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Introduction:-

Testing for the presence of a unit root has become a problem of great concern to economists. The unit root test was
originated by Dickey, Fuller (1979), who came up with the ADF test which the data generation process was
autoregressive process of order p. Subsequently, Fuller et al. (1981), Said and Dickey (1984) and Phillips (1987)
have permitted the development and applications of formal tests of unit root. In the recent literature on integrated
processes increasing attention has been paid to the impact of structural changes on both size and power of unit root
tests. Perron (1989) showed that the presence of a shift in the deterministic trend can reduce the power of unit root
tests dramatically. Hamori and Tokihisa (1997) examined the effects of shifts in variance on the unit root tests and
showed that the limiting distribution of the standard unit root test is not invariant to changes in variances. Giuseppe
Cavaliere (2004) provided a general framework for investigating the effects of permanent changes in the variance of
the errors of an autoregressive process on unit root tests. Furthermore, we should nevertheless bear in mind that
some variables do not exist just one change. For example, Lumsdaine and Papell (1997) have considered the
presence of two breaks in trend variables; Clemente et al. (1998) extended the Perron and Vogelsang (1992)
statistics to the case of two changes in the mean. Leybourne and Newbold (2000a, b) proposed that unit root tests are
seriously affected by the presence of relatively early breaks in the slope of the deterministic trend. For more details
about this issue, we refer the reader to Joakim Westerlund(2014), Larsson and Lyhagen (2015) and Ryota Yabe
(2017) among others.

All these above studies concentrated on the case where the variances of time series are finite. Many types of data
from economics and finance have the same character: a heavier tail than the normal variants and it is more precise to
model these heavy-tailed data with some «-stable processes, where the index « can reflect the heaviness of the data.
Chan and Tran (1989) proposed for a first order autoregressive process where the innovations are i.i.d which belongs
to the domain of attraction of a stable law and the limiting distribution was established as a functional of a Levy
process. Agnieszka Jach (2003) reported that the subsampling methodology can be used to develop unit root tests
when the noise sequence is heavy-tailed with infinite variance. Horvath and Kokoszka (2003) analogously
developed a residual bootstrap approximation to the distribution of a least-squares estimator of the autoregressive
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parameter when this parameter is equal to unity. Guodong Li et al. (2014) proposed a hybrid bootstrap method that
approximates the enhanced Dickey-Fuller test by disturbing the residual sequence and the minimum value of the
objective function and this method is efficient in handling heavy tailed sequence. When the innovations have heavy
tail and dependent on the unit root test, Stelios Arvanitis (2017) proved a function limit theorem which has complex
rates and limits that depend on levy process. However, the literatures suppose that the scale volatility of heavy tailed
errors is constant. Therefore, the purpose of this paper is to examine the effects of a break in scale volatility on
conventional unit root under heavy tailed sequences.

The paper is organized as follows. In section 2 introduces data generating process (DGP) and some crucial
assumptions. The limit distribution of statistic is also derived. The finite size and power properties of the unit root
test are investigated by Monte Carlo simulations in Section 3. Section 4 provided the concluding remarks.

Main Result:-
Suppose the observations y;, follow the model with sample size T

Ve = PYeo1 + U, Uy = 6p& t =12, T (1)
where

_fa,t < [vT]
o ={gre > o @
and v € [0,1]. a, B are unknown values and {&,} are I.1.D sequence satisfying the following assumption.

Assumption2.1. The strictly stationary symmetrical innovations ¢, are in the domain of attraction of a stable law
withindex 1 <k < 2,and Eg;, =0

Our approach relies on the following results derived in Theorem 3 of Kokoszka and Wolf (2004) and the Sec. 4.4 of
Resnick (1989).

Lemma2.1. If Assumption 2.1 holds, then
[T7] [TT]

az! Z & ,ar? Z &? s (U@, v@)) inD([0,1],R?)

where
ar =inf{x : P(lg| >x) < T}
d
and the random variable U(-) is k-stable and V (+) is k/2-stable Levy process in [0,1]. The symbol — represents for
convergence in distribution.

The exact definition of the Levy process (U(r), V(r)) appearing in the lemmal is not required in the following, but
we can recall that the a; can be expressed as

ar = TY*L(T)
for some slowly varying function L.

Therefore, we can rewrite

8¢ = aljegiro)) + Blies (1) 3)
together with Assumption 2.1 and (3), it ensures that
[Tr] [Tr]
ar’ z u, = ar’ Z [al[ts[TT]] + .Bl[t>[Tr]]] &t
t=1 t=1 L
= aU (M) ljper +{aU () + BIU) — U@ sy = U(T,7)
[Tr] [Tr] 5
ar’ Z uf = az? Z [“’[ts[m] + 31[t>[rr]]] et
t=1 t=1

5 2V (Mg + {2V (@) + BV = V(@) Mo = V(D7)

Next, we consider the following conventional test statistic for the unit root test:
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0—1
t =pA
%
h A SEaYeVeer A _ 62/ 3T 2 )1/2 62 =T1YT_(y, — p )2
whnere p _—Z{—1Ytz—1 ,0p = 0'5/ t=1Yt-1 ,0g = =1Vt — PYt-1) -

If the null hypothesis p = 1 holds, then y, = Y}{_, u,we get

T T
1 L1
a;z Z Ve—1Us = 2 [(a;lyT)z - a;Z z u?l - 2 [U(r,1)? =V (7, 1)],
t=1 t=1

T T 1
T'1a¥2zyt2-1 = T'lz(a?yt_l)z =>j U(z,s)?ds
t=1 t=1 0

Here, since
TG -1) = ZZ=1 YeVe-1 _ 217:;1 Ve-1Ut
Z=1 Yt2—1 Zz:1 Yt2—1

L CRICITCRD)
f01 U(t, s)2ds

—2yT
_ ar Di=1Ye-1Ut

=i —2vT 2
T=ar® Mi=1Yi—1

hold true, the limiting distribution of ¢ test statistic
p—1

t=

L
-

Op

—2 VT
ar® Yi=1YVe-1ls

U(r,1)?-V(r,1)

Simulation:-
In this section, we use Monte Carlo simulation method to examine effects of scale volatilities on the size and power.
We applied it to the simulated sequence of process (1)-(2) with different values of {x = 1.1,1.4,1.7,1.9}, {v =
0.1,0.3,0.5,0.7,0.9} and sample sizes {T = 100,200}. For each action, every experiment repeats 2000 times. The
significance level is 5%. It takes into account the magnitude of shifts A = 8/a belonging to {1, 2, 4, 8}. When

A = 1 there is no scale change. The value of p varies among {0.5, 0.9, 0.95, 1.0}.

ZJV(T, 1) fol U(t,s)?ds
is followed by az? ¥i_,(p — 1)?y¢_; = 0,(1), a7? Xi=; 2((A—1)ye-que) = 0,(1).

Table 1:- Empirical size of t statistic.

\/T_la# te1 Y (ar? Xt (P — D2yl + T lar? X, ug

-2 \T
— aT

t=1 2((P—1D)yr—1up))
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x | T=100 T=200

A v |01 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9

1 |11 |530 4.45 4.40 4.35 5.30 5.25 4.35 3.85 4.80 4.30
1.4 | 480 5.05 5.65 5.15 4.20 4.15 4.60 4.80 4.20 4.30
1.7 |5.30 5.05 4.95 5.35 4.85 5.10 6.35 5.65 5.05 4.90
19 |585 5.85 6.10 4.90 5.25 4.80 5.30 4.40 4.50 4.15

2 |11 |545 6.25 6.75 6.40 5.55 4.95 4.70 5.45 6.15 5.25
1.4 |5.60 6.55 6.00 7.15 4.80 5.60 5.20 5.65 5.80 5.45
1.7 |5.60 6.30 6.25 7.05 5.95 6.45 6.95 7.50 6.95 6.35
1.9 ]6.30 7.00 7.45 5.70 6.25 5.60 6.10 7.10 6.65 5.00

4 |11 |5.20 8.00 7.70 7.80 6.15 6.05 6.25 8.35 8.30 6.60
1.4 | 575 8.05 9.10 9.05 7.20 5.60 6.55 8.75 7.95 7.80
1.7 | 555 9.65 11.60 9.80 8.30 7.65 8.70 10.45 11.55 9.00
19 |6.55 9.65 11.00 12.90 9.50 5.50 8.45 10.65 11.50 10.15

8 [11 |6.20 9.75 10.05 13.45 9.45 5.85 6.55 9.95 11.70 8.40
1.4 |5.95 8.25 11.15 13.95 11.25 6.00 7.95 11.20 12.35 13.30
1.7 |5.80 8.90 13.35 18.35 18.20 8.00 10.00 14.80 20.15 18.15
19 |525 10.80 14.85 17.60 19.95 5.90 10.00 13.35 19.80 19.55
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Table 1 reports the empirical size results for p = 1.0. It is expected that the size percentage is close to the
significance level if A = 1. However, as the ratio of scale 1 increases, the size distortion becomes serious. When T =
100, k = 1.4 and v = 0.5 and the scale volatility increases from 2 to 8, and then rejection rate increases, from 6.00
to 11.15. As the sample size increases, substantial over-sizing comes up. Such as, when 1 =8,v = 0.5and x = 1.7,
and the sample size increases from 100 to 200, and then rejection rate increases, from 13.35 to 14.80.

It is interesting that the size percentage of ¢t depends on the position of the breakpoint v. The size distortion is
present except forv = 0.1. For example, when T = 200, k = 1.9 and A = 4, the rejection rate is 5.50. With the
increase of heavy tail index, the size distortion is severe. Take for example, when T = 100, v = 0.7and A = 4 and
the tail index increases from 1.1 to 1.4 and 1.7, and then rejection rate increases, from 7.80 to 9.05 and 9.80.

Table 2:- Empirical power of t statistic.

T=100

T=200

v

k=11

k=14

k=11

K

=14

Al p

0.5

0.9

0.95

0.5

0.9

0.95

0.5

0.9

0.95

0.5

0.9

0.95

101

99.90

93.75

37.95

100.00

86.55

34.55

100.00

99.70

91.90

100.00

99.65 | 83.95

0.3

99.90

92.85

35.95

100.00

88.00

34.50

100.00

99.55

91.60

100.00

99.65 | 84.60

0.5

99.90

92.90

37.70

99.90

85.95

33.75

100.00

99.55

91.60

100.00

99.60 | 85.55

0.7

99.95

93.25

36.95

99.95

87.85

33.60

100.00

99.40

91.85

100.00

99.70 | 85.05

0.9

99.90

93.40

37.45

99.85

86.00

33.40

99.95

99.60

92.15

99.90

99.75 | 84.35

2|01

99.80

93.65

38.55

99.90

85.00

35.80

100.00

99.55

90.55

100.00

99.65 | 85.00

0.3

99.70

90.65

38.00

99.85

84.95

32.80

100.00

99.50

88.45

99.90

99.30 | 82.65

0.5

99.70

90.90

36.65

99.95

84.65

33.90

99.80

99.50

89.15

99.95

99.10 | 84.20

0.7

99.70

89.80

38.60

99.85

82.05

35.25

99.90

99.20

87.90

99.95

99.00 | 80.85

0.9

99.50

88.85

36.75

99.50

81.00

33.50

99.95

98.85

88.45

99.95

98.50 | 80.65

4101

99.80

92.55

37.30

99.90

86.85

33.25

99.95

99.85

91.25

100.00

99.45 | 84.75

0.3

99.80

89.85

36.90

99.95

84.15

34.65

99.90

99.35

89.40

99.95

98.90 | 81.40

0.5

99.85

88.30

37.10

99.80

80.10

37.30

99.80

99.30

86.30

99.85

98.85 | 78.90

0.7

99.65

86.15

39.40

99.45

77.10

36.75

99.95

98.40

84.15

100.00

96.90 | 76.55

0.9

99.20

82.95

33.55

99.25

73.00

33.10

99.70

96.75

81.05

99.90

94.40 | 73.25

801

99.85

93.20

36.05

99.95

85.90

33.00

99.95

99.40

91.55

99.95

99.65 | 83.30

0.3

99.90

88.90

36.20

99.85

82.10

34.15

99.85

99.40

87.65

100.00

99.30 | 80.40

0.5

99.55

85.95

39.10

99.75

78.40

38.50

99.90

99.00

85.00

100.00

98.70 | 79.05

0.7

99.35

83.50

40.90

99.65

75.50

42.30

99.90

97.40

81.25

99.90

96.85 | 72.25

0.9

99.05

75.70

35.60

98.25

66.00

38.95

99.40

93.30

73.10

99.60

90.00 | 65.85

Table 2:

- Empirical power of ¢ statistic.

T=100

T=200

k=17

k=17

k=19

0.5

0.9

0.95

0.5

0.95

0.5

0.9

0.95

0.5

0.9

0.95

100.00

82.90

36.40

99.95

82.30

33.00

100.00

99.85

83.20

100.00

99.90

76.75

0.3

99.95

81.70

33.85

100.00

79.70

34.80

100.00

99.80

84.10

100.00

99.65

76.65

0.5

100.00

82.50

33.90

100.00

80.00

35.30

100.00

99.95

84.20

100.00

99.70

76.20

0.7

100.00

83.20

34.85

100.00

80.00

33.90

100.00

99.90

83.15

100.00

99.70

77.35

0.9

100.00

82.45

34.45

100.00

81.55

34.20

100.00

99.60

85.40

100.00

99.80

78.75

100.00

81.55

35.15

100.00

82.10

35.05

99.95

99.75

83.65

100.00

99.80

77.15

0.3

99.85

79.45

36.20

99.95

76.45

34.40

100.00

99.35

81.80

100.00

99.55

75.35

0.5

99.90

78.25

36.60

99.95

77.75

35.60

100.00

99.50

80.35

100.00

98.70

73.40

0.7

100.00

77.65

36.20

99.95

74.85

37.45

100.00

98.75

77.00

100.00

98.35

72.60

0.9

99.85

74.50

33.30

100.00

73.40

35.15

100.00

98.35

76.90

100.00

96.80

70.85

100.00

82.35

36.45

100.00

79.90

36.55

100.00

99.60

84.35

100.00

99.60

77.10

0.3

99.95

78.40

36.55

100.00

76.95

39.25

100.00

99.40

80.75

100.00

99.45

75.05

0.5

99.95

74.50

38.95

100.00

73.45

38.40

100.00

99.00

77.75

100.00

98.20

70.65

0.7

99.85

72.80

43.50

100.00

71.90

40.85

100.00

96.70

74.80

100.00

95.00

71.30
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0.9 19950 |69.05)39.75|99.60 | 67.90 | 40.15 | 99.95 |91.90 | 71.85 | 99.95 | 88.95 | 64.85

8101[99.95 |80.40 | 35.20 | 100.00 | 79.30 | 34.30 | 100.00 | 99.65 | 83.05 | 100.00 | 99.60 | 76.20

0.3]199.95 | 77.95 | 38.10 | 100.00 | 77.25 | 38.15 | 100.00 | 99.50 | 79.85 | 100.00 | 99.05 | 73.90

0.5]99.95 | 74.05 | 39.65 | 100.00 | 74.65 | 40.05 | 100.00 | 98.15 | 75.65 | 100.00 | 98.20 | 72.25

0.7 199.70 | 72.60 | 45.75 [ 99.95 | 70.90 | 45.15 | 100.00 | 96.15 | 71.55 | 100.00 | 92.85 | 68.90

0.9 19820 |63.35)|46.30 | 97.60 | 64.70 | 48.25 | 99.75 | 84.80 | 64.05 | 99.80 | 81.90 | 63.60

Now, the consequences for the empirical power are collected in Table 2-3. It is not surprised that the reject power
enhances as p is far away from 1. Second, the larger ratio of scales does induce the smaller reject percentage. For
instance, when T = 100, v = 0.5, p = 0.95 and k = 1.7, the rejection rate is 82.50 to 74.50 and 74.05 for A =
1,4,8. Third, the reject rate decrease as the location of breakpoint closes to the endpoint. Such as, when T =
200,k = 1.7 ,A =8 and p = 0.95, the breakpoint position increases from 0.1 to 0.5 and 0.9, then power decreases
from 83.05 to 75.65and 64.05. Forth, the reject power increase with samples size approach to infinite. Finally, the
rejection frequency is still sensitive to the heavy tail index. For example, when T = 100, v = 0.3,p =09and 1 =
2, and the tail index increases from 1.1 to 1.4 and 1.9, then rejection rate drops, from 90.05 to 84.95 and 76.45.

Conclusion:-

This paper examines the unit root test for heavy tailed series with single change point in scale volatility. The
asymptotic distribution of conventional test statistic was proved and the simulations on finite samples report that
non-constant scales volatility can inflate the rejection frequency of the test. Thus, standard unit root test is invariant
to structural changes in scales volatility. The size distortion becomes large as the time of scale shift moves
backwards.
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