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Abstract
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1 Introduction

This paper considers the problem of selecting the number of breaks in the trend function of
a univariate time series without any prior knowledge as to whether the noise component is
stationary, 7(0), or contains an autoregressive unit root, /(1). This is an important practical
issue as typical macroeconomic series appear to be characterized by one or more breaks in
trend. For instance, Lumsdaine and Papell (1997) find evidence of structural change for 9
out of 13 macroeconomic series when allowing for two breaks in the trend function. Ben-
David and Papell (1997), using a dataset consisting of 48 countries, show that most countries
experienced statistically significant structural changes in the paths of their export-GDP and
import-GDP ratios in light of the substantial movement towards trade liberalization during
the postwar period. Ben-David and Papell (2000) find evidence of multiple breaks in per
capita real GDP of the G7 countries over 1870-1989. Given the discontinuity of the growth
process, they then provide a demarcation between different periods of growth along the
development paths based on estimates of the break dates. In another interesting application,
Loewy and Papell (1996) find that allowing for trend breaks permits more rejections of the
unit root hypothesis in relative per-capita income among U.S. regions, an implication that
follows from the notion of stochastic convergence among regions.

Testing whether a time series contains a broken trend is complicated by the fact that it
is not known a priori whether the noise is 7(0) or I(1). Firstly, doing a structural change
test based on the level of the data entails different limit distributions in both cases. Fur-
ther, tests based on differenced data have very poor properties when the series contains an
1(0) component (see Vogelsang, 1998). On the other hand, to conduct inference about the
presence or absence of a unit root, it is useful to have information regarding the presence or
absence of changes (see Kim and Perron, 2009, Carrion-i-Silvestre et al., 2009). In particular,
usual unit root tests based on search procedures, suggested by Zivot and Andrews (1992)
and others, are not invariant to the magnitude of the trend break if one is present. The
presence of a break in slope or level can adversely affect both the size and power properties
of these tests. We thus have a circular testing problem between tests on the parameters of
the trend function and unit root tests.

To deal with this circular problem, various approaches have been suggested to test for the
stability of the trend function that are robust to whether the errors are 7(0) or I(1). The first
to provide such a solution is Vogelsang (2001), building on prior work related to hypothesis
testing on the coefficients of a polynomial time trend reported in Vogelsang (1998). He



shows that Wald tests for structural change in the coefficients of a linear trend function have
non-degenerate limit distributions in both 7(0) and /(1) cases. He weights the test statistic
by a unit root test scaled by some parameters so that, for a given significance level, the value
of the scaling parameter can be chosen to ensure that the asymptotic critical values will be
the same.

More recently, Harvey, Leybourne and Taylor (2008) propose tests based on a weighted
average of the regression ¢-statistics for a broken trend appropriate for the case of 7(0) and
I(1) noise. The weighting function they employ is based on the KPSS stationarity test
applied to the levels and first-differenced data. In the unknown break date case, they use
the supremum of the trend function ¢-statistics, calculated for all permissible break dates,
for both the 7(0) and 7(1) cases. As in Vogelsang (2001), they use a correction to ensure
that the weighted test has the same asymptotic critical value irrespective of whether the
noise is 1(0) or I(1).

Perron and Yabu (2008, henceforth PY), propose an alternative approach based on a
Feasible Generalized Least Squares procedure that uses a super-efficient estimate of the sum
of the autoregressive parameters o when o = 1. When the break date is known, they
show that the standard Wald test from the feasible GLS regression has the Chi-square limit
distribution. When the break date is unknown, the limit distributions in the 7(0) and
I(1) cases are nearly the same when constructing the test using the Exp functional of the
Wald test across all permissible break dates (See Andrews and Ploberger, 1994). To improve
the finite sample properties of their procedure, they also use a bias-corrected version of the
OLS estimate of o (obtained from an autoregression based on the residuals from estimating
the trend function parameters by OLS) as suggested by Roy and Fuller (2001). Based on
Monte Carlo experiments, PY show their procedure to have a power function that is close
to that attainable if one knew the true value of o in many cases. The advantage of their
method over those of Vogelsang (2001) and Harvey et al. (2008) is that it does no involve
any random scaling so that the test used is the best possible in both the 7(0) and (1) cases,
though not necessarily in the local to 7(1) case.

Building on the work of PY, we propose a sequential procedure that allows one to test the
null hypothesis of, say, [ changes, against the alternative hypothesis of (/41) changes. Such a
sequential testing strategy has been developed by Bai and Perron (1998, 2003) in the context
of stationary regression models. For the model with [ breaks, the estimated break dates are
obtained by a global minimization of the sum of squared residuals. The strategy proceeds
by testing for the presence of an additional break in each of the (I 4 1) segments (obtained



using the estimated partition). The test thus amounts to the application of (I + 1) tests of
the null hypothesis of no change versus the alternative hypothesis of a single change. We
derive the asymptotic distribution of the sequential test and show that, in both 7(0) and
I(1) cases, asymptotic critical values can be obtained from the relevant quantiles of the
limit distribution of the test for a single break. Monte Carlo experiments indicate that the
procedure performs adequately in finite samples.

The paper is organized as follows. Section 2 presents the models allowing for a single
break and reviews the PY testing procedure. In Section 3, we develop the sequential testing
procedure and derive its asymptotic properties. Section 4 provides some Monte Carlo simu-
lations and Section 5 offers some concluding remarks. All technical derivations are included
in a mathematical appendix.

2 The Models and Test Statistics: The Single Break Case
Consider the following data generating process (DGP) for a scalar random variable y;:

v = oV 4y

Uy = Qg+ e (1)

for t = 1,...,T where v, is a finite constant, e¢; ~ 7.1.d.(0,02), z; is an (r x 1) vector of
deterministic components, and W is an (r x 1) vector of unknown parameters. The parameter
a € (—1,1] so that u, can be stationary or have a unit root. For simplicity, we focus on
the AR(1) case here and defer the case of a generalized error structure for u, to the next
section. We will consider the following two models involving a break in the slope of the
trend function.® We denote the true break date as 70 = [T'\}] for some )\ € (0,1), where
[.] denotes the largest integer that is less than or equal to the argument. Also, I(.) is the
indicator function.

e Model 1: Structural Change in slope only. Here =, = (1,¢,DT;), ¥V = (uq, B0, 51)’,
where DT, = I(t > TP)(t — T7).

e Model 2: Structural Change in both intercept and slope. Here =, = (1, DU, t, DT;)
and W = (g, p1, By, 3,)" where DU, = I(t > T7).

IPY also consider a model which involves an intercept shift only. However, the focus in this paper is on
models which allow for breaks in the slope of the trend function.



For Model 1, the null hypothesis of interest is Hy: 3, = 0 while for Model 2 it is Hy:
u; = B; = 0. Using the notation in (1), these hypotheses can be expressed in the form
RV = ~ where R is a (¢ x r) full rank matrix and and v is a (¢ x 1) vector, ¢ being the
number of restrictions. For Model 1, R = (0,0,1), v = 0 and for Model 2,

01 0O 0
R = , Y= .
(0001) (0)

We first discuss the testing procedure for some generic break date 7; = [T'A;] where \; €
Ao with A, = {\: e < XA <1 —¢} for some e > 0. If & were known, the GLS estimate of the
parameters can be obtained by applying OLS to the regression
(1—al)y, = (1—-al)x,V+(1—al)u, for t=2..T
y o= BVt @)

In practice, however, « is unknown and must be replaced by an estimate. Perron and Yabu
(2007) proposed the use of the following super-efficient estimate of «a:

. a if T°la—1|>d
g = . (3)
1 if Tola—1|<d
for 6 € (0,1) and d > 0 where

2322 ﬁ?—l
and {u;} are the OLS residuals from the regression of y, on z;. Perron and Yabu (2007)
showed that (a) 7V2(ag — o) > N(0,1 — a2) when |o| < 1 and (b) T'(as — 1) 2 0 when
a=1.
For testing Hy: RV = v, PY propose using the Wald statistic based on the feasible GLS
regression that uses & as an estimate of « in (2):

Wrs(A1) = (R — ) [s*R(X'X) 'R (R — )
where X = (z1,(1 — &g)xa, ..., (1 — ag)zr), s> = T7! Zthl é2 and ¢, are the residuals
associated with the feasible GLS regression. If |a| < 1, PY show that
WFS()\I)
fo s, M) F (s, M) ds) ™[ F (s, \)dW (s)]' [R(f, F (s, \) F(s, A1) ds) R
R([}F(s,\)F(s,\1)'ds) ™ [ F(s, \)dW ()] = Go(\)
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where F(s, A1) = [1,s,1(s > A1)(s — A1)]’ for Model 1 and F(s, A1) = [1,1(s > A1), s, I(s >
A1)(s — A1)’ for Model 2. Here W (.) represents a standard Brownian motion on [0, 1]. If

a=1,
MW (1) — WD)/ A (1= A1) for Model 1

limr_, o G[T)\ﬂ+1/0'2 + [>\1W(1) — W()\l)]Q/P\l(l — /\1)] for Model 2
= G1(>\1>

Wps()\l) =

In practice, since the break date is unknown, PY propose using the exp functional over the
set of permissible break dates:

Bap-Wis = loglT™" 3 exp(Wrs(h)/2)] = loglf, ¢, explg(0)/2)d]

>\1 EAE

where g(\;) denotes Go(\;) and Gy (A,) for the 7(0) and I(1) cases, respectively. They show
that using the Exp-functional, asymptotic critical values in the /(1) and /(0) cases are very
close so that using the larger of the two can be expected to provide tests with the correct
size for both stationary and integrated errors. Note that for Model 2 in the I(1) case, the
critical values are simulated assuming that the errors ¢, are i.i.d. normal.

Given that the OLS estimate of o« may suffer from a serious downward bias especially
when « is close to one, PY use a bias-corrected estimate based on the procedure proposed
in Roy and Fuller (2001). The super-efficient estimate is then based on this bias-corrected
estimate as opposed to the OLS estimate. The details of the bias correction procedure can
be found in Section 2.5 of PY.

3 The Sequential Procedure

In this section, we consider a DGP for y; that allows for the possibility of (I 4+ 1) breaks in
the trend function. Following the notation in (1), it is:

e Model 1: [+ 1 breaks in slope only. Here z;, = (1,t,DTy, ..., DT141y)', ¥ =
(:u’()vﬁ()?ﬁl? "'75[—{-1), Where D/—th == I(t > /I;O>(t - fTZO)

e Model 2: [+ 1 breaks in both intercept and slope. Here x; = (1, DUy, ..., DU(j11), t,
DT1t7 ) DT(Z+1)t),7 U= (/“L()?/“Lh ooy 415 607617 ) Bl—l—l)/ where DU’Lt = I(t > /I‘zo)

We are interested in testing the null hypothesis of [ breaks against the alternative hy-
pothesis that there are (I + 1) breaks. For Model 1, this implies the null hypothesis Hy:
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B, = 0 while for Model 2, the implication is Hy: 3, = u; = 0. In Section 3.1, we present the
sequential test and derive its limit distribution for the case where u, is an AR(1) process.
Section 3.2 subsequently discusses the case of a general error structure for ;.

3.1 The AR(1) Case

Here we continue to assume that w, is generated by (1). The sequential test of the null
hypothesis of | breaks versus the alternative of [ 4 1 breaks is implemented as follows. First,
we obtain the estimates of the break dates Tl, T as global minimizers of the sum of
squared residuals from the model with [ breaks estimated by OLS:

(Th,...,T}) = argmin g,
This can be achieved using the dynamic programming algorithm proposed by Bai and Perron
(2003). Next, we test for the presence of an additional break in each of the (I + 1) segments
obtained using the estimated partition (73, ..., 7;). In order to construct the test for the i-th
segment (i = 1,...,1 + 1), we first estimate the following regression by OLS:

g = 20O 4y fort =T, +1,...,T; (5)

where, for Model 1, we have z!” = (Lt =Ty, (t—k)I(t > k)Y, OO = (u ’),60 ,[31 ) while
for Model 2 we have 2" = (1, 1(t > k), t —Ti_1, (t— k)I(t > k))', OO = (ué),ul LB B0y,
Here k = [T7] where 7 € Aj. = {70 At + (M — Ni)e <7 < A — (AN — H)e} with
\; = T;/T. We use the convention 7 = 0 and 7},; = 0. Note that the trend included in the
i-th segment is (¢t — 7;_,) instead of ¢. This modification is needed to ensure that the initial
conditions are the same across segments. The residuals from this regression denoted af) are
then used to compute the OLS estimate of « as in (4) for the i-th segment. This estimate in
turn is used to construct a super-efficient estimate of «, denoted dg ,asin (3).

Given the estimate a the feasible GLS regression for the i-th segment is

(1—ay' Ly = (1 - ag'L)e” v + (1 - &y Lyu, (6)
fort € [T;_1+2, ..., 7] together with y;, | = x%)/1+1\11(i)+uf - Let XO = ( g? e

agf))xﬁﬁ, e (1= ag)) )’ and the feasible GLS estimate of (") be denoted by ¥, The
Wald statistic for a given 7 € A, . is then given by

Wrs(hiz1, 7, A) = (RED — 7)Y [2R(XV' XO) 1 RHRID — ~) (7



where s2 = (T, — ;1) Ziﬂ-,l L, [6i712 and ¢ are the residuals from OLS estimation of

(6). As in PY, we use the exp functional over all permissible break dates:

Exp-W =log[(T; — Tj-1)™" 3 exp (WFS(S\i—laTa 5\1)/2>]

TEAZ',E
Given Eaz:p-I/Vl(;?9 fori=1,...,1 + 1, the sequential test is defined by

— @
Frl+1)l) = lgz}g}il{Exp Wgst.

We conclude in favor of a model with (I + 1) breaks if the maximum of the Ea:p-WIE% tests
is sufficiently large. The test thus amounts to the application of (I + 1) tests of the null
hypothesis of no change versus the alternative hypothesis of a single change. The following
theorem states the limit distribution of the sequential test under the null hypothesis of
[ breaks.

Theorem 1 Assume that u; (t = 1,...,T) is generated by (1). Under the null hypothesis
that the true number of breaks is I, we have limp_.o, P(Fr(l + 1)I) < z) = H.(z)"' with
H.(z) being the distribution function of log[f/\leAE exp (g(A1)/2) dA1] where g(A1) = Go(A1) if
la] <1 and g(A\) = G1(\) if a = 1.

The proof is in the appendix. The theorem states that, in both 7(0) and /(1) cases,
asymptotic critical values for the sequential test can be obtained from the relevant quantiles
of the limit distribution for the single break test. A similar result was obtained by Bai and
Perron (1998) in the context of stationary regression models. We calculated the critical values
by simulations using i.i.d. N(0,1) random variables to approximate the Wiener process.
The integrals are approximated by normalized sums with 2000 steps and the number of
replications used is 10,000. Tables 1a and 1b presents critical values for a wide range of
values of the trimming parameter ¢. As is evident from the tables, the quantiles in the
I(0) and I(1) cases are quite close and hence using the larger of the two can be expected
to provide tests with the correct size in both cases. The argument for the consistency of
the sequential test is the same as that in Bai and Perron (1998). Note also that the result
continue to hold when using the bias adjustment method advocated in PY.

The test based on Fr(I+1|l) can be used to provide an estimate of the number of breaks
in the following way. First, apply the one break test F'r(1]|0) to determine if there is at least
one break. Upon a rejection, use the test F7-(2|1) to determine if there is more than one
break. This process is repeated by increasing / sequentially until the test fails to reject the
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null hypothesis of no additional structural breaks. The estimated number of breaks is then
obtained as the number of rejections. The sequential procedure can be made consistent by
allowing the significance level of the test Fr(I 4 1|!) to decrease to zero at a suitable rate as
the sample size increases. This leads to the following theorem whose proof is similar to that
of Hosoya (1989) and is, therefore, omitted.

Theorem 2 Let m be the true number of breaks and m be the number of breaks obtained
using the sequential procedure based on the test statistic Fr(l + 1|l) applied with some size
ar. If ar converges to zero slowly enough so that Fr(l+1|l) remains consistent, then P(m =

m) — 1 asT — oo.

3.2 The General Case

We now provide an extension of the previous analysis to the case where u; is allowed to have
the following more general structure

Uy = QU1+ U )

Ve = d(L)@t

with d(L) = Y2, d; L, > 2 ilds] < oo, d(1) # 0 and e; ~ i.i.d. (0,0%). Here again we
assume that v, is a constant. Under these conditions, u; has an autoregressive representation,
say A(L)u; = e;, where A(L) =1—-35"7 a;L'. In (8), we wish to have « represent the sum
of the autoregressive coefficients, > - ;. Accordingly, we consider the representation

oo
Up = QU—1 + E a; Au_; + e

j=1

where af = —> 7 . a;. To obtain a consistent estimate of « in this general case, we
estimate a truncated autoregression of order k7. Let ﬁf) be the residuals from estimating
(5) by OLS. Then the estimate of « considered is the OLS estimate &' obtained from the
regression

kr

i = oD + 3" WA+ en

j=1
In practice, k7 is unknown and PY recommend using the Bayesian Information Criterion
(BIC) for choosing it. Again a bias-correction is applied and the super-efficient estimate
a' is constructed as in (3) and used in the feasible GLS regression (6). The specific form

of the Wald test depends on the nature of the errors, /(0) or I(1), and the model. Consider
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first the 7(0) case. For both models, we need to simply replace s? in (7) by Bq(f), an estimate
of (27 times) the spectral density function at frequency zero of v; = (1 — aL)u,. PY propose
using an estimator based on a weighted sum of autocovariances using the quadratic spectral
kernel and the bandwidth selected according to the plug-in method advocated by Andrews
(1991) using an AR(1) approximation. Consider now the case where the errors are I(1).
For Model 1, the form of the test statistic is the same as in (7), except that we replace
s? by an autoregressive spectral density estimate with the lag length of the autoregression
again selected by BIC. For Model 2, PY propose a modified test statistic which ensures
that the limit distribution is the same as that in the AR(1) case. See PY for details on the
modification used.

4 Simulation Experiments

In this section, we conduct simulation experiments to assess the finite sample performance of
the proposed sequential procedure. We consider cases where the DGP involve either one and
two breaks. The sample sizes used are T" = 120, 240, 360. The level of trimming is set at ¢ =
0.15. We consider six values for the autoregressive parameter: o = 0.5,0.8,0.85,0.9,0.95, 1.
The maximum number of allowable breaks is set at three. In all experiments, {¢;} denotes
a sequence of i.i.d. standard normal random variables and u; = au; 1 + ¢;, ug = 0. All
experiments are based on 1000 replications.

The estimate of the autoregressive parameter is obtained from an autoregression where
the number of lags of the first differences of the residuals is selected using BIC. As recom-
mended in PY, we set § = 1/2 and d = 1 for the construction of the super-efficient estimate.
We construct the bias-corrected estimate of the autoregressive parameter using the method
of Roy and Fuller (2001) as used in PY. We present our results in terms of the probabilities
of selecting a given number of breaks, that is, P(m = m*) for m* =0,1,2, 3.

4.1 The Case With One Break

We consider two models, the first involving a break in the slope of the trend only and the
second involving a break in both level and slope. The data are generated by:

e Model-1 (A Single Break in Slope Only): vy, = nDT; + u,,

e Model-2 (A Single Break in Level and Slope): y, = n(10DU; + DT;) + u,
where the break date is set to 77 = [T'/2], at mid-sample.
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Tables 2 presents the probability of break selection corresponding to different values of
n for Model 1. First, when « = 0.5 so that the process exhibits only moderate persistence,
the procedure selects one break with probability at least 90% irrespective of the magnitude
of break and the sample size. When the degree of persistence increases, the probability of
under-estimation increases, at least for small break sizes. This is expected, given that power
of the one break test declines as « approaches 1. The performance of the procedure generally
improves as the magnitude of the break increases, mirroring corresponding increases in the
power of the single break test. As expected, the probabilities of selecting a single break
increase when the sample size is increased.

Tables 3 presents corresponding results for Model 2. Again, the procedure performs
relatively better when o = 0.5, although now there is a non-negligible probability of over-
estimation which increases as « increases. This is due to the fact that the tests suffer from
size distortions which become more severe with increases in « and the number of breaks
assumed under the null hypothesis. These size inaccuracies persist for o = 1 and small break
sizes even with the two larger sample sizes. However, as with Model 1, the probabilities of
selecting one break are higher relative to those with the smallest sample size.

4.2 The Case With Two Breaks

With two breaks the DGPs considered are the following:

e Model-1 (Two Breaks in Slope Only): y, = n, DTy + nDTo; + uy,

e Model-2 (Two Breaks in Level and Slope)

Y = nl(DTlt =+ 10DU1t) —+ U(DT% =+ 10DU2,5) + Ut

We set n, = 1 and report results for a range of values of . The dates of the breaks are
set at 7Y = [T'/3] and T3 = [2T/3].

The results for Model 1 are reported in Table 4. With o = 0.5, the probabilities of
selecting the true number of breaks is close to 90% even with 7" = 120 and small break sizes.
However, in contrast to the one break case, these probabilities are reduced as « approached
1. This suggests that the power of the one-versus-two breaks test is low relative to that
of the zero-versus-one break test. For a > 0.5, there is also a non-negligible probability of
over-estimation reflecting the size distortions of the two-versus-three breaks test. As for the
one break case, the selection probabilities for two breaks increase with the sample size.
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Tables 5 reports results for Model 2. As in the one break case, there is a substantial
probability of over-estimation, especially for values of « close to 1. Noticeably, the probability
of under-estimation is negligible even for small break sizes and 7" = 120. When the sample
size increases to 7' = 240, the probabilities of selecting two breaks increase to about 80-85%
for moderate break sizes when o < 0.95. These probabilities further increase when 7' is
increased to 360. For o = 1, the size distortions are still in play even for large magnitudes
of the breaks and large sample sizes.

In summary, the performance of the proposed sequential procedure is qualitatively dif-
ferent for Models 1 and 2. For Model 1, there is a tendency to under-estimate the true
number of breaks while for Model 2, there is a probability of over-estimation. This difference
can be traced to the finite sample properties of the tests for these models with low power
being more of an issue for Model 1 and size distortions being the dominant factor for Model
2. The power problem is alleviated to a considerable extent for large magnitudes of the
breaks while the size distortions in Model 2 remain somewhat of a concern, especially in the
presence of strong persistence in the error component, though these concerns are mitigated
for larger sample sizes. The simulation results points to the importance of the choice of the
maximal value of the number of breaks in relation to the size of the sample available. For
example, when testing for two breaks in a sample of size 120, one ends up with fewer than 40
observations per segments. It is then not surprising to see low power and/or size distortions.
Hence, practitioners must exercise caution to allow a sufficient number of observations in
each segment and chose the maximum number of breaks permissible accordingly.

5 Conclusion

Testing whether a time series contains a broken trend is complicated by the fact that we
do not have a priori knowledge of whether the noise is stationary or integrated. This has
motivated the development of tests that are robust to the extent of persistence in the error
component. These are designed to evaluate the null hypothesis of no structural change versus
the alternative of a single change in trend but do not allow researchers to select the number
of changes. Given that selecting the number of breaks is an important practical issue, we
attempted to fill a gap in the literature by proposing a sequential procedure that enables
consistent estimation of the number of breaks. Monte Carlo evidence demonstrated that the
procedure works well in samples sizes that are common in applied work.
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Appendix

In what follows, W@ (i = 1,...,1 + 1) denotes a set of (I + 1) independent standard
Brownian motions on [0,1] and W denotes a standard Brownian motion on [0, 1] that is
independent of W for all 7. Also, A;. = {7 Ai_14+ (A —Ai_1)e <7 < A —(Ai—Ai_y)e} and
Ao ={r: 1 —¢e <r < e} for some ¢ > 0. We shall also use the fact that the estimates of
the break fractions are consistent for the true break fractions. As shown in Perron and Zhu
(2005): T3/2(\; — A\%) = O,(1) for Model 1 with 1(0) errors, T'(\; — \%) = O,(1) for Model 2
with 1(0) errors, while 7%/2(); — X?) = O,(1) for Models 1 and 2 with I(1) errors. Though
their proof is for the single break case, the results continue to hold with multiple breaks.

Proof of Theorem 1: Consider first Model 1. Let X = {3:%)71“, (1 —ag>)x%[1+2, e (1=

&(Si))x;f)}’ with X{” (j = 1,2,3) being the j-th column of X@. For a given 7 € A, the
Wald test of B&“ = 0 can be expressed as

2 2 ~(4) i i i
Wrs(hio1, 7, &) = [By (XS MO XY /52

(A1)
with M@ = 16 — Zz0 (701 701760 76 = (x| x{) and s? the residual error variance
from the feasible GLS regression. Denoting U® = {us — &S)ut,l}ﬁfiﬁl, we have, under
the null hypothesis of [ breaks,

@) X?Ei)’M(i)ﬁ(i) X?Ei)’ﬁ(i) _ Xéi)’z(i)(Z(i)/Z(i))flz(i)/ﬁ(i)

B = X?Ei)/M(i)Xgi) - X?Ei)/Xgi) _Xg)’zﬁ)(Z(i)/Z(i))—lZ(i)/X?(’i)

— _1 —
(@ @) (@)
@ (@ () Nt T T
T3 i3 4o ; ; ;
(@ () (4)
12 4 T2

T o o\ "/ o\] (A2

o3 =\ i3 2y 0 0 )

i di2 4 qs i

where
O o= 14 (T - T —1)(1 - al)?
¢ +( =T =11 —ay)

¢y = 14 (1—ay)?

i -




¢ = 1+01-a0”? > (t-Ta?+ A0 - T - 1)

T; 142
0 0 1 .
+26§(1-af) > (t—T)
t=T; 1+2
(i) Sz & ; - (@) )y L ;
B3 = (1—ag)” > (t-Ta)t—k)+ag'(1-ag") > (t—Ti)
t=k+1 t=k+1
01— ) S (6= k) + (69T — k
+ag' (1—ag) > (t—k)+|ag (T — k)
t=k+1
(i) NONEE 2 a()j2(F ()1 _ A0
g3 = (I—ag)* > (t—=k)*+[ag'|"(Ti — k) + 24y (1 —ag’) > (t—Fk)
t=k+1 t=k+1
o= g —aQuy +(1-a) Y (w—au)
t=T;_1+2
Y = Uy 41— &S)UT (1= &) (t—Tion)(u — a5 wr) +a5 S (u — 6 u)
t=T;_14+2 t=T;_1+2
(i) NN  (0) 0 & - (0)
ry. = (I=ag") > (t—k)(w—bguw)+day > (u—ag'u)
t=k+1 t=k+1
Next, we derive the limit of each term separately for || < 1 and « = 1.
Stationary Case (Jo| < 1). We use the fact that
S 0 - 9
T25 (uy—agu) = T2 [(a—ay))u + e
t=1 t=1
—1/2 (Zs] —1/2[1/2 A (9) —1/2 T3]
= T3 e =TT (ay —a)|T 2> wy
t=1 t=1

Ts)
= T7V25 ¢, 4 0,(1) = oW (s)

t=1

The convergence results for each of the components are then as f0||0WS' T—qu) L (N0 —
AN )1 = a)?, T2 2 ( fAO — A0 )ds = (1 —a)2(\0 =20 )%/2, T2 &

(1- a>2(A° 7)%, T_Sq%?) (1-a)? (A?—A?fl) /3, T35 B (1-a)? fﬁi (s—A?,l)(s—ﬂds,
T 3q§? £ (L= a) [F(s = 7%ds, T = (1= 0)o W) = WLy, T2 =
a)o [ W) — W (s)lds and T-%/2r§) = (1—a)o [N [W(A?) — W (s)]ds. Using these

results in (A.1) together with the fact that s? 2 o2 for each i, we obtain
Wres(Ai1, 7, M) = A2/B; = &(7)
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where

2 3

~1
(0202
0 ()‘? - A?—l) —=
- ( A =72 [ (s = AL)(s — 7)ds ) ( Q0N (90

0 _ 0 W02\ T
30 (Ad — AiZ1) 2
( (00— 7)2 [ (s - N (s —7)ds ) ( (M0-X0_ )2 (A0-X0_ )3

) ( (O 7y )
S (s = X0 ))(s — 7)ds

Note that the random variables ¢, ...,{, ., are independent. This follows since, for s;
[A)_1, AY), the processes W (AY) — W (s1), W(AS) — W (s2), ..., W(Al1) — W (s;41) are indepen-
dent. Next, we use the fact that 1V (\)) — W (s) has the same distribution as

o, {W@)(l) W (S__Ao—lﬂ
Lo A=A

for s € [\? |, \?). Then with the change of variable r = (7 — A} )/(\? = \? ), &,(7) has the
same distribution as &;(r) = [A}]?/ B} where

A = / 1[W<i>(1)—W<i>(s)]ds

(- s ) AN wo)
(=r)® [y sls = r)ds 1/2 1/3 Jo WO(1) = W (s)]ds

. 1S_r28_ o, - 1 1/2 -1 (1—7)?
B; = /N Ps— (1= Js(s ”ds)(l/z 1/3) (frls(sv”)dS)

We then obtain

log[(T; = Ti-1) ™" 3 exp(Wes(Aim1, 7. 4)/2)] = log[ [, exp(&5(r)]

TeAi,e
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which is the limit distribution of the zero-versus-one break test. Using the independence of
1,65, ..., &1, the result follows.

Unit Root Case (o = 1). Here, we use the fact that T(al” — 1) 2 0. Also, we have

[T's] A (T's] , [Ts]
T 25 (uy — 6D ) =TS e, =TT — DT V2 upy = oW(s).
t=1 t=1 t=1

Then the convergence results for the components in (4.2) are: ¢\) & 1, ¢) & 1, ¢{) &
0, T71Q§2 = A = AL Tﬁlqg — X -, qu:())é) =N -, 7"@ = limrcc €pno 41
T2 = W (A0) — W(A,)] and T-Y2{) = o[W(A\?) — W(r)]. Again, using these
results in (A.1) together with the fact that s? % o2 for each 7, we obtain

WFS(S\i—bTa 5‘1) = Of/Dl = nz(T)

where
N = D)W ) =W ()]

C; = W) —-W(r)—
A=A

D, — N =) =AL)
b A0 — )0
7 1—1

Again, it is straightforward to verify that n,, ..., n,,, are independent. Then, as in Model 1,
we use the fact that 1/ ()\)) — T/ (s) has the same distribution as

N {W@(l) W (iﬂ
VA=A o

for s € [\?_|, \?). With the change of variable r = (7 — X} ,)/(\Y —\Y_)), n;(7) has the same

distribution as
i (r) = WO@r) —rWO )P /r(1 —r).

We thus have

log[(T; — Ti—1) ™" Y exp(Wrs(Aio1, 7, Ai)/2)] = log [ ., exp(; (r))]

TEAi,e

which is the limit distribution of the zero-versus-one break test. Again, the result follows
from the independence of n7, 75, ..., 1}, ;.

Consider now the proof for Model 2. Again, let X® = {#lwl’ (1-— dg))ngllH, o (1=
&g))mg?}’ with XJ(.i) (j = 1,2,3,4) being the j-th column of X, For a given 7 € A, the

Wald test for testing ug“ = 5? = 0 can be expressed as
Wes(Ai1, 7, ) = BT (217037 27 3 /57 (A3)

7
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. (i A () @) i i i i i i ) (i)\—1 (i i
with 49 = (o, 5,7y, 27 = (x3" X{7), M) = 19 — 20z 22, 7)) =
(X x!7y and s? the residual error variance from the feasible GLS regression.

Stationary Case (|a| < 1). Using arguments similar to those for Model 1, we have
Wes(Ni—1,7,Ai) = F/(E;) 7 F; = ®(r)
where

5o N o— 7 f:‘?(s —7)ds
l f:‘?(s —7)ds f:‘?(s —7)%ds

-1
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SR () = W (s)]ds
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N -7 [X (s = 7)ds (A0 — N0 ,) YA
x (0N (A,
A= r)2 [ (s = AL y)(s — )ds =il =

T

[ PO = WAL))
S V) = W (s))ds

Applying the same transformations as in Model 1, ®;(7) has the same distribution as ®;(r) =
FY(Er)~ Fr where

B - 1—r f:(s —r)ds |
Jis=m) Jis —r)ds

1—r frl(s—r)ds 1 1/2 B 1—r (1—r)?
(1—r)? frl s(s —r)ds 1/2 1/3 f:(s —r)ds frl s(s —r)ds
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LI (@) = w (s)]ds
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which is the limit distribution of the zero-versus-one break test in a model that allows for
a break in intercept as well as the slope. Using the independence of @7, ..., ®}, ,, the result
follows.

Unit Root Case (« = 1). Derivations similar to those used for Model 1 yield

|:hmT~>oo €17 +1:| 2

WFS<5\’L'717 T, 5\1> = ) (A4)
(/\? - /\?—1> 0 (A? - T)[W(A?) - W(A?—D] 2
NPT L Y L R

Under the assumption that e, is i.i.d. normal, for 7 € A; ., ejr-11 is asymptotically indepen-
dent of both 7-1/2 ZtT:O e; and T—1/2 ZZ;O e, so that the the first and second terms
[TT]+1 70 1+

in (A.4) are independent. Then using the same variable and distribution transformations as
in Model 1 and the fact that limy_.., ;41 has the same distribution as

+

lim err._yo0
T—o00 [T( A1)

)
200 ]+1
i i—1

the result of the theorem follows from the independence of the tests over the (I + 1) regimes.



Table 1a: Asymptotic Critical Values of the Sequential Test Fr(l + 1|I) for

Model 1
1(0) 1(1)
| |
a 1 2 3 4 5 1 2 3 4 5
.01 90 [202 233 260 282 297|208 237 265 281 299
95 | 261 298 324 341 359|266 3.03 325 347 3.62
975 | 3.24 360 3.85 4.04 4.22|327 362 386 414 431
99 | 404 440 475 5.09 530|414 450 4.79 495 5.07
.05 90 [190 225 252 272 288|193 223 246 262 282
95 | 255 292 315 331 347|249 284 3.04 322 3.37
975 | 3.15 349 363 3.8 4.04|3.05 338 3.68 3.80 3.98
99 | 3.86 425 452 476 497|380 432 4.67 4.84 4.9
A0 90 [1.75 208 230 250 268|182 212 240 256 271
95 | 232 272 3.00 323 338|241 273 290 3.07 3.25
975 3.04 339 366 379 391|291 325 351 376 3.90
99 | 3.79 411 453 476 4.86|3.76 418 451 472 4.82
A5 90 [1.67 194 218 236 253|166 197 220 237 254
95 | 219 254 285 310 3.24| 222 256 278 294 3.15
975 | 2.88 325 341 364 379|278 315 344 366 3.82
99 | 3.64 401 422 437 481|366 4.04 420 443 456
25 90 (129 162 187 2.08 224|127 162 1.85 201 215
95 | 1.89 227 245 261 273|188 219 241 261 275
975 | 245 273 298 317 3.42| 241 275 3.04 327 342
99 | 3.17 3.61 4.01 413 434|327 359 3.93 407 4.25

Table 1b: Asymptotic Critical Values of the Sequential Test Fr(I + 1|I) for

Model 2
1(0) 1(1)
| |
a 1 2 3 4 5 1 2 3 4 5
.01 90 (334 370 397 419 438|352 386 4.11 434 452
95 | 3.99 441 473 496 520|413 453 4.83 499 5.20
975 | 474 521 539 553 583|484 520 542 559 572
99 | 553 6.05 6.28 6.60 6.82|559 594 6.20 6.73 7.10
.05 90 [3.20 357 3.84 4.08 425|336 370 397 414 433
95 | 3.87 427 456 474 494|402 437 4.67 487 5.02
975 | 459 494 523 541 557|469 402 531 558 574
99 | 541 581 6.13 6.34 6.76 | 558 597 6.16 6.30 6.52
10 90 |29 337 364 3.87 413|326 360 3.83 399 4.10
95 | 3.67 4.15 437 456 4.67|3.85 415 4.38 457 4.72
975 | 439 467 5.06 521 545|439 474 500 515 534
99 | 521 565 592 6.10 659|515 565 584 6.08 6.19
A5 90 [291 334 360 3.8 4.03|3.09 344 364 384 3.99
95 | 3.63 4.06 434 459 479|366 4.00 4.28 4.61 4.73
975 | 438 479 5.05 528 546|430 473 498 517 543
99 | 528 570 5.83 598 6.22|517 557 593 6.07 6.15
25 90 [254 288 316 3.36 357|272 3.05 331 352 3.69
95 | 3.17 358 3.88 4.08 433|334 371 396 4.13 4.29
975 | 3.90 435 457 477 500|399 430 455 480 4.9
99 | 477 522 550 581 6.00|480 521 539 563 573




Table 2: Probability of Break Selection for Model 1 [m = 1]

a=1 o =0.95 | o =0.90 | o =0.85 o =0.80 o =0.50
m m m
n 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
T =120
05 | 317 593 .045 .045 .265 .650 .044 .041 231 .714 032 .023 .213 .732 .034 021 .161 .776 .044 019 .000 .920 .060 .020
0.6 | .141 741 071 .047 .058 .839 .054 .049 .019 .888 .053 .040 .005 .914 .050 .031 .005 .914 .053 .028 .000 .914 .052 .034
0.7 | .o67 .809 .058 .066 .012 .885 .056 .047 .000 .914 .050 .036 .000 .917 .048 .035 .000 .911 .052 .037 .000 .903 .064 .033
0.8 | .022 .838 .068 .072 .000 .897 .055 .048 .000 .924 .036 .040 .000 .923 .040 .037 .000 .927 .038 .035 .000 .910 .063 .027
09 | .008 .863 .060 .069 .000 .912 .050 .038 .000 .931 .043 .026 .000 .931 .038 .031 .000 .937 .035 .028 .000 .910 .062 .028
1.0 | .000 .865 .065 .070 .000 .913 .039 .048 .000 .919 .050 .031 .000 .920 .043 .037 .000 .926 .043 .031 .000 .899 .059 .042
T =240
05 | .064 874 .044 018 .000 .957 .033 .010 .000 .955 .042 .003 .000 .942 .051 .007 .000 .933 .056 .011 .000 .916 .083 .001
0.6 | .009 .927 .054 .010 .000 .963 .031 .006 .000 .963 .026 .011 .000 .949 .047 .004 .000 .934 .060 .006 .000 .920 .077 .003
0.7 | .00 .923 .070 .007 .000 .959 .033 .008 .000 .958 .037 .005 .000 .952 .042 .006 .000 .936 .059 .005 .000 .912 .086 .002
0.8 | .01 .915 .067 .017 .000 .962 .030 .008 .000 .945 .047 .008 .000 .940 .057 .003 .000 .932 .064 .004 .000 .919 .077 .004
0.9 | .000 .920 .058 .022 .000 .966 .024 .010 .000 .970 .023 .007 .000 .953 .037 .010 .000 .938 .051 .011 .000 .915 .080 .005
1.0 | .000 .907 .076 .017 .000 .964 .025 .011 .000 .965 .027 .008 .000 .958 .034 .008 .000 .945 .043 .012 .000 .917 .075 .008
T =360
05 | .012 .942 .034 .012 .000 .967 .021 .012 .000 .954 .040 .006 .000 .934 .057 .004 .000 .919 .070 .01l .000 .918 .075 .007
0.6 | .002 .930 .054 .014 .000 .968 .025 .007 .000 .962 .033 .005 .000 .939 .057 .004 .000 .928 .062 .010 .000 .934 .060 .006
0.7 | .000 939 .046 .015 .000 .969 .029 .002 .000 .950 .045 .005 .000 .937 .054 .009 .000 .919 .069 .012 .000 .925 .066 .009
0.8 | .000 .926 .062 .518 .000 .960 .031 .009 .000 .951 .036 .013 .000 .941 .052 .007 .000 .927 .061 .012 .000 .929 .063 .008
09 | .000 .927 .058 .015 .000 .972 .020 .008 .000 .963 .025 .012 .000 .946 .044 .010 .000 .928 .063 .009 .000 .932 .062 .006
1.0 | .000 .947 .049 .004 .000 .975 .021 .004 .000 .963 .029 .008 .000 .947 .038 .015 .000 .930 .055 .015 .000 .929 .062 .009




Table 3: Probability of Break Selection for Model 2 [m = 1]

a=1 o =0.95 | o =0.90 | o =0.85 o =0.80 o =0.50
m m m
n 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
T =120
05 | .014 513 .087 .386 .007 .587 .100 .306 .005 .684 .077 .234 .004 .725 .063 .208 .005 .760 .052 .183 .000 .800 .067 .133
0.6 | .001 .598 .077 .324 .000 .657 .063 .280 .000 .721 .068 .211 .000 .757 .060 .183 .000 .755 .072 .173 .000 .763 .070 .167
07 | .00 .628 .085 .287 .000 .676 .072 .252 .000 .732 .077 .191 .000 .759 .061 .180 .000 .769 .065 .166 .000 .776 .073 .151
0.8 | .000 .646 .073 .281 .000 .714 .049 .237 .000 .750 .052 .198 .000 .784 .055 .161 .000 .793 .054 .153 .000 .759 .063 .178
09 | .000 .675 .066 .259 .000 .725 .063 .212 .000 .760 .066 .174 .000 .776 .053 .171 .000 .785 .052 .163 .000 .791 .054 .155
1.0 | .000 .656 .080 .264 .000 .710 .055 .235 .000 .752 .060 .188 .000 .753 .062 .185 .000 .775 .048 .177 .000 .765 .059 .176
T =240
05 | .002 .683 .136 .179 .000 .819 .076 .105 .000 .871 .069 .060 .000 .875 .072 .053 .000 .874 .082 .044 000 .858 .107 .035
0.6 | .000 .753 .104 .143 .000 .856 .066 .078 .000 .894 .054 .052 .000 .891 .065 .044 .000 .875 .078 .047 .000 .872 .097 .031
07 | .ooo .761 .113 .126 .000 .876 .063 .061 .000 .886 .065 .049 .000 .879 .078 .043 .000 .882 .077 .04l .000 .852 .113 .035
0.8 | .000 .804 .103 .093 .000 .885 .066 .049 .000 .900 .071 .029 .000 .895 .065 .040 .000 .883 .073 .044 .000 .865 .100 .035
0.9 | .00 .845 .083 .072 .000 .902 .050 .048 .000 .905 .056 .039 .000 .903 .061 .036 .000 .882 .072 .046 .000 .852 .112 .036
1.0 | .000 .831 .079 .090 .000 .892 .056 .052 .000 .906 .058 .036 .000 .900 .067 .033 .000 .901 .068 .031 .000 .870 .099 .03l
T =360
05 [.000 .791 .099 .110 .000 .924 .041 .035 .000 .932 .040 .028 .000 914 .059 .027 .000 .90l .065 .034 .000 .895 .084 .021
0.6 | .000 .829 .083 .088 .000 .919 .042 .039 .000 .925 .043 .032 .000 .900 .061 .039 .000 .898 .065 .037 .000 .887 .088 .025
0.7 | .00 .845 .076 .079 .000 .923 .034 .043 .000 .923 .045 .032 .000 .907 .061 .032 .000 .889 .081 .030 .000 .895 .089 .016
0.8 | .000 .840 .103 .057 .000 .915 .057 .028 .000 .911 .064 .025 .000 .907 .065 .028 .000 .897 .076 .027 .000 .889 .095 .016
09 | .0o00 .881 .068 .051 .000 .922 .052 .026 .000 .916 .057 .027 .000 .910 .060 .030 .000 .892 .086 .022 .000 .897 .088 .015
1.0 | .000 .859 .087 .054 .000 .926 .042 .032 .000 .918 .056 .026 .000 .907 .066 .027 .000 .892 .078 .030 .000 .901 .085 .014




Table 4: Probability of Break Selection for Model 1 [m = 2]

a=1 o =0.95 | o =0.90 | o =0.85 o =0.80 o =0.50
m m
n 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
T =120
05 | .000 .589 .292 .119 .000 .604 .288 .108 .000 .625 .295 .080 .000 .616 .329 .055 .000 575 .371 .054 .000 .028 .884 .088
0.6 | .000 433 430 .137 .000 .444 431 .125 .000 .437 .457 .106 .000 .418 .495 .087 .000 .397 .519 .084 .000 .023 .871 .106
07 | .00 332 516 .152 .000 .295 .555 .150 .000 .274 578 .148 .000 .257 .616 .127 .000 .231 .651 .118 .000 .012 .875 .113
0.8 | .000 .233 .599 .168 .000 .191 .654 .155 .000 .157 .706 .137 .000 .119 .752 .129 .000 .095 .787 .118 .000 .009 .898  .093
09 | .000 .164 .667 .169 .000 .128 .716 .156 .000 .066 .789 .145 .000 .061 .805 .134 .000 .047 .838 .115 .000 .004 .900 .096
1.0 | .000 .0908 .720 .182 .000 .070 .759 .171 .000 .046 .802 .152 .000 .027 .843 130 .000 .021 .862 .117 .000 .000 .899 .101
T =240
05 | .000 .297 639 .064 .000 .229 .720 .051 .000 .180 .777 .043 000 .125 .826 .049 .000 .070 .876 .054 .000 .000 .950 .050
06 | .000 .145 .781 .074 .000 .056 .893 .051 .000 .021 .925 .054 .000 .012 .936 .052 .000 .003 .939 .058 .000 .000 .944 .056
0.7 | .00 .060 .864 .076 .000 .011 .927 .062 .000 .005 .934 .061 .000 .000 .951 .049 .000 .000 .950 .050 .000 .000 .950 .050
0.8 | .00 .014 .905 .081 .000 .001 .935 .064 .000 .000 .939 .061 .000 .000 .948 .052 .000 .000 .951 .049 .000 .000 .957 .043
0.9 | .000 .003 .906 .091 .000 .000 .948 .052 .000 .000 .949 .051 .000 .000 .943 .057 .000 .000 .946 .054 .000 .000 .954 .046
1.0 | .000 .001 .913 .086 .000 .000 .944 .056 .000 .000 .953 .047 .000 .000 .963 .037 .000 .000 .960 .040 .000 .000 .950 .050
T =360
05 | .000 .103 .833 .064 .000 .018 .930 .052 .000 .000 .944 .056 .000 .000 .926 .074 .000 .000 .915 .085 .000 .000 .902 .098
0.6 | .000 .027 .899 .074 .000 .001 .944 .055 .000 .000 .945 .055 .000 .000 .934 .066 .000 .000 .915 .085 .000 .000 .913 .087
0.7 | .000 .009 .900 .091 .000 .000 .934 .066 .000 .000 .935 .065 .000 .000 .926 .074 .000 .000 .918 .082 .000 .000 .911 .089
0.8 | .000 .002 .907 .091 .000 .000 .953 .047 .000 .000 .953 .047 .000 .000 .937 .063 .000 .000 .930 .070 .000 .000 .914 .086
0.9 | .000 .000 .917 .083 .000 .000 .948 .052 .000 .000 .940 .060 .000 .000 .925 .075 .000 .000 .911 .089 .000 .000 .905 .095
1.0 | .000 .000 .922 .078 .000 .000 .936 .064 .000 .000 .934 .066 .000 .000 .926 .074 .000 .000 .915 .085 .000 .000 .907 .093




Table 5: Probability of Break Selection for Model 2 [m = 2]

a=1 o =0.95 | o =0.90 | o =0.85 o =0.80 o =0.50
m m m
n 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
T =120
05 | .000 .15 .373 .512 .000 .106 .397 .497 .000 .121 .436 .443 000 .110 .501 .389 .000 .094 .539 .367 .000 .010 .648 .342
0.6 | .000 .042 .418 540 .000 .045 .474 481 000 .056 .500 .444 .000 .045 532 423 .000 .037 .566 .397 .000 .010 .619 .371
0.7 | .000 .009 .468 .523 .000 .009 .491 .500 .000 .009 .520 .471 .000 .009 .555 .436 .000 .009 .588 .403 .000 .001 .616 .383
0.8 | .000 .000 .482 .518 .000 .001 .546 .453 .000 .000 .579 .421 .000 .000 .606 .394 .000 .000 .640 .360 .000 .000 .649 .351
0.9 | .000 .000 .511 .489 .000 .000 .529 .471 .000 .000 .566 .434 .000 .000 .595 .405 .000 .000 .611 .389 .000 .000 .655 .345
1.0 | .000 .000 .497 .503 .000 .000 .525 .475 .000 .000 .560 .440 .000 .000 .616 .384 .000 .000 .621 .379 .000 .000 .667 .333
T =240
05 [ .000 .077 .42 .381 .000 .069 .620 .311 .000 .029 .719 .252 .000 .015 .790 .195 .000 .002 .830 .168 .000 .000 .873 .127
0.6 | .000 .011 .606 .383 .000 .004 .692 .304 .000 .002 .775 .223 .000 .000 .828 .172 .000 .000 .849 .151 .000 .000 .874 .126
0.7 | .00 .001 .628 .371 .000 .000 .714 .286 .000 .000 .784 .216 .000 .000 .817 .183 .000 .000 .849 .151 .000 .000 .859 .141
0.8 | .000 .000 .697 .303 .000 .000 .760 .240 .000 .000 .829 .171 .000 .000 .862 .138 .000 .000 .873 .127 .000 .000 .873 .127
0.9 | .000 .000 .710 .290 .000 .000 .789 .211 .000 .000 .840 .160 .000 .000 .850 .150 .000 .000 .838 .132 .000 .000 .854 .146
1.0 | .000 .000 .733 .267 .000 .000 .793 .207 .000 .000 .850 .150 .000 .000 .867 .133 .000 .000 .872 .128 .000 .000 .877 .123
T =360
05 | .000 .026 .673 .301 .000 .002 .818 .180 .000 .000 .895 .105 .000 .000 .901 .099 .000 .000 .900 .100 .000 .000 .904 .096
0.6 | .000 .000 .746 .254 .000 .000 .838 .162 .000 .000 .894 .106 .000 .000 .889 .111 .000 .000 .897 .103 .000 .000 .915 .085
0.7 | .000 .000 .771 .229 .000 .000 .872 .128 .000 .000 .919 .081 .000 .000 .918 .082 .000 .000 .912 .088 .000 .000 .903 .097
0.8 | .000 .000 .787 .213 .000 .000 .894 .106 .000 .000 .914 .086 .000 .000 .916 .084 .000 .000 .897 .103 .000 .000 .904 .096
0.9 | .000 .000 .822 .178 .000 .000 .893 .107 .000 .000 .910 .090 .000 .000 .894 .106 .000 .000 .903 .097 .000 .000 .905 .095
1.0 | .000 .000 .804 .196 .000 .000 .890 .110 .000 .000 .899 .101 .000 .000 .895 .105 .000 .000 .882 .118 .000 .000 .902 .098




