in-
flation, which is a time series contaminated by many aberrant observations.
They consider these observation to be additive inliers associated directly
with many government shock programs applied in Brazil to stop high infla-
tion. Whenever inflation was very high, an intervention by the government
brought inflation down for a short period of time and the peak can be con-
sidered as an additive inlier.

In this paper, we are interested in analyzing the effects on the estima-
tion of the fractional parameter, d, of the existence of additive outliers or
additive inliers. As noted above, there are many methods of estimating
the fractional parameter, but here we are only interested in analyzing the
method of estimation proposed by Geweke and Porter-Hudak (1983), which
is a method based on the frequency domain. The different effects of the
presence of additive outliers and inliers are analyzed based on simulation
evidence. We analyze three different data generating processes. First, we
generate additive outliers in a discrete way as in Vogelsang (1999) and Per-
ron and Rodriguez (2000). Second, additive outliers are generated according
to a Bernoulli distribution as was proposed by Franses and Haldrup (1994)
and Vogelsang (1999). Third, we generate additive inliers in same fashion
as in Cati et al. (1999). The results depend on the nature of each data
generating process. Overall, we observe that additive outliers and inliers
affect the bias and the MSFE of the estimated fractional parameter. We
also find size distortions for the t-statistic of the null hypothesis that d =0
or d = 1. The size of the additive outliers, the probability of occurance of
additive outliers and the drift parameter in the data generating process are
found to have have important effects on the estimated fractional parameter,
depending on true value of the fractional parameter.

The plan of this paper is as follows. Section 2 provides a brief review of

the origin of long memory models discusses the properties of long memory



models and ARFIM A processes,presents the estimation method of Geweke
and Porter-Hudak, and reviews some of the more important of the model of
fractional integration in economics anf finance. Section 3 discusses additive
outliers and inliers. Section 4 presents the Monte Carlo design for different
data generating processes and a description of the results. Section 5 provides

the concluding remarks.

2 Long Memory Models
2.1 Origin

The idea of long memory models appear to have developed its roots in the
physical sciences, specifically in hydrology early in the 1950s. A particular
reference in this respect is Hurst (1951). The study was intended to solve
the problem of determining the storage capacity required in the Great Lakes
of the Nile River Basin to ensure that the reservoir would be able to supply
an irrigation system for the agricultural land in Egypt and Sudan with water
throughout the year. Data were collected for the time span of 100 years as
the basis of the study’s estimates. This most single reference of Hurst (1951)
is ascribed to the effect of very long term autocorrelation in observed time
series analysis, which later came to be known as a long memory process.
This astounding model of a long memory process has, indeed, attracted
the attention of econometricians since around 1980. The pioneering work in
this area of econometrics includes Taqqu (1975), Granger and Joyeux (1980),
Granger (1981), Hosking (1981). They laid the foundations of the popula-
tion characteristics of the now widely used Autoregressive Fractionally In-
tegrated Moving Average (ARFIMA) process. Geweke and Porter-Hudak
(1983) is another basic work on the problem of estimation of the long mem-
ory parameter in which a considerable interest is found later in econometric
research. Noting this fact, Baillie and King (1996) remark that: “in recent

years research activity has gathered momentum with important contribu-



tions being made on estimation and testing of a wide range of long memory
processes, together with many interesting and imaginative applications over

a variety of different fields of economics and finance.” [pp. 1]

2.2 Definitions

Long memory is defined as a series having a slowly declining correlogram or
equivalently an infinite spectrum at zero frequency. Denoting w a particular
frequency, Geweke and Porter-Hudak (1983) quoted the following definition
of long memory models given by McLeod and Hipel (1978):

“attention has recently been given to two single-parameter models
on which the spectral density function is proortional to w™", for
1 < r < 2 for near to the frequency 0 and the asymptotic decay
of the autocorrelation function is proportional to 777L. because
the spectral density is unbounded at w = 0, equivalently, the au-
tocorrelation function is not summable—these are long memory
models.” [pp. 221]

We can follow Granger and Ding (1996) to explain the definition and
the properties of long memory models. Let h;, j = 0,1....,be an infinite

sequence of constants and define a time changing sequence of filters that is

hi(L) = ihjflj ; (1)
7=0

where L is the backward operator. A time series {z;} can be generated by

Ty = ht(L)et’ (2)
where the input series is supposed to have the form
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et = m+ &, (3)

where ¢; is white noise sequence with mean zero and variance o2. Denoting

m(t) = mhy(1), we can define:

t
u(t) = o2 h] (4)
=0
t
st = Y hjey, (5)
=0

T
frw) = BT s 2] 6)
t=1

If f(w) = limr oo fr(w) exists for all w > 0, then f(w) is called the
spectrum of z;. If we confine our attention to m(t) = mh;(1), we can say that
m(t) will be the deterministic trend in mean and v(t) will be the variance of
xt, which holds provided %:(1) is monotonically increasing. It is also evident
here that these two terms (m(t) and v(t)) may tend to constants. These
properties are discussed in Granger (1988) and Granger and Ding (1996).

For large T, fr(w) serves as a close approximation to f(w) for almost
all frequencies, so that the series x; is called ‘long memory’,which holds
provided the spectrum f(w) tends to infinity as w — 0, and f(w) is bounded
above for all except a finite number of other values of w. These properties
are discussed by Granger and Joyeux (1980) and Hosking (1981). In the
case of the spectrum which tends to infinity, the sequence h; needs to be a
divergent one. For h; = A?’”l, the series generates the I(d) process. This
process possesses the spectrum which is proportional to w™2¢ for small w
. In this case,we have a fractionally integrated process provided d is not

an integer. It has a ‘long memory’ property because a shock e; at time ¢



will continue to influence future values of z; (i.e., z¢4x) for a larger k than
would be the case for the standard stationary ARM A process, for which h;

declines exponentially.

2.3 The ARFIMA Processes

Kennedy (1998) presents a technical note on ARFIMA processes which
states that the concept of fractional integration is useful in testing for non-
stationarity. There are two kinds of models to examine in this respect. One
is (1—alL)y; = &; where a > 1 and the other is (1—L)%y; = &: where d > 0.5,
both of which correspond nonstationarity. In the second case, d takes on
non-integer or fractional values, from which follows the term ‘fractional’.
In order to understand the rationale for the term ‘integrating’, consider a
random walk model such as y; = y;—1 + &, which after some algebra can be
written as y; = yo+ > €. It is clear here that the variable y is determined
by summing up or integrating the error terms. In this way, ARIM A turns
into fractional ARIMA i.e. an ARFIM A process.

Sowell (1992) and Crato and Rothman (1994) provided explanations for
why an ARFIMA process is preferable to trend stationary and difference
stationary series. Kennedy (1998) also provides a brief discussion of the
advantages of ARFIMA processes over the unit root based tests for non-

stationarity. He stated:

Although there are higher computational costs, modeling in terms
of fractional integration has several advantages. It allows a con-
tinuous transition from non-unit root behavior to a unit-root, it
is better suited to capturing low frequency (long memory) behav-
ior and so is able more adequately to model on-term persistence
and it nests both difference stationary and trend stationary mod-
els. In short, it provides a more flexible alternative against which

to test unit roots and because of this empirical studies using this



approach tend to reject a unit root.[pp. 286]

The ARFIMA process, however, is not free of limitations. In the case
of parametric expressions, the standard ARFIMA(p,d,q) process for the
infinite autoregressive (AR) and moving average (MA) representation is
relatively complicated. Chung (1996) provides some alternative methods
for the calculation of these autocorrelations. In this context, Baillie (1996)
remarks that estimators produced by the ARFIM A process are conceptu-
ally attractive, but the performance of these estimators is not good when one
compares the theoretical aspects with simulation work and it produces the
same result irrespective of the nature of the white noise such as low-order
or high-frequency dynamics. Another drawback to this kind of method is
that it is difficult to give an intuitive interpretation to a non-integer differ-
ence. A major problem, in practice, consists of distinguishing between a
long memory process and a non-stationary process. For these reasons, mod-
els of fractional integration have not been widely used and are not included
in any standard econometric software packages.

In case of long term autocorrelation, several models show persistence
in shocks and provide an extension of the concept of nonstationarity. The
most common model of this kind is known as the fractionally integrated

white noise series which is as follows:
A-L)yy =&

where y; = Y; — . This time series has an infinite moving average represen-
tation if | d |< 0.5, but it is nonstationary for other values. An extension of

this model is

(1= LYfys — Y1¥tm1 — wovveeene — YpYt—p] = € — 161 — ...... — 0464

which is termed the ARFIMA (p,d,q) model.



2.4 The Method of Geweke and Porter-Hudak

There are a variety of ways of estimating the parameter d. The statistical
measure of long memory used by Hurst (1951) and later used by Mandelbrot
(1972, 1975) was the rescaled range statistic which has, according to Granger
and Joyeux (1980), little intuitive appeal and thus is beyond the scope of

our study. Here,we are essentially interested in the estimation procedures

proposed by Geweke and Porter-Hudak (GPH) (1983), which generalized
the definitions of fractional Gaussian noise and integrated or fractionally
differenced series and showed that the two concepts are equivalent. This
procedure is based on an estimation in the frequency domain. For the model
(1— L)%z, = e;,where{x;} is assumed to be a time series process, d € (—.5,.5)

and e is serially uncorrelated, the spectral density of the time series {z} is
folw;d) = (o2/2m) [1 — 7| 7 = (6% /2m){4sin®(w/2)} 2. (7)

A time series with the spectral density fa(w;d) is called an integrated or frac-
tionally differenced series which suggests that lim,_,0 w?? fo(w;d) = o%/27
and the autocorrelation function (for d # 0) is py(7;d) = T'(10d)T'(T +
d) /T(d)T(T + 1 — d), which leads to lim, oo 71" py(7; d) = T'(1 — d)/T(d).

Now consider (1 — L)%y, = u;, where u; is a linear and stationary dis-
tributed process with the spectral density function f,,(A\) which is supposed
to be finite, bounded away from zero and continuous on the interval [—, 7].
Based on GPH, one has

log{fy(w;)} = log{fu(0)} — dlog{4sin®(w;/2)} +log[fu(wy)/ fu(0)].  (8)

According to GPH we can estimate d from a regression based on (8)

using spectral ordinates wy,ws....... W, from the periodogram of y;, that is
Iy(wj) :

log{I,(w;)} = a — dlog{4sin®(w;/2)} + v;,j = L....n 9)



where

vj = log[fu(w;)/ fu(0)] (10)

and v; is supposed to be i.i.d. with zero mean and variance 72/6. Thus the
least square estimator of d is asymptotically normal. If the number of ordi-
nates n is chosen such that n = g(T), where ¢g(T') is such that limp_,, g(T') =
00, lim7_,00{g(T)/T} = 0 and limg—_,e{(log(T)?/g(T)} = 0, then the OLS

estimator of d in (9) takes the limiting distribution as follows:

(d —d) /{var(d)}/? = N(0,1) (11)

When the OLS estimator d is significantly different from zero, the sample

of the specific size is fractionally integrated. Here, in our estimation, we use

n=g(T)=+T.
2.5 Applications of Long Memory Models

Long memory models originated in the domain of the geophysical sciences.
One interesting application in this domain is in the detection of the pos-
sibility of climatic change. Baillie (1996) mentions that there have been
several findings which showed an apparent upward trend in world tempera-
tures since the mid of the nineteenth century (see e.g. Seater 1993). There
are also many applications related to macroeconomics. For example, there
is a long standing debate in macroeconomics as to whether real GNP is
difference stationary or trend stationary. Long memory models have an im-
portant role to play in resolving this kind of dilemma. (see for example
Diebold and Rudebusch 1989 and Sowell 1992).

The long memory property is also present in price series over a long
span of time. The Wheat Price Index of Beveridge (1925) is an example
in that respect. The model also has an extremely important application

to the volatility of asset prices (e.g Ding, Granger and Engle 1993) and



in stock market returns (e.g. Lo 1991). These models apply the rescaled
range statistic to test for long memory in stock market returns. It is also
applicable to exchange rates (Cheung 1993). Finally,it can be used to model
the premium and to analyze the behavior of a set of interest rates. Shea

(1991) applies the GPH procedure in this context.

3 Additive Outliers and Inliers

Since Fox (1972) introduced the notions of additive and innovational out-
liers, issues related to these type of atypical observations in time series have
received considerable attention in the statistics and econometrics literature.
The outlier detection issue, itself, has received particular attention. Another
topic of interest in the research has been the estimation of ARM A models in
the presence of outliers. In this case, as mentioned by Chen and Liu (1993),
a common approach is to identify the location and the types of outliers and
then to accommodate the effects of outliers using intervention models as pro-
posed by Box and Tiao (1975). This approach requires iterations between
the stages of outlier detection and estimation of the model.

An outlier is a realization of the time series that is an aberration, that is,
not from the usual data generating process. In the literature (see Fox 1972,
Box and Tiao 1975) two kinds of outliers have been discussed. The first
class is the additive outlier, where the aberrant observation affects directly
the level of the time series. The second class is the innovative outlier, where
the aberrant observation affects the noise component of the time series. In
other words, the effects on the time series of these kinds of observations are
immediate or gradual, respectively.

In the context of integrated data (a process with an autoregressive unit
root), the effects of additive outliers have recently been the object of sus-
tained research. It is by now well recognized that outliers affect the prop-
erties of unit root tests (e.g., Franses and Haldrup 1994). They do so by

inducing a negative moving average component in the noise function, which
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causes most unit root tests to exhibit substantial size distortions towards re-
jecting the null hypothesis too often. By “ size distortions” we are referring
to the difference between the nominal and exact size of a particular test. As
is well known, the size of a test is defined as the probability of rejecting the
null hypothesis when it is true. Hence, the nominal size is the probability of
rejecting the null hypothesis implied by the pre-specified level of significance
upon which the critical values used to test hypothesis are based. In most
of cases, this level corresponds to 5.0%. The exact size of a test is the ac-
tual probability of rejecting the null hypothesis, which is usually measured
artificially generated data. Consider the following example. Suppose that
using artificial data and critical values at 5.0%, the percentage of times that
a statistic rejects the null hypothesis when it is true is found to be 12.0%.
This value corresponds to the exact size and the nominal size is 5.0%. Ev-
idently, this statistic displays size distortions because exact size is higher
than the nominal size. In this case, we say that this statistic is too liberal.
If the exact size is less than the nominal size, we say that the statistic is too
conservative.

The introduction of a strong negative moving average components im-
plies frequent rejectio of the null hypothesis of a unit root. This is because
although the time series has a unit root, the presence of negative moving
average errors allows it to behave in a manner similar to a stationary time
series. The unit root coefficient is biased to zero and the t-statistic will reject
the null hypothesis of a unit root. Normally, the solution for this problem
is to use a longer lag in the application of the ADF' statistic. However this
is not always possible because it depends of the size of the additive outliers.
Higher additive outliers imply moving average components closer to the unit
circle (in this case, closer to -1) and then the process is not invertible and
using a very large lag is not useful. The suggestion of Franses and Haldrup
(1994) was to apply Dickey-Fuller (1979) unit root test by incorporating

dummy variables in the autoregression chosen on the basis of the outlier
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detection procedure proposed by Chen and Liu (1993).

In an interesting recent paper, Vogelsang (1999) makes two contributions
to the issue of the effects of additive outliers on unit root tests. First,
recognizing that outliers induce a negative moving average component, he
suggests using unit root tests developed by Stock (1990) and Perron and
Ng (1996) that are robust, in terms of achieving exact size close to nominal
size in small samples, even in the presence of a substantial negative moving
average component. He shows, via simulations, that these unit root tests
are little affected by systematic outliers. Second, he recognized that one
can take advantage of the null hypothesis of a unit root in devising an
outlier detection procedure. This allows the derivation of a non-degenerate
distribution for the ¢-statistic on the relevant one-time dummy variable.

In similar context and related to the paper of Vogelsang (1999), Per-
ron and Rodriguez (2000) have contributed to the outlier detection issue
suggesting two modifications to the original method proposed by Vogelsang
(1999). In the first method, they suggest using modified asymptotic critical
values in the iterative outlier detection procedure, which lead to better size
properties for the test procedure. In the second contribution, they suggest
using the first differences of the data. This last alternative has been shown
to result in better size and power properties for the test to detect for additive
outliers.

The detection procedure, suggested by Vogelsang (1999), starts with the
following regression estimated by OLS (if necessary, a time trend can also
be included),

ys = B+ 8D(Tio)s + T (12)

where D(Tyo); = 1 if ¢t = T,, and 0 otherwise. Let t3(7,,) denote the
t-statistic for testing § = 0 in (12). Following Chen and Liu (1993), the

presence of an additive outlier can be tested using
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T =sup | tg(Tao) | .

ao

Assuming that A = T,,/T remains fixed as T grows, Vogelsang (1999)
showed that as T — o0,
w*A)

5(Te0) = HO) = s Gypary 72

(13)

where W*()\) denotes a demeaned standard Wiener process (i.e. W*(\) =
W) — fol W (s)ds). If (12) also includes a time trend, W*(X) will denote
a detrended Wiener process. Furthermore, from the continuous mapping

theorem it follows that,

T= sup |[H(\)|=H" (14)
A€(0,1)

The distribution given in (14) is non-standard but is invariant with re-
spect to any nuisance parameters, including the correlation structure of the
noise function. The asymptotic critical values for 7 were obtained using
simulations (see Vogelsang 1999, Perron and Rodriguez 2000).

The outlier detection procedure recommended by Vogelsang (1999) is im-
plemented as follows.! First, compute the 7 statistic for the entire series and
compare T to the appropriate critical value. If 7 exceeds the critical value,
then an outlier is detected at date fao = arg maxr,, |t3(Tu0)|- The outlier
and the corresponding row of the regression is dropped and (12) is again es-
timated and tested for the presence of another outlier. This continues until
the test shows a non-rejection.

Notice, however, that this paper does not apply procedures to detect for
additive outliers. We are interested in a earlier step, that is, in understanding

the effects of the additive outliers on some specific parameters.

17t is equivalent to the stepwise procedure to select for multiple outliers. See Hawkins
(1980).
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S

Fractional integrated processes can be considered to be a bridge between
stationary and non-stationary cases. This framework offers a wider spectrum
of possibilities regarding the possible behavior of a time series. There are
many time series for which the application of traditional unit root tests does
not allow us to arrive a clear conclusion about the properties of these time
series. When a statistic where null hypothesis is stationarity is applied,
contradictory conclusions can be found. The reason can be the fact that the
time series effectively follows a fractionally integrated process and hence,
cannot be modeled as either I(0) or I(1). Because fractional integration
(I(d)) is a bridge between I(0) and I(1) processes, the presence of additive
outliers can affect the behavior of the estimates in this framework as a
consequence of the introduction of moving average components. In this
context, we would like to know the effects of the presence of additive outliers
on the estimation of the fractional parameter. With respect to unit root
tests, for example, we know that the estimated autoregressive coefficient is
biased towards zero when there are additive outliers and hence strong size
distortions of these tests are found. With respect to fractional integration
similar effects are likely but more detailed evidence about the behavior of the
estimates is reasured because we have many possible values of the fractional
parameter between zero (stationary case) and unity (non-stationary case).
Also, it is know that for fractional parameters less than 0.5, the processes
are stationary and for other cases (more than 0.5 but less than unity) the
processes are non-stationary. Then, another question is to answer in which
case the presence of additive outliers introduces more distortions in the
estimates of the fractional parameter.

Our intuition here is simply a generalization of what does happen in
the unit root case. When the fractional parameter is closer to unity (non-
stationary case), we can expect more distortions. Conversely, when the
fractional parameter is closer to zero (stationary case), fewer distortions are

likely to prevail. Similar behavior is possible when the fractional parameter
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is greater than —0.5 but less than zero.

The presence of inliers is another factor that can affect estimation of the
fractional parameter. Inliers can also be considered as aberrant or atypical
observations (like additive outliers) but generated from the data generating
process (unlike additive outliers). The issue of inliers was treated by Cati
et al. (1999) in the context of unit root tests with an empirical application
to the Brazilian inflation. Cati et al. (1999) consider inliers as equivalent
to the observations associated with the application of government shocks
in order to stop the high inflation process, as was the case in the Brazil-
ian economy. Essentially government shocks can be seen as creating inliers
whose magnitude is related to the current level of the series. As is the case
with unit root tests, we suppose that the presence of these inliers will conta-
minate the estimates of the fractional parameter by reducing its magnitude
and then showing a tendency towards the stationary case. This argument is
essentially the flip-side of the argument of Perron (1989), who argued that
permanent changes in the trend function of a series with a stationary noise
biases standard unit root tests towards accepting the unit root hypothe-
sis and concluding that shocks have persistent effects. Here, in the case of
inliers, temporary, but large, changes bias these measures in the opposite
direction.

The idea behind the relationship between inliers and the unit root hy-
pothesis is the fact that estimates of the autoregressive parameter will be
biased towards zero and then size distortions will be found when we use
standard unit root tests. A similar hypothesis can be suggested for the
case where the fractional parameter is estimated but more details about the
behavior of this parameter (stationary or non-stationary case) are needed.

Additive outliers and inliers are frequently observed in time series data.
To mention only some examples, there is the time series of inflation in Brazil
analyzed by Cati et al. (1999). Inflation in other Latin American countries

(such as Argentina, Bolivia, Chile and Peru) are other examples analyzed by
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Rodriguez (2000). Vogelsang (1999) and Franses and Haldrup (1994) used
as examples the evolution of the real exchange rate between Finland and

U.S. to show that presence of additive outliers is relevant.

4 The Monte Carlo Design

A theoretical treatment of this topic is not our goal in this paper. Instead,
a standard procedure for dealing with this type of topic is to analyze the
results obtained from a simulated experiment. In other words, this means
the use of a Monte Carlo experiment. A Monte Carlo experiment consists
of generating repeated samples of artificial data (according to some charac-
teristic or properties) for some sample size, and then analyzing thebehavior
of the relevant statistics. In our case, for example, we are interested in an-
alyzing the behavior of the estimates of the fractional parameter. One way
to do this is to calculate some characteristics of this estimate such as the
Mean Square d Error (M SE) and the bias. When the size and power of one
statistic is the principal focus, we calculate the number of rejections of the
null hypothesis found in all the replications used.

Three data generating process will be considered in the following simu-
lation experiments. We think that these three data generating process are
sufficient general to show the principal effects of aberrant observations on
the estimates or statistics. The first two data generating processes corre-
spond to the case where additive outliers are considered. The third data
generating process considers the case where inliers are present.

The first data generating process is same as that considered in Vogelsang
(1999) and Perron and Rodriguez (2000). It involves the case where additive

outliers are fixed. It can be defined according to:

m
Y= M+ Z 612D(Tao,z')t + U (15)

i=1

1-LYw = v (16)
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where v; ~ d.4.d. N(0,1), d is the fractional parameter, D(Tpo;): = 1 if
t = Ty and O otherwise and §; is the size of the additive outlier. Four
sizes of additive outliers are considered (that is, m = 4 in expression (15)),
and two different assumptions about their values are considered. In the first
case, §; = 0 (for i = 1,2,3,4). This case will illustrate the situation where
we have no outliers, and thus no size distortions and no bias in the estimates
will be observed. In the second case, §; = 10,09 = 5,83 = 2,04 = 2. This
case will illustrate the effects when there are additive outliers of “large”
size. The second specification is close to that used by Perron and Rodriguez
(2000). Our goal is to see as clearly as possible the effects of large additive
outliers in comparison to a situation where there are no additive outliers.
The variable n; represents the deterministic components. In the experiment,
we consider only the case where a constant is included in the regressions;
that is, ny = p. In the simulations of the expression (15), without loss of
generality, we consider the case where p = 0.

The second data generating process was used in Vogelsang (1999) and
Franses and Haldrup (1994) where systematic additive outliers are consid-

ered. This process can be expressed by

Yy = Mg+ 6:D(Too)t + us (17)
(1-L)%w = v (18)

where D(Tgo,:): = 1ift = T,,; and 0 otherwise and 6; is generated according
to 4.i.d. Bernoulli random variables with Prob(§; = 1) = 0.5p, Prob(é; =
—1) = 0.5p and Prob(6; = 0) = 1 — p, with p € [0,1]. P denotes the
probability of an outlier occurring at any given time. As p approaches unity,
the greater the chance an outlier is realized at a given time. We have chosen
values for p € [0.3,0.9] with step = 0.1, which gives us a total of seven values
for p. We think that this set of values for p will provide considerable detail
about the effects of this parameter on the behavior of our estimates or size

of tests. Finally, similar conditions are specified for v; and n; as in the first
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data generating process.

The third data generating process considers the case where there are
shock plans (or inliers) that are short-lived but important in magnitude. In
this case, we follow a data generating process similar to that used by Cati et
al. (1999), modified to the context of fractional integrated processes. Then,
we consider a fractional integrated process interrupted by occasional inliers

or shock plans:

Yyt = ptu, for t¢{ti;} (19)

(1 - L)d’U,t = Ut (20)

Yy = a, _fOT te {ti,j} (21)

where j =1, 2, ..., 5,1 =1, 2, ..., n;. Here, t;; refers to the time index

of the ith observation of plan §. There are s shock plans and each contains
n; observations. The series is a fractional integrated process with a drift u
except when the plan is in effect, in which case the level of the series drops
to a value a. As for other two data generating processes, v; ~ i.i.d. N(0,1).
For this data generating process, u € [—0.8,0.8] with a step of 0.4. The
parameter ¢ = 0.4. This parameter can be interpreted as the threshold level
to which the time series is driven when an additive inlier occurs,or, according
to the example of Cati et al. (1999), the level to which the time series of
inflation is driven after the application of a government shock. Finally, the
integration parameter d € [—0.96,0.96] with a step = 0.24. We do not
include d = 1 because this case corresponds to the case of a unit root and
has been previously analyzed by Franses and Haldrup (1994) and Vogelsang
(1999). The case where d = —1 is also not included because it corresponds
to the case of an overdifferenced time series.

For all data generating processes, the sample sizes considered are T =
50, 100,
200, and 500. We think that these sample sizes are fairly common as in

empirical work. For example sample sizes like T = 50 or T' = 100 are

18



frequently found in macroeconomic research. The other sample sizes are
frequently found in finance research. The number of replications considered
for each set of parameters is 1000 and a seed = 12345 was used. The num-
ber of simulations used is similar to those used in the literature. However,
another reason for choosing this number was the number of data generating
processes and values of the different parameters considered in the design.
All simulations were performed in Gauss and our programs were based on
programs constructed by Pedro de Lima.?

In the following section we will discuss the results about the effects of
aberrant observations using three indicators. We are interested in analyzing
the bias and the MSE of the estimate of the fractional parameter. The
bias is defined as the difference between the true parameter value and the
expected value of the estimate. In a formal expression: bias = E[&\ —d),
where FE denotes the expectation operator. The MSFE is calculated as:
MSE (&\) = bias? — var(@z, where var denotes variance. Finally, we like to
know the effects on the calculated size of the t-statistic of the null hypotheses
that d = 0 and d = 1, respectively. To calculate this statistic we use standard
formulae. Notice that when the true fractional parameter is different from
zero (for example), that is d = 0, and we calculate the t-statistic for the null
hypothesis that d = 0 (i.e. tg—p), we are analyzing the power of the test.
Hence, overall we will use the term size but notice that it includes in some
cases the notion of power. In all cases, we are analyzing two-tailed tests.

Finally we need to mention several points before presenting the descrip-
tion of the results. In following analysis, frequently we mention that the test
has the “correct” size. By that we mean that the exact size is very close or
equal to the nominal size of 5%. Also, we have concentrated our analysis on
the method proposed by GPH (1983). This is because is the most widely

used method of estimating the fractional parameter. It is the morst intuitive

2The Gauss Program of Pedro De Lima appears in the Webpage of the Department of
Economics of John Hopkins University, USA.
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method because it is based on an OLS regression. Of course there are many
other methods proposed in the literature and a possible comparison between
them with respect to the effects of aberrant observations can be considered

a project for further research.

4.1 Description of the Results

Firstly, we consider results for the case where outliers are generated in a
simple additive manner; that is, the first data generating process in the
last section. Tables 1a-1d present the results for the case where there are no
additive outliers. In terms of the bias and the M SFE, there are no significant
variations for all of the fractional parameter values considered. We only
observe that the M SFE is different for the two extreme values of d. In fact
when d is close to unity the MSFE is smaller. This is because the bias and
the variance are smaller, probably as a consequence of a better estimation
of the fractional parameter in opposition to the case where d is close to -1.

When the true parameter d = 0, the exact size is closer to the nominal
size when sample size increases, which is the result expected. When the true
fractional coefficient is closer to -1, we strongly reject the null hypothesis
that the fractional coefficient is equal to zero. On the other hand, as we
can expect, when the true fractional coefficient is close to unity, it is very
difficult to reject the null hypothesis that the coefficient is different from
one. This is also true for very large sample sizes such as T = 500. It is
consistent with results found for the case of unit root tests, which have no
power even for higher sample sizes.

Tables 2a-2d present the results for the case when there are some large
and small additive outliers. For the samples sizes of T' = 50,100 and 200,
the exact size for the null hypothesis that d = 0 is closest to zero when the
true fractional parameter is closer to -1. The reverse is true when the true
fractional parameter is closer to unity. The opposite arises for the exact

size of the null hypothesis that the fractional parameter is equal to unity.
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However, we observe that there is almost no size distortion when we use
T = 500, a sample size, unfortunately, that is not frequently available in
macroeconomic applications.

The results with respect to the bias and the MSFE are also related to
the behavior of the true fractional parameter. In fact, when this parameter
is closer to -1, bias and MSE increase. The reverse is true when we have
d > 0 but less than unity. For this sample size, the bias is important when
d < 0. Although bias and MSE are smaller for T = 500, the exact size
of the t-statistic of the null hypothesis that d = 1 is higher compared to
other sample sizes. Given that in this case d is close to unity, this behavior
is similar to the power problems observed for most of unit root tests in the
literature.

Tables 3a-3c present the results when the additive outliers have been
generated according to a Bernoulli distribution; that is, following the second
data generating process presented in the last section. When the fractional
parameter is very close to -1 (for example -0.96), the MSE is higher for
intermediate values of the probability parameter p. Also, the bias of the
estimator is higher when the probability parameter is smaller. With respect
to the size of the t-statistic for the null hypothesis that d = 0, the exact
size is more distorted when the probability parameter is closer to unity and
the fractional parameter is closer to —1. When the fractional parameter
is closer to zero, we observe smaller size distortions. When the fractional
parameter is closer to unity, the exact size of the t-statistic for d = 0 is more
distorted when the probability parameter is closer to unity. For a particular
value of the probability parameter, size distortions are higher for cases where
d < 0. For d = 0 or d > 0, the bias is negative which means that there is
an underestimation of the true value of d. The bias and the M SFE are very
stable for all values of d and both quantities are smaller when d < 0.

When sample size increases to T' = 100 we can observe that the bias and

the MSE increase when d goes to —1, specially when p is smaller. At the
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same time, the exact size of the t-statistic for d = 0 is smaller when d goes
to -1. For d > 0, the bias and the M SFE are smaller than in the case where
T = 50. Until d = 0.72, the size distortion (non- rejection) of the t-statistic
for d =1 is higher. For d = 0.96, the exact size of the t-statistic for d = 0 is
correct bu this is not the case for the t-statistic for d = 1, which is distorted
towards non- rejection.

When T = 200 and d < 0, the rejection of the null hypothesis that d = 1
appears to be correct. The bias and the M SE decrease faster when we pass
from d = —0.72 to d = —0.48. For d > 0, the exact size of the t-statistic for
d = 1 appears to be correct and we observe a problem with the size of the
t-statistic for d = 0. This problem is less severe when d = 0.48, for example.
But from d = 0.72, the problem is that it is very difficult to reject the null
hypothesis that d = 1. For d = 0.96, we observe a high rate of rejection
of the null hypothesis that d = 0, and it is very difficult to reject the null
hypothesis that d = 1.

Four conclusions can be derived from this set of tables. First, the bias
and the M SFE are not severely affected when the probability parameter in-
creases if sample size increases at the same time. Second, the exact size
of the null hypothesis that d = 1 is not severely affected when the proba-
bility parameter increases or decreases. The difficulty in rejecting this null
hypothesis is related to the simple fact that the fractional parameter is too
close to the unit circle. But the situation is different situation for the t-
statistic that d = 0, especially when d < 0. Third, size distortions do not
decrease monotonically when sample size increases. Fourth, the effect of the
parameter p depends on or is related to how close the fractional parameter
is to the unit circle.

Results for the case where there exist additive inliers are presented in
tables 4a-4c. Consider, for example, the case where T' = 100 and d = —0.96.
For this case, we observe that the bias and the M SE are important but their

magnitude does not change for different values of 1 or a. That is, there is
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no particular effect of the dimension of the drift parameter or the threshold
parameter on the behavior of the bias and the M SFE for a particular size of
the fractional parameter and a particular sample size. In this case, the size
distortions are also not very strongly affected, especially for the case of the
t-statistic for the null hypothesis that d = 1.

Yet, we observe that the bias and the M SFE decrease when the fractional
parameter is closer to zero. When d = 0, again, we do not observe particular
effects on the bias and the M SE when the values of i or a are changing.
The same conclusion is obtained for the size distortions. When the fractional
parameter d > 0, the bias and the M SE are higher. In particular, the bias
is more negative in value, which means that the true fractional parameter
is underestimated. In this case, we observe some changes in the behavior of
the bias and the M SE when the drift parameter goes to unity or to minus
unity. In these cases, the bias and the M SFE are higher. The problem is not
observed when a = 0 or a = 4, which means that the threshold parameter
has no important effects on the estimation of the fractional parameter.

Similar behavior is observed in the size distortions of the t-statistics. In
effect, there are greater distortions when the drift parameter goes to unity or
to minus unity. The size distortion for the t-statistic of the null hypothesis
that d = 1 is more evident when the drift parameter is zero and when
a = 0 or a = 4. When the fractional parameter is closer to unity, there is
no possibility of rejecting the null hypothesis that d = 0, especially when
the drift parameter goes to unity or to minus unity. A similar problem in
rejecting the null hypothesis that d = 1 is observed, especially when the
drift parameter is equal to zero and a =0 or a = 4.

A different result in observed when the drift parameter is different from
zero. In fact, when the drift parameter goes to unity or to minus unity,
the exact size of the t-statistic of the null hypothesis that d = 1 is correct,
including the case when the fractional parameter is closer to unity.

Now, consider the results for the case where T'= 200. The bias and the
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MSFE decrease when the fractional parameter is closer to zero which is due
to the increase in the sample size (in comparison with the results that we
observed for T' = 50 or T' = 100). The bias and the M SE do not suffer from
severe changes when the drift parameter or the parameter a are higher. We
can observe some small problems in rejecting the null hypothesis that d = 0.
When d = 0, there are no real problems with the bias and the M SFE of the
fractional parameter. There is also no major problem with the exact size of
the t-statistics.

When d < 0, the bias and the M SE seem to behave in a stable fashion
but the bias is more in negative value for all values of y and a. When d > 0,
the exact size of the t-statistic for d = 0 is close to unity when the true
fractional parameter is closer to unity. On the other hand, the exact size

of the t-statistic for d = 1 decreases when the true fractional parameter is

closer to unity. We observe many difficulties when the true drift parameter
is zero.

The M SE increases when the fractional parameter is closer to unity and
for this case, we observe a strong rejection of the null hypothesis that d =0
but not a clear reject of the null hypothesis that d = 1.

Finally, some issues that pertain to all sample sizes need to be mentioned
here. First, when we compare Table 2 with Table 1, it is possible to observe
the clear effects of additive outliers against a case where there do not exist
any aberrant observations. The evidence with respect to higher bias and
MGSE is clear. Also, we can observe that there are size distortions for the
t-statistic of the null hypothesis that d = 0. Similar conclusions can be
extracted from a comparison of Tables 3 or 4 with Table 1.

Second, when the two kinds of additive outliers are compared (Tables 2
and 3), the exact size of the null hypothesis of d = 0 or d = 1 is very similar
for the two cases. However, we observe some differences in the values of the
bias and the M SE. In fact, results obtained for the second data generating
process show that the magnitude of bias and the M SE are smaller compared
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to the results from the first data generating process.

Third, when we compare the results from the third data generating
process against the first data generating process (Tables 4 and 1), con-
clusions similar to those mentioned above can be drawn. We can also add
the fact that for additive inlier we can observe that the size distortions are

marginally higher in comparison to those found in the Table 2.

5 Conclusions

The primary motivation of this paper is to analyze the effects of additive
outliers and inliers on the behavior of the estimated value of the fractional
parameter. With this end in view, an extensive set of simulations employing
two different methods of generating additive outliers were considered. Our
principal criteria for analyzing the behavior of the estimated parameter are
the bias, the MSE and the exact size of the t-statistic of the estimated
fractional parameter.

When there are additive outliers generated according to the first data
generating process, the exact size of the t-statistic of the null hypothesis that
d = 0 goes to zero, especially when the true fractional parameter is negative.
The reverse situation occurs for the t-statistic of the null hypothesis that
d = 1 when the true fractional parameter is positive. In respect of the bias
and the M SE, they are more affected for the size of the fractional parameter.

When the additive outliers are generated according to a Bernoulli dis-
tribution, the t-statistic for the null hypothesis that d = 0 is distorted when
p is higher, particularly when d < 0. Clearly, the bias and the M SE are
affected in an inverse manner, because they increase when p decreases.

Finally, when there exist additive inliers, the bias and the MSE are
higher when the drift parameter goes to unity or to —1, specially when d > 0.
On the one hand, we cannot observe particular effects on the exact size of
the t-statistics caused by the behavior of the parameter a, which means

that the threshold parameter has no important effects on the estimation of
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the fractional parameter. Following the example of inflation analyzed by
Cati et al. (1999), we can say that the level to which inflation falls after
the application of a government program (an inlier) has no bearing on the
estimation of the fractional parameter or the persistence of the inflation
process. Size distortions for the t-statistic of the null hypothesis that d =0
are observed and they are higher when the drift parameter is close to the
unit circle. On the other hand, the exact size of the t-statistic of the null
hypothesis that d = 1 is more affected when p = 0.

Comparison between a situation in which there exist additive outliers
(discrete or systematic) or inliers to a situation in which these kinds of
observations don not exist, showed that they have particular and important
effects on the estimation of the fractional parameter and on the estimation
of the t-statistic for verifying the null hypothesis that d = 0 or d = 1.
Overall, we observe clear size distortions and the bias and the MSE are
higher or clearly different with respect to the situation where these kinds of
observations do not exist.

There are small differences between the kinds of distortions observed
when we compare the two kinds of additive outliers or also when we compare
the results obtained from additive inliers against additive outliers.

Our results suggest that researchers should be careful when they thins
that a time series is affected by additive outliers or inliers. Inference about
the fractional parameter or hypothesis tests based on the traditional t-
statistic will give misleading conclusions if these kinds of observations are
not taken into account. Hence, a first step in applied research should be
to apply some methods of detecting additive outliers. We know that this
step is not present in this paper. But, our goal was to verify whether or not
these kinds of aberrant observations posed problems in this particular kind
of model. Given that the results show that there are important effects, the
next step in future research will be to propose a method of detecting addi-

tive outliers in this context. Approaches proposed by Vogelsang (1999) and
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Perron and Rodriguez (2000) will be considered. Finally, we plan to extend

our analysis to other methods of estimating the fractional parameter.
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Table 1a. Bias, MSE of parameter d and size of t-statistic, T' = 50
51 =0;52 =0;53=0;54=0

Parameter Bias MSE Size of t-statistic  Size of t-statistic

d Hy:d=0 Hy:d=1
-0.96 0.18 0.20 0.61 0.96
-0.72 0.09 017 0.46 0.95
-0.48 0.05 0.16 0.30 0.92
-0.24 0.03 0.16 0.16 0.85
0.00 0.02 0.16 0.10 0.75
0.24 0.02 0.16 0.20 0.56
0.48 0.03 0.16 0.38 0.35
0.72 0.05 0.15 0.60 0.17
0.96 0.02 0.13 0.82 0.11

Tablelb Bias, MSE of parameter d and size of t-statistic, 7" = 100,
61=0;60=0;03 =0;64=0

Parameter Bias MSE Size of t-statistic  Size of t-statistic

d Hy:d=0 Hy:d=1
-0.96 021 014 0.74 1.00
-0.72 0.09 0.10 0.62 1.00
-0.48 0.02 0.09 0.40 0.99
-0.24 0.01 0.09 0.20 0.97
0.00 0.01 0.09 0.08 0.90
0.24 0.01 0.09 0.19 0.73
0.48 0.02 0.09 0.46 0.46
0.72 0.03 0.09 0.76 0.20
0.96 0.02 0.07 0.92 0.09
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Table 1c. Bias, MSE of parameter d and size of t-statistic, T' = 200
51 =0;52 =0;53 =0;54 =0

Parameter Bias MSE Size of t-statistic Size of t-statistic

d H() :d=0 Ho :d=1
-0.96 020 013 0.86 1.00
-0.72 0.07 0.06 0.80 1.00
-0.48 0.02 0.05 0.56 1.00
-0.24 0.00 0.05 0.22 1.00
0.00 0.00 0.05 0.06 0.98
0.24 0.00 0.05 0.27 0.90
0.48 0.01 0.05 0.62 0.64
0.72 0.03 0.06 0.89 0.24
0.96 0.01 0.05 0.97 0.07

Table 1d. Bias, MSE of parameter d and size of t-statistic, T' = 500
51 20;52 =0;53 =0;54=0

Parameter Bias MSE Size of t-statistic = Size of t-statistic

d Hy:d=0 Hy:d=1
-0.96 0.24 012 1.00 1.00
-0.72 0.09 0.04 1.00 1.00
-0.48 0.03 0.03 1.00 1.00
-0.24 0.01 0.03 1.00 1.00
0.00 0.01 0.03 0.05 1.00
0.24 0.01 0.03 1.00 1.00
0.48 0.02 0.03 1.00 1.00
0.72 0.04 0.03 1.00 1.00
0.96 0.01 0.03 1.00 0.09
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Table2a. Bias, MSE of parameter d and size of t-statistic, T' = 50
(51 = 10;(52 = 5;53 = 2;54 =2

Parameter Bias MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
-0.96 0.86 0.76 0.03 0.95
-0.72 0.61 041 0.04 0.95
-0.48 037 0.18 0.04 0.93
-0.24 0.13 0.08 0.06 0.92
0.00 -0.09 0.11 0.07 0.86
0.24 -0.23 0.18 0.08 0.77
0.48 -0.27 0.19 0.13 0.58
0.72 -0.24 0.19 0.35 0.34
0.96 -0.19 0.16 0.63 0.15

Table2b. Bias, MSE of parameter d and size of t-statistic, T' = 100
61 =10;69 =5;83 = 2;04 =2

Parameter Bias MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
-0.96 0.82 0.68 0.05 0.99
-0.72 0.57 0.34 0.06 0.99
-0.48 032 013 0.07 0.98
-0.24 0.07 0.05 0.10 0.98
0.00 -0.11  0.08 0.09 0.96
0.24 -0.18 0.11 0.08 0.88
0.48 -0.17  0.11 0.26 0.68
0.72 -0.12 011 0.63 0.33
0.96 -0.08 0.08 0.87 0.12
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Table 2c. Bias, MSE of parameter d and size of t-statistic, T' = 200
(51 - 10;52 =5;53 -‘22;(54 =2

Parameter Bias MSE Size of t-statistic Size of t-statistic

d Ho 1d= 0 Ho :d=1
-0.96 093 0.88 0.01 1.00
-0.72 0.67 0.46 0.02 1.00
-0.48 040 0.18 0.03 0.99
-0.24 0.14 0.06 0.07 0.99
0.00 -0.01  0.05 0.07 0.98
0.24 -0.05 0.06 0.19 0.92
0.48 -0.03 0.06 0.56 0.69
0.72 0.00 0.06 0.87 0.28
0.96 0.00 0.05 0.97 0.07

Table2d. Bias, MSE of parameter d and size of t-statistic, T = 500
61 =10;69 = 5;03 = 2;64 =2

Parameter Bias MSE Size of t-statistic Size of t-statistic

d Ho 1d=0 H() td=1
-0.96 0.91 0.84 1.00 1.00
-0.72 0.65 0.43 1.00 1.00
-0.48 036 0.14 1.00 1.00
-0.24 0.09 0.03 0.96 1.00
0.00 -0.01 0.03 0.05 1.00
0.24 -0.01  0.03 0.98 1.00
0.48 0.01 0.03 1.00 1.00
0.72 0.03 0.03 1.00 1.00
0.96 0.01 0.03 1.00 0.63
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Table 3a. Bias, MSE of parameter d and size of t-statistic when there are
Additive Outliers generated according to a Bernoulli Distribution, T' = 50

Parameter p Bias MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
-0.96 0.3 0.57 045 0.26 0.94
04 0.60 048 0.23 0.93
0.5 0.60 0.49 0.25 0.95
0.6 0.58 0.46 0.24 0.95
0.7 0.57 0.44 0.26 0.95
0.8 0.52 040 0.30 0.95
0.9 042 031 0.40 0.98
-0.72 03 035 0.25 0.25 0.94
0.4 038 0.26 0.23 0.93
0.5 038 0.27 0.23 0.93
0.6 037 0.26 0.25 0.94
0.7 035 025 0.26 0.95
0.8 032 022 0.25 0.95
09 025 019 0.35 0.97

Table 3a.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are Additive Outliersgenerated according to a Bernoulli Distribution, T" = 50

Parameter p Bias MSE Size of t-statistic Size of t-statistic

d H() :d=0 Ho td=1
-0.48 03 0.18 0.16 0.21 0.94
0.4 020 0.15 0.19 0.93
0.5 0.20 0.16 0.20 0.92
06 019 0.18 0.19 0.92
0.7 016 0.16 0.21 0.93
0.8 016 0.14 0.22 0.94
09 011 0.14 0.26 0.95
-0.24 0.3 0.06 0.12 0.16 0.88
04 0.06 0.13 0.12 0.90
0.5 0.07 0.13 0.15 0.89
0.6 0.08 0.14 0.13 0.87
0.7 0.04 0.13 0.14 0.89
0.8 006 012 0.14 0.89
0.9 0.04 012 0.15 0.91
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Table 3a.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are Additive Outliersgenerated according to a Bernoulli Distribution, T' = 50

Parameter p Bias MSE Size of t-statistic = Size of t-statistic

d Hy:d=0 Hy:d=1
0.00 03 -0.01 0.13 0.09 0.81
04 -0.01 012 0.09 0.79
0.5 -0.01 0.13 0.09 0.80
06 -0.01 0.13 0.10 0.82
0.7 -0.02 0.13 0.11 0.80
0.8 -0.01 0.12 0.08 0.80
09 -0 0.12 0.10 0.82
0.24 03 -0.04 0.14 0.14 0.66
04 -0.03 0.12 0.14 0.62
0.5 -0.04 0.12 0.16 0.66
06 -0.02 0.13 0.15 0.64
0.7 -0.04 0.13 0.17 0.65
0.8 0 0.13 0.17 0.64
09 -0.02 0.12 0.17 0.62
@ Table 3a.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there

are Additive Outliersgenerated according to a Bernoulli Distribution, T = 50

Parameter p Bias MSE Size of t-statistic  Size of t-statistic

d Hy:d=0 Hy:d=1
0.48 0.3 -0.04 013 0.36 0.43
04 -0.02 012 0.37 0.42
0.5 -0.04 012 0.34 0.42
0.6 -002 013 0.36 0.42
0.7 -0.03 013 0.37 0.41
0.8 000 0.13 0.37 0.41
09 -001 0.12 0.39 0.39
0.72 03 -0.02 012 0.62 0.20
04 000 012 0.61 0.22
0.5 -0.02 013 0.62 0.21
06 000 013 0.62 0.21
0.7 -0.01 013 0.62 0.19
08 001 013 0.63 0.20
09 001 0.12 0.66 0.20




Table 3a.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are Additive Outliersgenerated according to a Bernoulli Distribution, T' = 50

Parameter p Bias MSE Size of t-statisitic Size of t-statistic

d Ho :d=0 Ho :d=1
0.96 0.3 -0.03 0.11 0.85 0.09
04 -0.01 0.0 0.84 0.10
0.5 -0.03 0.11 0.83 0.09
0.6 -0.00 0.11 0.84 0.10
0.7 -0.02 0.11 0.84 0.09
0.8 001 012 0.84 0.11
0.9 -0.02 0.11 0.86 0.10

Table 3b. Bias, MSE of parameter d and Size of t-statistic when there are
Additive Outliers generated according to a Bernoulli Distribution, T" = 100

Parameter p Blas MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
-0.96 0.3 070 0.56 0.20 0.99
0.4 0.72 0.58 0.21 0.99
0.5 0.72 0.60 0.19 0.99
0.6 0.70 0.56 0.18 0.98
0.7 0.71 0.57 0.20 0.99
0.8 0.66 0.51 0.26 0.99
0.9 0.56 0.39 0.38 1.00
-0.72 0.3 044 027 0.25 0.99
0.4 047 0.82 0.22 0.98
0.5 0.47 0.29 0.21 0.99
0.6 0.45 0.27 0.20 0.99
0.7 0.46 0.27 0.24 0.99
0.8 0.41 024 0.24 0.99
0.9 033 0.18 0.37 0.99
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Table 3b.(Cont’d.) Bias, MSE of parameter d and Size of t-statistic when
there are Additive Outliers generated according to a Bernoulli Distribution,

T =100
Parameter p Bias MSE Size of t-statistic Size of t-statistic
d Hy:d=0 Hy:d=1
-0.48 0.3 023 0.13 0.19 0.99
04 024 0.12 0.20 0.99
05 024 0.13 0.20 0.99
06 022 0.12 0.20 0.99
0.7 023 0.12 0.20 0.99
0.8 020 0.12 0.25 0.99
09 0.15 0.09 0.29 0.99
-0.24 0.3 0.08 0.08 0.15 0.98
04 008 0.08 0.12 0.98
0.5 008 0.07 0.12 0.99
06 006 0.07 0.13 0.98
0.7 0.08 0.07 0.13 0.98
0.8 0.07 0.08 0.13 0.98
09 0.04 0.07 0.16 0.99

Table 3b.(Cont’d.) Bias, MSE of parameter d and Size of t-statistic when
there are Additive Outliers generated according to a Bernoulli Distribution,
T =100

Parameter p Bias MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
0 03 0.01 o0.07 0.08 0.96
04 0.00 0.07 0.08 0.95
0.5 -0.00 0.07 0.07 0.95
06 -0.02 0.07 0.08 0.96
0.7 0.00 o0.07 0.09 0.95
0.8 0.01 0.07 0.09 0.94
0.9 0.00 0.07 0.08 0.94
0.24 0.3 -0.01 0.06 0.17 0.83
04 -003 0.07 0.20 0.85
0.5 -0.03 0.07 0.18 0.85
06 -0.05 o0.07 0.19 0.84
0.7 -0.01 0.07 0.19 0.85
0.8 -0.01 o0.07 0.21 0.83
09 -0.01 0.07 0.23 0.84
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Table 3b.(Cont’d.) Bias, MSE of parameter d and Size of t-statistic when
there are Additive Outliers generated according to a Bernoulli Distribution,

T =100
Parameter p Bias MSE Size of t-statistic Size of t-statistic
d Hy:d=0 Hy:d=1
0.48 0.3 -0.00 o0.07 0.54 0.55
0.4 -0.00 o0.07 0.52 0.58
0.5 -0.02 0.06 0.51 0.57
0.6 -0.04 0.07 0.52 0.57
0.7 -0.01 0.07 0.52 0.55
0.8 -0.01 0.07 0.53 0.55
09 0.00 0.07 0.52 0.53
0.72 0.3 0.01 0.06 0.80 0.24
04 0.01 0.07 0.79 0.22
0.5 0.01 0.06 0.81 0.25
0.6 -0.01 0.07 0.81 0.24
0.7 0.01 o0.07 0.82 0.24
0.8 0.01 0.07 0.81 0.22
09 0.01 0.07 0.83 0.21

O

Table 3b.(Cont’d.) Bias, MSE of parameter d and Size of t-statistic when
there are Additive Outliers generated according to a Bernoulli Distribution,
‘ T = 100

Parameter p Bias MSE Size of t-statistic Size of t-statistic

d Ho:d=20 Hy:d=1
0.96 0.3 -0.06 0.06 0.96 0.08
0.4 0.00 0.06 0.96 0.08
0.5 0.00 0.05 0.96 0.08
0.6 -0.01 0.06 0.95 0.08
0.7 -0.01 0.07 0.96 0.08
0.8 0.01 0.05 0.96 0.07
0.9 -0.01 0.06 0.96 0.08
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Table 3c. Bias, MSE of parameter d and size of t-statistic when there
are Additive Outliers generated according to a Bernoulli Distribution, T' = 200

Parameter p Bias MSE Size of t-statistic  Size of t-statistic

d Hy:d=0 Hy:d=1
-0.96 03 079 0.66 0.17 1.00
04 080 0.68 0.16 1.00
0.5 081 0.69 0.15 1.00
06 081 0.69 0.16 1.00
0.7 080 068 0.16 1.00
0.8 075 061 0.21 1.00
09 069 0.1 0.33 1.00
-0.72 03 052 031 0.22 1.00
0.4 053 032 0.21 1.00
0.5 054 0.33 0.17 1.00
06 053 031 0.19 1.00
0.7 052 027 0.20 1.00
0.8 048 0.21 0.28 1.00
09 041 0.21 0.37 1.00

Table 3c.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are Additive Qutliers generated according to a Bernoulli Distribution, T" = 200

Parameter p Bias MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
-0.48 03 021 011 0.23 1.00
04 028 0.12 0.20 1.00
0.5 029 0.12 0.20 1.00
0.6 028 0.12 0.20 1.00
0.7 027 011 0.22 1.00
0.8 024 0.09 0.27 1.00
09 019 0.07 0.37 1.00
-0.24 0.3 0.09 0.05 0.16 1.00
0.4 0.09 0.05 0.16 1.00
0.5 0.10 0.05 0.14 1.00
0.6 0.08 0.04 0.13 1.00
0.7 0.09 0.04 0.16 1.00
0.8 0.07 0.04 0.17 1.00
09 005 0.04 0.20 1.00
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Table 3c.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are Additive Outliers generated according to a Bernoulli Distribution, T' = 200

Parameter p Bias MSE Size of t-statistic Size of t-statistic

d Ho :d=0 Ho td=1
0 03 001 0.04 0.07 1.00
0.4 0 0.04 0.08 1.00
0.5 0 0.04 0.08 1.00
06 -0.02 0.04 0.06 1.00
0.7 0.00 0.04 0.05 1.00
0.8 0.00 0.04 0.07 0.99
09 000 0.04 0.07 1.00
0.24 0.3 -0.01 0.04 0.23 0.97
04 002 0.04 0.24 0.97
0.5 -0.02 0.04 0.23 0.96
0.6 -0.04 0.04 0.25 0.96
0.7 -0.02 0.04 0.24 0.96
0.8 -0.01 0.04 0.26 0.96
09 -0.01 0.04 0.26 0.96

Table 3c.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are Additive Outliers generated according to a Bernoulli Distribution, T = 200

Parameter p Bias MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
0.48 0.3 0.00 0.04 0.72 0.77
04 -0.01 0.04 0.71 0.77
0.5 0.00 0.04 0.71 0.79
0.6 -0.03 0.04 0.71 0.80
0.7 -0.01 0.04 0.71 0.79
0.8 0.02 0.04 0.71 0.78
0.9 0.00 0.04 0.72 0.77
0.72 0.3 0.03 0.04 0.95 0.33
0.4 0.01 0.02 0.93 0.31
0.5 0.02 0.04 0.94 0.34
0.6 0.00 0.04 0.95 0.31
0.7 0.02 004 0.95 0.31
0.8 0.02 0.04 0.95 0.30
0.9 0.02 0.04 0.95 0.32
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Table 3c.(Cont’d.} Bias, MSE of parameter d and size of t-statistic when there
are Additive Outliers generated according to a Bernoulli Distribution, T' = 200

Parameter p Bias MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
0.96 03 001 0.03 0.99 0.08
04 000 0.03 0.99 0.07
0.5 001 0.04 0.99 0.07
06 -0.01 0.03 0.99 0.06
0.7 0.00 0.03 0.99 0.06
0.8 0.00 0.03 0.99 0.06
09 0.01 0.03 0.99 0.06

Table 4a. Bias, MSE of parameter d and size of t-statistic when there are
inliers, T' = 50

Parameter px @ Bias MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
-0.96 -0.8 0 112 141 0.11 0.65
-08 4 114 146 0.11 0.65
-04 0 115 1.27 0.11 0.69
04 4 104 125 0.11 0.69
00 0 1.01 1.17 0.12 0.72
00 4 1.01 1.18 0.12 0.72
04 0 1.03 1.22 0.11 0.71
04 4 103 1.24 0.11 0.71
08 0 115 148 0.10 0.66
08 4 111 1.39 0.10 0.66
-0.72 -0.8 0 088 094 0.10 0.63
-0.8 4 091 0.98 0.10 0.63
-04 0 0.82 0.84 0.12 0.67
-04 4 082 0.8 0.12 0.67
0.0 0 079 0.77 0.11 0.70
00 4 079 0.79 0.11 0.70
04 0 0.81 0.82 0.10 0.69
04 4 081 0.82 0.10 0.69
08 0 092 1.00 0.09 0.65
08 4 087 092 0.09 0.65
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Table 4a.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are inliers, T' = 50

Size of t-statistic

Parameter p @ Bias MSE Size of t-statistic
d Hy:d=0 Hy:d=1
-0.48 -0.8 0 064 0.57 0.11 0.64
-0.8 4 067 0.59 0.11 0.64
-04 0 060 0.52 0.11 0.65
-04 4 060 0.51 0.11 0.65
00 0 057 048 0.11 0.66
00 4 058 0.50 0.11 0.66
04 0 059 051 0.10 0.68
04 4 059 051 0.09 0.66
08 0 068 0.60 0.09 0.66
08 4 063 0.54 0.11 0.65
-0.24 -08 0 040 031 0.11 0.64
-08 4 043 0.32 0.12 0.64
-04 0 039 030 0.12 0.64
-04 4 038 0.30 0.12 0.65
00 0 038 0.29 0.12 0.65
00 4 039 031 0.12 0.64
04 0 039 0.30 0.12 0.64
04 4 039 031 0.12 0.64
08 0 043 0.32 0.12 0.64
08 4 039 0.29 0.12 0.64
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Table 4a.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are inliers, T' = 50

Parameter 4 a Bias MSE Size of t-statistic Size of t-statistic
d Ho :d=0 Ho :d=1
0 08 0 019 0.18 0.15 0.63

08 4 021 0.18 0.15 0.63
-04 0 020 0.17 0.15 0.63
-04 4 019 0.19 0.15 0.63
00 0 0.20 0.19 0.15 0.63
00 4 021 0.18 0.15 0.63
04 0 020 0.18 0.15 0.63
04 4 020 0.18 0.15 0.63
08 0 021 019 0.15 0.63
08 4 018 0.17 0.15 0.63
0.24 -08 0 0.06 0.13 0.17 0.53
-0.8 4 0.08 0.12 0.17 0.53
-04 0 0.04 013 0.19 0.55
-04 4 0.03 015 0.19 0.55
00 0 0.04 015 0.21 0.57
00 4 005 0.14 0.21 0.57
04 0 005 0.14 0.20 0.58
04 4 0.05 013 0.20 0.58
08 0 006 0.14 0.18 0.54
08 4 006 0.12 0.18 0.54
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Table 4a.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are inliers, T' = 50

Parameter 4 a Bias MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
0.48 -0.8 0 -0.12 0.09 0.07 0.35
-08 4 -0.12 0.10 0.07 0.35
-04 0 -0.11 013 0.19 0.46
-04 4 -013 0.14 0.19 0.46
00 0 -0.08 0.16 0.30 0.46
00 4 -0.08 014 0.30 0.46
04 0 -012 014 0.21 0.44
04 4 -012 014 0.21 0.44
08 0 -0.12 0.10 0.06 0.32
08 4 -013 0.11 0.06 0.32
0.72 -08 0 -042 0.22 0.00 0.28
-08 4 -042 0.22 0.00 0.28
-04 0 -035 0.22 0.11 0.34
-04 4 -036 0.23 0.11 0.34
00 0 -021 0.8 0.38 0.32
00 4 -021 017 0.38 0.32
04 0 -035 0.22 0.10 0.31
04 4 -039 022 0.10 0.31
08 0 -0.42 0.22 0.00 0.6
08 4 -044 0.23 0.00 0.26

Table 4a.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are inliers, T = 50

Bias MSE Size of t-statistic Size of t-statistic

Parameter p

]

d Hy:d=10 Hy:d=1
0.96 -0.8 0 -0.72 0.83 0.00 0.32
-08° 4 -0.73 054 0.00 0.32
-04 0 -0.65 0.47 0.04 0.34
-04 4 -066 049 0.04 0.34
00 0 -0.39 0.28 0.38 0.25
00 4 -039 o0.27 0.38 0.25
04 0 -0.64 046 0.03 0.33
04 4 -0.65 047 0.03 0.33
08 0 -0.72 0.53 0.00 0.32
08 4 -0.73 0.85 0.00 0.32
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Table 4b. Bias, MSE of parameter d and size of t-statistic when there are
inliers, T'= 100

Parameter p o Bias MSE Size of t-statistic Size of t-statistic
d Hy:d=0 Hy:d=1
-0.96 -0.8 0 094 0.96 0.07 0.94
-0.8 4 094 0096 0.07 0.94
04 0 089 0.88 0.09 0.95
04 4 089 0.88 0.09 0.95
00 0 088 0.85 0.10 0.96
00 4 088 0.85 0.10 0.96
04 0 089 087 0.09 0.96
04 4 089 0.87 0.09 0.96
08 0 093 094 0.07 0.95
08 4 093 094 0.07 0.95
-0.72 -0.8 0 0.69 0.55 0.07 0.95
-08 4 0.69 0.55 0.07 0.95
-04 0 065 049 0.09 0.95
-04 4 065 049 0.09 0.95
00 0 064 048 0.10 0.95
00 4 064 048 0.10 0.95
04 0 065 049 0.10 0.95
04 4 065 049 0.10 0.95
08 0 068 0.54 0.08 0.95
08 4 068 0.54 0.08 0.95
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Table 4b.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are inliers, T = 100

Bias MSE Size of t-statistic  Size of t-statistic

=3

Parameter p

d H() :d=0 Ho :d=1
-0.48 -08 0 044 026 0.07 0.95
-08 4 044 0.26 0.07 0.95
-04 0 042 0.24 0.08 0.96
-04 4 042 024 0.08 0.96
00 0 041 024 0.10 0.96
00 4 041 024 0.10 0.96
04 0 042 0.25 0.09 0.95
04 4 042 0.25 0.09 0.95
08 0 044 0.26 0.08 0.96
08 4 044 0.26 0.08 0.96
-0.24 -08 0 022 011 0.06 0.94
-0.8 4 022 011 0.06 0.94
-04 0 021 011 0.07 0.95
-04 4 021 011 0.07 0.95
00 0 022 o011 0.07 0.96
00 4 022 o011 0.07 0.96
04 0 022 011 0.07 0.94
04 4 022 011 0.07 0.94
08 0 022 012 0.08 0.94
0.8 4 022 012 0.08 0.94
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Table 4b.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are inliers, 7' = 100

Parameter u a Bias MSE Size of t-statistic Size of t-statistic
d Hy:d=0 Hy:d=1
0 -0.8 0 0.06 0.06 0.07 0.93

-08 4 006 0.06 0.07 0.93
-04 0 0.06 0.06 0.07 0.93
-04 4 006 0.06 0.07 0.93
00 0 0.06 0.06 0.07 0.93
00 4 0.06 0.06 0.07 0.93
04 0 0.06 0.06 0.07 0,93
04 4 0.06 0.06 0.07 0.93
08 0 0.06 0.06 0.07 0.93
08 4 0.06 0.06 0.07 0.93
0.24 -0.8 0 -0.09 0.09 0.13 0.87
-08 4 -0.09 0.09 0.13 0.87
-04 0 -0.06 0.08 0.16 0.83
-04 4 -0.06 0.08 0.16 0.83
00 0 -0.04 0.07 0.16 0.85
00 4 -0.04 0.07 0.16 0.85
04 0 -0.06 0.07 0.16 0.88
04 4 -0.06 007 0.16 0.88
08 0 -0.10 0.09 0.11 0.88
08 4 -0.10 0.09 0.11 0.88
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Table 4b.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are inliers,7" = 100

Parameter yu a Bias MSE Size of t-statistic  Size of t-statistic

d Hy:d=0 Hy:d=1
0.48 -0.8 0 -0.35 0.16 0.04 0.95
-0.8 4 -035 0.16 0.04 0.95
-04 0 -0.25 0.12 0.17 0.83
-04 4 -025 012 0.17 0.83
00 0 -010 0.08 0.36 0.68
00 4 -0.10 0.08 0.36 0.68
04 0 -0.26 0.14 0.17 0.83
04 4 -0.26 0.14 0.17 0.83
08 0 -036 0.17 0.04 0.95
08 4 -036 017 0.04 0.95
0.72 -0.8 0 -0.54 0.30 0.00 1.00
-0.8 4 -0.54 030 0.00 1.00
-04 0 -0.51 0.29 0.09 0.93
-04 4 -051 0.29 0.09 0.93
00 0 -0.23 0.12 0.52 0.51
00 4 -0.23 012 0.52 0.51
C 04 0 -0.51 0.30 0.07 0.93
/ 04 4 -0.51 030 0.07 0.93
08 0 -0.54 0.30 0.01 1.00
08 4 -054 030 0.01 1.00

Table 4b.{Cont’d.) Bias, MSE of parameter d and size of t-statistic when there
are inliers, T' = 100

Bias MSE Size of t-statistic  Size of t-statistic

=3

Parameter

d Ho :d=0 Ho :d=1
0.96 -0.8 0 -0.72 0.53 0.00 1.00
-0.8 4 -0.72 0.53 0.00 1.00
-04 0 -0.72 0.53 0.03 0.99
-04 4 -0.72 0.53 0.03 0.99
00 0 -046 0.28 0.51 0.52
00 4 -046 0.28 0.51 0.52
04 0 -0.72 0.54 0.03 0.99
04 4 -0.72 0.54 0.03 0.99
08 0 -0.72 0.53 0.00 1.00
08 4 -0.72 0.53 0.00 1.00
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Table 4c. Bias, MSE of parameter d and size of t-statistic when there are

inliers, T = 200
Parameter u a Bias MSE Size of t-statistic Size of t-statistic
d Hy:d=0 Hy:d=1
-0.96 -0.8 0 0.87 0.82 0.12 1.00
-0.8 4 0.87 0.82 0.12 1.00
-04 0 08 0.75 0.15 1.00
-04 4 083 075 0.15 1.00
00 0 081 071 0.18 1.00
00 4 08 0mMm 0.18 1.00
04 0 082 0.73 0.17 1.00
04 4 082 073 0.17 1.00
08 0 086 0.79 0.14 1.00
08 4 086 0.79 0.14 1.00
-0.72 -0.8 0 0.61 042 0.12 1.00
-0.8 4 061 042 0.12 1.00
-04 0 057 037 0.18 1.00
-04 4 057 037 0.18 1.00
00 0 054 035 0.23 1.00
00 4 054 035 0.23 1.00
04 0 056 0.36 0.18 1.00
04 4 056 0.36 0.18 1.00
0.8 0 060 040 0.16 1.00
08 4 060 040 0.16 1.00
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Table 4c. (Cont’d.) Bias, MSE of parameter d and size of t-statistic when
there are inliers, T = 200

Parameter p a Bias MSE Size of t-statistic Size of t-statistic

d Hy:d=0 Hy:d=1
-0.48 -08 0 036 0.17 0.12 1.00
-08 4 036 017 0.12 1.00
-04 0 033 0.15 0.18 1.00
-04 4 033 015 0.18 1.00
00 0 031 0.15 0.20 1.00
00 4 031 015 0.20 1.00
04 0 032 0.15 0.17 1.00
04 4 032 0.15 0.17 1.00
08 0 036 0.17 0.12 1.00
08 4 036 0.17 0.12 1.00
-0.24 -0.8 0 015 0.06 0.10 1.00
-08 4 015 0.06 0.10 1.00
-04 0 013 0.06 0.12 1.00
-04 4 013 0.06 0.12 1.00
00 0 013 0.06 0.12 1.00
00 4 013 0.06 0.12 1.00
04 0 0.13 0.06 0.12 1.00
04 4 013 0.06 0.12 1.00
08 0 0.15 0.06 0.09 1.00
08 4 015 0.06 0.09 1.00
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Table 4c. (Cont’d.) Bias, MSE of parameter d and size of t-statistic when
there are inliers, T = 200

Parameter pu a Bias MSE Size of t-statistic  Size of t-statistic
d Hy:d=20 Hy:d=1
0 08 0 0.02 0.04 0.06 0.99

-0.8 4 0.02 0.04 0.06 0.99
-04 0 0.02 0.04 0.06 0.99
-04 4 0.02 0.04 0.06 0.99
00 0 002 0.04 0.06 0.99
00 4 0.02 004 0.06 0.99
04 0 0.02 0.04 0.06 0.99
04 4 0.02 0.04 0.06 0.99
08 0 0.02 0.04 0.06 0.99
08 4 0.02 004 0.06 0.99
0.24 -0.8 0 0.02 0.04 0.31 0.95
08 4 0.02 004 0.31 0.95
-04 0 -0.01 0.04 0.26 0.96
-04 4 -001 0.04 0.26 0.96
0.0 0 -0.03 0.04 0.22 0.96
00 4 -003 0.04 0.22 0.96
04 0 -001 0.04 0.25 0.96
04 4 -001 0.04 0.25 0.96
0.8 0 0.02 0.04 0.31 0.96
08 4 0.02 0.04 0.31 0.96

55



Table 4c. (Cont’d.) Bias, MSE of parameter d and size of t-statistic when
there are inliers, T' = 200

Parameter u a Bias MSE Size of t-statistic  Size of t-statistic
d HQ :d=20 HQ d=1
0.48 -0.8 0 -0.01 0.01 0.79 0.86
-08 4. -001 0.01 0.79 0.86
-04 0 -0.03 0.03 0.66 0.82
-04 4 -003 0.03 0.66 0.82
00 0 -0.06 0.04 0.60 0.83
00 4 -0.06 0.04 0.60 0.83
04 0 -0.04 0.03 0.65 0.83
04 4 -004 0.03 0.65 0.83
08 0 -001 0.01 0.79 0.85
08 4 -0.01 0.01 0.79 0.85
0.72 -0.8 0 -016 0.03 0.97 0.69
-08 4 -016 0.03 0.97 0.69
-04 0 -018 0.04 0.92 0.72
-04 4 -018 0.04 0.92 0.72
00 0 -012 0.05 0.87 0.56
00 4 -012 0.05 0.87 0.56
04 0 -018 0.04 0.91 0.71
04 4 -018 0.04 091 0.71
08 0 -0.16 0.03 0.97 0.69
08 4 -016 0.03 0.97 0.69

Table 4c.(Cont’d.) Bias, MSE of parameter d and size of t-statistic when
there are inliers, T' = 200

Parameter u @ Bias MSE Size of t-statistic  Size of t-statistic
d Hy:d=0 Hy:d=1
0.96 -08 0 -038 0.14 1.00 0.65
-0.8 4 -038 0.14 1.00 0.65
-04 0 -038 0.15 0.97 0.58
-04 4 -038 0.15 0.97 0.58
00 0 -027 011 0.94 0.39
00 4 -027 011 0.94 0.39
04 0 -0.38 0.14 0.97 0.57
04 4 -038 014 0.97 0.57
08 0 -038 0.14 1.00 0.64
08 4 -038 014 1.00 0.64
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