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Spurious Regressions with Processes
around Linear Trends or Drifts

Tae-Hwan Kim, Young-Sook Lee and Paul Newbold

School of Economics, University of Nottingham, Nottingham NG7 2RD, UK

Summary In this paper we consider the situation where the deterministic
components of the processes generating individual series are linear trends
and the individual series are independent 1(0) or I(1) processes. We show
that when those time series are used in ordinary least squares regression,
the phenomenon of spurious regression occurs regardless of whether a time
trend is included in the regression.



1 Introduction

Following Granger and Newbold (1974) and Phillips (1986), the spurious
regression phenomenon in econometrics is generally understood to refer to
the impact of ordinary least squares regression on independent time series
generated by integrated processes. However, as has recently been discussed
in the literature, the phenomenon can also occur for regressions involving
highly autocorrelated trend stationary processes.

In this paper we consider the situation where the deterministic com-
ponents of the processes generating individual series are linear trends. In
Section 2, the stochastic components are taken to be stationary ..rst order
autoregressions. We consider the cases where a time trend both is not and
is included in the ..tted regression. Section 3 of the paper extends these
results to what might be viewed as the limiting case, where individual series
are generated by random walks with drifts.

2 Spurious regressions with 1(0) processes around
linear trends

We consider two independent stationary processes y; and x; around trends,
that are generated from the following DGP:

Yo = pyt OByt tug 5 up = dyup—1 e 5 [ <1, €))
Tt = Mg + ﬁxt + Ugt 5 Ugt = quumtfl -+ Ext ‘(st’ < 1.

Assumption 1. (i) g, is i.i.d(0, 05), (ii) e, is i.i.d(0, 02) and (jii) ¢, and
eq¢ are independent.

The conditions on ,; and ¢, can be relaxed, but we keep Assumptionl
for clarity and simplicity. To investigate a possible relationship between y;
and x;, a researcher might run an OLS regression of i on a constant and
Tt.

Yt = & +Jrt +er. ()

This regression has been extensively studied in the literature. When y,
and x; are independent random walks without drifts, Granger and Newbold
(1974) and Phillips (1986) analysed this regression showing that the OLS
estimator 4 converges to a random variable and its ¢-statistic diverges with
a rate 7'/2. Examining the same regression, Entorf (1997) proved that if y;
and x; are independent random walks with non-zero drifts, then 4 converges
in probability to the ratio of the drift of y. and the drift of x;, and its ¢-
statistic diverges with the same speed 7/2. Similar results were reported
by Marmol (1998) in the context of nonstationary fractionally integrated



processes. While most studies focus on independent nonstationary processes,
Granger et al (2001) and Tsay and Chung (2000) studied the regression,
assuming that y; and xz; are independent stationary processes without any
trend components.

Similarly to these previous studies, we examine the same regression as
(2), but assuming that y; and x; are independent stationary processes around
non-zero sloping trends; speci..cally at least one of 3, and 3, in (1) is not
zero. The following theorems show the impact of these non-zero slope terms
on the asymptotic distributions of various statistics from (2).

Theorem 1 Suppose that v, and x, are generated by (1), the equation in (2)
is estimated by least squares regression and Assumption 1 holds. If 5, #0
and 3, # 0, then we have
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where sgn(z) = 1[220} — 1[z<0]-

As in Entorf (1997), the OLS estimator 4 converges in probability to
the ratio of the two trend coe€cients, 3, /B, and its ¢-statistic ¢4 diverges.
However, t; diverges with a faster rate 7%/2 than Entorf (1997) where t;
diverges with rate 7"/2. From the probability limit of 7-3/2¢; in Theorem
1, it can be easily seen that (i) the farther away from zero either 3, or 3, is,
the larger the absolute value of ¢; becomes, and (ii) the closer to one either
¢, or ¢, is, the smaller the absolute value of ¢, is. By way of illustration we
graph the probability limit multiplied by 73/2, which can predict the ..nite
sample behavior of ¢5. Figure 1(a) shows the probability limit multiplied
by 7%/ as a function of 3, with T' = 50, 8, = 0.03, ¢, = ¢, = 0.3 and
oy = 0y = 1. Even with 7" as small as 50, the ¢-statistic becomes larger
than 1.96 (the 5% critical value from N(0,1)) once [, is greater than 0.03.
The case with 7' =100 and 3, = 0.01 is displayed in Figure 1(b). With 3,
as low as 0.01, the approximated ¢-statistic is well above 1.96 for almost any
values of 3,. When varying 3, while ..xing 3, at the same set of values as in
Figures 1(a) - 1(b), the same graphs are obtained, which is expected from the
expression given in Theorem 1. Hence they are not reported. On the other
hand, the impact of changing 7" is shown in Figure 1(c) with 3, = 3, = 0.01
and in Figure 1(d) with g, = 8, = 0.03. When g, = 3, = 0.01, the ¢
statistic becomes larger than 1.96 for 7" > 80. It is more evident when
B, = B, = 0.03, in which case any values of 7" > 30 can cause spurious
regressions.

We next consider the case in which only one of 3, 3, is zero. The
following theorem shows the asymptotics in this case.

3



Theorem 2 Suppose that y; and x; are generated by (1), the equation in (2)
Is estimated by least squares regression and Assumption 1 holds. If 3, =0
and 3, # 0, then we have

7325 4, N (0 ﬁL) and t, % N (0 1—_¢2L>
' 53 (1 - ¢,)? ! T(1-9y)%)

If 3, #0 and 3, = 0, then we have

2 2\2 2
,1/2A$ (1_¢1) ) Ai} ( 1_¢m >
T Y4 = N (0, —h%u — %)2 and t3y = N 0,—(1 .7 )

The OLS estimator 4 converges to zero when the dependent variable v,
has no trend and the independent variable x; has one. On the other hand,
the same OLS estimator diverges when the trend term is present only in
the dependent variable. Even though the behavior of the two OLS esti-
mators are completely dicerent, their corresponding ¢-statistics converge to
very similar normal distributions. In fact, the variances of the two lim-
iting normal distributions are of the exact same functional form in which
the argument is the AR parameter of the variable with no time trend term.
For example, when B, =0, only Py determines the limiting distribution.
Let ¢ be either ¢, or ¢,. Then it can be easily shown that (i) the vari-

ance term (i—:% is greater than unity if and only if 0 < ¢ < 1 and (ii)
the variance term is a monotonically increasing function of ¢. The second
property implies that as ¢ approaches unity, the asymptotic rejection rate
becomes larger. This is a sharp contrast with the result in Theorem 1 where
the ¢-statistic ¢4 is a decreasing function of ¢, and ¢,. Therefore, for any
stationary AR(1) processes, spurious regressions can occur and the extent of
that phenomenon depends on the closeness of the AR parameter ¢ to unity.
Given that we know the exact form of the variance of the limting normal
distribution, it is possible to calculate the asymptotic rejection probability
based on ¢; and the 5% critical value (1.96) from N(0,1). Let Z; denote
the limiting normal random variable. Then, the asymptotic rejection prob-
ability, denoted ARP(¢), is given by

ARP(¢) = Pr(|Zy| > 1.96) ®3)
= 21— 3(1.96v(¢) /)]

where @ is the cumulative distribution function of N(0,1) and v(¢) = &—:é‘%
Figure 2 shows the graph of ARP(¢) against ¢. It increases at a faster rate
as ¢ approaches one.

All the results obtained so far are of interest when the trend components

B, or 3, are small so that the researcher is mistaken in believing that the



regression in (2) is correctly speci..ed. Of course, when the trend components
are large enough to be easily detected, then a time trend term can be added
to the regression; )

Y = &+ Bt +A4x + e )

However, the following theorem shows that adding a time trend does not
eliminate spurious exects.

Theorem 3 Suppose that ¢, and z; are generated by (1), the equation in
(4) is estimated by least squares regression and Assumption 1 holds. Then

(1= ¢2g2)o> )

(1—-¢2)1 —¢,0,)%2)"
d 1 —¢2¢7

ts = N (0,—(1 _¢x¢yy)2> .

In contrast with Theorems 1 and 2 in which dizerent asymptotics result
from dicerent values of 3, and 3., the results in Theorem 1 are invariant to
B, and 3,; they can be either zero or non-zero without acecting the limiting
distributions. The ¢-statistic ¢s does converge to a normal distribution, but
the variance of that distribution is not unity, but a complicated function
of the AR parameters, ¢, and ¢,, so that unless ¢,¢, = 0, using critical
values from N(0,1) can lead to spurious rejections. Note that the limiting
distribution of 5 is the same as the one in Granger et al (2001) in which it is
assumed that By, =B, =0 and no trend term is included in the regression.
Hence, the results can be regarded as an extension of Granger et al (2001).

In order to investigate the ..nite sample properties of the ¢-statistic ¢,
in Theorems 1-3, we conduct some Monte Carlo simulations. The two
error terms ¢, and ., are drawn from N(0,1) and various values of 7" are
used: 7' = 100,500, 1000,2000 and 10000. The results based on regressions
in (2) and (4) are given in Table 1 and Table 2 respectively. For comparison
we also include dizcerent types of stationary DGPs: MA(1) and 1(d) with
d € (—0.5,0.5).

We ..rst discuss Table 1. The case of 3, = 3, = 0 has already been re-
ported in the literature, but we include the case here for comparison purpose.
When the error terms follow AR(1) processes and both trend components
are non-zero, ..nite sample rejection rates are 100% regardless the values
of other model parameters. This can be easily explained by Theorem 1.
For example, for ¢, = ¢, = 0.9,7 = 100 and 8, = 3, = 0.2, the calcu-
lation of the probability limit of 773/2¢; in Theorem 1 predicts that ¢ is
1003/2 x 0.0178 = 17.8 which is well above 1.96. As T increases, or either
¢, or ¢, decreases, the magnitude of ¢, increases even further. Hence, the
rejection rate of 100% is well predicted. When either 3, or 3, is zero, Theo-
rem 2 predicts that the distribution of ¢, depends only on the AR parameter

T2 4 N (0,



of the variable with no time trend. The ..nite sample rejection rates for the
case of 3, = 0,3, = 0.2 and T" = 100, are 5.9%, 15.9% and 67% for ¢, =
0, 0.3, and 0.9 respectively (when ¢, = ¢,) and 4.8%, 68.2% for ¢, = 0,
0.9 respectively (with ¢, = 0.9,0 respectively). The asymptotic rejection
probability in (3) predicts that ARP(¢, = 0) = 5%, ARP(¢, =0.3) =15%
and ARP(¢, = 0.9) = 65%. As is obvious from the numbers, the ..nite
sample rejection rates are very well explained by the asymptotic rejection
probabilities whether ¢, is equal to ¢, or not.

In contrast to the AR(1) cases, when the error terms are generated by
MA(1) processes, there are no spurious esects if either 3, or 3, is zero, in
which case ..nite sample rejection rates are virtually zero. When g, = 3, =
0.2, the rejection rate is 100% as in the AR(1) cases. When the error terms
are fractionally integrated with d € (—0.5,0.5), the phenomenon of spurious
regressions is evident. Tsay and Chung (2000) showed that spurious ezects
occur if the sum of the long memory parameters for 3, and x; is greater than
0.5. When d = 0.4 for both y and x;, the sum is 0.8 and rejection rates
range from 20% to 100% depending on the values of 3, and 3,. Hence, the
spurious exects in the case of d = 0.4 con..rm the ..ndings of Tsay and Chung
(2000). However, it can be seen that spurious exects can also occur (see the
case of d = 0.1) even when the sum of the two long memory parameters is
less than 0.5. This ..nding has not been reported in the literature.

Table 2 shows ..nite sample rejection rates when a linear time trend
term is added to the regression. First of all, all rejection rates for AR(1)
cases become smaller than the corresponding ones in Table 1. As predicted
by Theorem 3, the rejection rates are independent of the values of 3, or
B,. We also note that when either ¢, or ¢, is zero, there is no spurious
rejection phenomenon. This is not caused by the asymmetry of 3, or (3.

Rather, it is simply because the asymptotic variance of ¢; is % so that
the variance becomes unity when either ¢, or ¢, is zero. It is iynteresting
to see that while adding a time trend term reduces spurious exects in all
AR(1) cases, the same thing produces spurious exects in the MA(1) cases;
the rejection rates are about 7% for 6, = 6, = 0.3 and about 11% for

0, =0, =1.
3 Spurious regressions with 1(1) processes with
drifts

In this section we consider two independent random walks with drifts as in
Entorf (1997):

Yoo = py Bty = Uy ey, ©)
Ty = Ot Fug b Uy = Ugp g +Egy



While Entorf (1997) examines the spurious regression phenomenon arising
when the regression in (2) is employed, we study the issue using the regres-
sion in (4); that is we add a time trend term to his regression equation.
The following theorem shows the asymptotic distributions of some statistics
from the regression in (4).

Theorem 4 Suppose that y, and z; are generated by (5), the equation in
(4) is estimated by least squares regression and Assumption 1 holds. Then
we have

20 (2 HyGy — 6H, M2 — 3M, Gy + 6My Hy My + 3Pyy My — 2Py H,)

T-1/24
Gy —12M2 + 12H, M, — 4H?2
N oy (6HyM; —4H, Hy — 12M, My +6MyHy + Pry) .
7 0o (G — 120M2 + 12H, M, — 4112) =5
B = By - \Ilﬁap
R2 = Op(1)7
DW = O,(T),
ta = Op(TY?),
tﬁ = OP(T1/2)7
t’? = OP(T1/2)7
where

W (r)dr, H,= V(r)dr,

o

1
W (r)2dr, Py = /O W (r)V (r)dr.

/01 1
M, = /OTW(r)dr, Myz/o rV (r)dr,
I

QD

Here, V(r) and W(r)
as

re independent Brownian motion processes de..ned

sT
a;lT_l/QZSyt = V(s),
t=1

sT
crgle_l/2 Zsmt = W(s).
t=1
The results in Theorem 4 is an extension of Phillips (1986); speci..cally
the OLS estimator 4 converges to a random variable and its ¢-statistic ¢
diverges with rate 7%/2. This should not be surprising since the regression
in (4) is identical to the following regression

Uy = +9Ty + e ®)

Y



where & = 0, and g and Z; are the residuals from the regressions of y and
x¢ on [1, ¢] respectively. Hence, the only dicerence between our results and
Phillips (1986) is that in the above regression (6) 7 and z; are pure random
walks in Phillips (1986) and demeaned and detrended random walks in our
case. Tables 3 and 4 show the spurious phenomenon in ..nite samples.
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4  Appendix
4.1 Proof of Theorem 1
The OLS estimator 4 is given by 4 = {Zle (2, — 5:)2}71 {Zle (xy— ) (y — g)}.

When 3, # 0 and 3, # 0, we have the following results: 7-3 Y27 2 32/3,

T_2 Z Tt £> /Ba;/27T_2 Z Ut ﬁ) ﬁy/2 and T_3 Zz:l Tyt ﬁ) ﬁwﬁy/?) By
combining these results, one can show that T3 L | (2, —z)* £ 32 /12 and
T3, (v —2) (y — ) > BuBy/12, which implies that 5 2 3, /8,. The

1/2

t-statistic t; scaled by T-3/2 is given by T—3/2t, = (5%)~1/2 {T*?’ ST (- j:)2} 4



where 6% = T-' Y7 e?. It is straightforward to show that 62 % o2(1 —
¢2) 1+ (8,/B:)%0.2(1— ¢3) . Hence, we have

" /2
—3/2, P o B,\> o2 (5 V2 3
T8 {1_—$§+<E:> 1— &2 12 Ej

which simpli..es to the expression in the theorem.

4.2 Proof of Theorem 2

We ...rst consider the case where 8, = 0 and 3, # 0. Since 3, # 0, we still
have 73T | (2 —z)* & 42/12. The numerator of 4 scaled by 7-3/2 is
given by

T
T_I/QZT, U
T-3/2 Ty — T —y) = A’( =170 ) 4o (1

tZ:;( t )(yt y) ﬁm T73/2 ZZ—‘:ltuyt p( )

d o2
% 3, AN (0,—y2Q>

(1_ ¢y)
2 2
= N O’ﬂL
201 — 0,
/ 1 1/2 3/22 4
where A = (—1/2,1Y and Q = 12 13 |- Hence, we have 79/25 %

2
N <0,%?>. Next we turn to the ¢-statistic ¢; which is given by t; =
@ y

(62)71/2 {T—3 ST ( —97:)2}1/2 T3/2%. Using the fact that &° > o2(1 —

¢2)~L, it can be shown that

o [ 02 VP (p2\ ' 1202\ 1—¢2
wt(r2) () ¥ (gmty) - (or)

Now we consider the next case of 3, # 0 and 3, = 0. Since 3, = 0, we have

—1
TAYT (@ -z B o2 (1 — gb%) by a law of large numbers. Similarly
to the previous case, we have

3N~y o TTPEL
T 3/2 ; (Cct —.T) (yt - y) = ﬁyA ( T73/2 Zf:lltz; ) + Op(l)
d / ‘7%
4 g AN (0,—( _ %)262)

2o
=N (0’ 00, %)2)
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.. —1/2~ d Bz (192 ’ _
By combining the results, we have T-1/25 & N <0, T ) The ¢

1/2
statistic is given by t; = (T—262)"1/2 {T*l ST (o — :E)Q} /

which we have

1/2 9 1/2 ) 2
4 (12 Oz _Py%r )\ _ A=
" (ﬁ) (1—¢3> N(O’m(l—w)‘N<0’<1—¢m>2>

using 7-26% £ 32/12. This completes the proof.

TY/25 for

4.3 Proof of Theorem 3

We can rewrite y; = &+t + 4z +¢ as Uyt = &+(3—ﬂy+ﬁﬂx)t—|—’yum—l—et.
Then, we have § = (XL, Z:Z)) " SL | Zwuy: where Z; = (1, t, ug) and
6 = (&, B—0B,+98,, %) We de.ne Dy = diag(T"/?,T3/2,T"/?) and
pre-multiply both sides of the expression of § by Dy to obtain

IV T1/2 T —1 T
T32(3 = B, +48) =(D;1ZZtZ£D;1) Di' >~ Zouye.
{ T1/2A J t=1 =1

It can be shown that

T [ 1 1/2 0 }
Dﬁ(E}@ﬂ)D;lL{U21B 0 y
t=1 oz /(1— ¢3)

0 0

Using the fact that the ox-diagonal terms are zero, we have

1— 2 T
12 = TIPS w001
z t=1
2 1 — 202
o . 2¢$N <O= p) ¢;¢y 2 2 m“i)
Oz (1 - ¢x)(1 - ¢y)(1 - ¢x¢y)

(1—¢2) (1 —¢22)0 5)
N<0’ T 0D (0= 6,0,)72

N —1
The t-statistic ¢ is given by t5 = 4 {var(3)} /> wherevar(3) = 6% (Zthl ZtZt) i3,
62=T1yT e?andiz=(001). Note that
R _ 2
6% = 12{% )= (B= 8, +38,) (t— 1) — (un — )}

0.2
Py

1—%

10



which implies that
_d LAY ( ¢x¢ﬂ )
T,

4.4 Proof of Theorem 4

We can rewrite y; = & -+ (3t + 4z + e; as
Uyt = Q 'f‘Bt + YUzt + €4 (7)

where 3 = 3 — 3, +48,. Then, we have 6 = (X5, Z,2) ' SL, Ziuy
where Z, = (1, t, uy) and 6 = (&, 3,4)"; that is,
=}
R T Yt i ta iy
St Y tuar S U2, S Uty

The limits of individual terms in the above expression when properly scaled
are as follows:

T 1
T3/ Z Upt = Um/ W (r)dr = o, Hy,
0

T 1
T-5/2 Ztumt = am/ rW(r)dr = oy M,
t=1 0

T 1
T2y 3 = ai/ W(r)dr = 04Gy,
— 0
T 1
T*3/2Z Uyt = ay/ V(r)dr = oyHy,
— 0

T 1
T-5/2 > tuy = ay/o rV (r)dr = oy M,,
t=1

T 1
T2 Z UgtUyt = amay/ W(r)V(r)dr = 040y Pry.
_ 0

Pre-multiplying both sides of (8) by diag(T—'/2,T'/2,1) and combining the
above results, we have
piss _ 20u@HGe — GH M2 — 3M,Gly + 6M, Hy My + 3Pey M,y — 2Py Hy)
Gy — 120M2 + 12H, M, — A2 ’
oy (6H,M, — AH, H, — 12M,M, + 6M,H, + P,,)
0o (Go — 1202 + 12H, M, — 42)
= B, — U0,

=V,

= >

11



Noting that the two regressions in (4) and (7) are equivalent, the coe¢cient
of determination R? is given by

R2 — 1_ St —1_ Yt
S (g — 1y ) ST w2 — T2
t=1\"%yt Y =1 "yt Y
0,(T?)
_ =2
Op(T7?)

Therefore, R? = O,(1). The Durbin-Watson statistic DIV is

L (e —ei—1)?
Zthl &7
SE{eyt — B = Aem}?
Y€
Op (T
Op(1?)

DW =

Therefore, DW = O,(T~"). The t-statistic ¢4 is t5 = 4{var(5)} "/ where

! -1 .
var(§) = 6%} (ZtT:1 ZtZt) i, > =T 'L ¢ and iz = (00 1)’. Since
62 =T 'S €7 = O,(T), var(3) = On(T~/?) and 4 = 0,(1), we have
ts = O,(T"?). The proofs for the other claims in the theorem are obtained
in a similar way and hence they are omitted.

12
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Table 1. Proportion of rejections (|t5| > 1.96) based on the regression

Y = & + Az + e; when y; and x; are independent stationary processes around

linear trends.
AR(1) AR(1) AR(1) AR(1) AR(1) MA(1) MA(1) 1(d) 1(d)
T B, B ¢, =0 ¢, = 0.3 ¢, =0.9 ¢, =0 ¢, =09 6,=0.3 0,=1 d=01 d—04
¢, =0 ¢, =03 ¢, =09 ¢, =09 ¢, =0 0. =0.3 0, =1 ’ ’
0 0 0.052 0.073 0.478 0.059 0.053 0.073 0.112 0.065 0.138
50 0 0.2 0.053 0.145 0.617 0.066 0.662 0.009 0.001 0.119 0.444
0.2 0 0.065 0.150 0.614 0.652 0.048 0.013 0 0.126 0.420
0.2 0.2 1.000 1.000 0.962 0.988 0.995 1.000 1.000 1.000 1.000
0 0 0.052 0.074 0.492 0.048 0.047 0.079 0.111 0.064 0.209
100 0 0.2 0.059 0.159 0.670 0.048 0.682 0.003 0 0.153 0.551
0.2 0 0.059 0.160 0.652 0.656 0.067 0.005 0 0.137 0.499
0.2 0.2 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
0 0 0.041 0.065 0.523 0.040 0.043 0.058 0.096 0.068 0.379
500 0 0.2 0.050 0.162 0.671 0.049 0.668 0.005 0 0.212 0.737
0.2 0 0.047 0.145 0.670 0.666 0.047 0.009 0 0.224 0.757
0.2 0.2 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
0 0 0.055 0.070 0.544 0.044 0.050 0.067 0.091 0.064 0.530
2000 0 0.2 0.043 0.152 0.640 0.044 0.639 0.003 0 0.257 0.830
0.2 0 0.049 0.158 0.631 0.631 0.048 0.004 0 0.259 0.817
0.2 0.2 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
0 0 0.054 0.087 0.544 0.051 0.054 0.007 0.123 0.060 0.583
10000 0 0.2 0.053 0.149 0.683 0.053 0.683 0.006 0 0.264 0.833
0.2 0 0.036 0.129 0.656 0.654 0.036 0.002 0 0.263 0.834
0.2 0.2 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Notes: 1. MA(1) DGP: y, = Py + Byt + Uyes Uye = eyt — Oyeye—1,
Ty = [y + ﬁmt + Ugt; Uyt = Ext — 9m£mt—1~

Ty = fiy + Byt + Ugz; (1 — L)dumt = E4t.

L)duyt = Eyt,




Table 2. Proportion of rejections (

ts

> 1.96) based on the regression y; =

a+ Bt + Y2 + e; when y; and z; are independent stationary processes around

linear trends.

AR(1) AR(T) AR(D) AR(D) AR(D) MA(1) MA(1) 1) 1)
T 8, | B. | #,=0 | ¢,=03 | ¢,=09 ¢, =0 6,=09 | 6,=03 | o,=1 | | T
¢, =0 | ¢,=03 | 6,=09 | ¢, =09 ¢, =0 0, =03 | 6,=1 ' '
0 0 0.052 0.080 0.432 0.056 0.042 0.071 0.110 0.073 0.121
0 0 0.2 0.062 0.092 0.423 0.061 0.049 0.069 0.124 0.069 0.135
0.2 0 0.066 0.072 0.436 0.059 0.043 0.077 0.111 0.053 0.117
02 | 02 0.059 0.084 0.433 0.058 0.058 0.063 0.101 0.056 0.103
0 0 0.053 0.085 0.499 0.050 0.054 0.077 0.110 0.066 0.170
wo |0 0.2 0.055 0.074 0.479 0.053 0.056 0.069 0.111 0.058 0.162
02 | 0 0.059 0.078 0.493 0.056 0.053 0.071 0.118 0.037 0.163
02 | 02 0.045 0.064 0.457 0.048 0.046 0.071 0.105 0.054 0.151
0 0 0.042 0.060 0.520 0.043 0.039 0.057 0.096 0.064 0.317
00 | 0 0.2 0.044 0.081 0.502 0.051 0.048 0.073 0.122 0.054 0.276
0.2 0 0.062 0.080 0.510 0.050 0.050 0.065 0.107 0.062 0.308
02 | 02 0.048 0.081 0.551 0.052 0.050 0.061 0.102 0.053 0.308
0 0 0.054 0.068 0.530 0.047 0.048 0.068 0.091 0.062 0.500
0000 | O 0.2 0.047 0.070 0.515 0.051 0.032 0.057 0.090 0.057 0.488
0.2 0 0.048 0.073 0.505 0.036 0.047 0.054 0.086 0.059 0.512
02 | 02 0.052 0.070 0.473 0.060 0.042 0.072 0.123 0.062 0.478
0 0 0.054 0.087 0.539 0.052 0.052 0.069 0.123 0.062 0.568
Loooo | 0 0.2 0.055 0.076 0.549 0.052 0.056 0.063 0.094 0.050 0.576
0.2 0 0.049 0.071 0.533 0.052 0.053 0.066 0.104 0.056 0.561
02 | 02 0.050 0.066 0.535 0.048 0.055 0.069 0.109 0.043 0.561

Notes: 1. MA(1) DGP:

Yt = [y + ﬁyt + Uyt; Uyt = Eyt — eyeyt—la
Tt = Mg + 6;51: + Ugty; Uzt = Ext — 03:5:51‘,71~
2. I(d) DGP: y; = p, + Byt +uye; (1 —

d —
L) Uyt = Eyt,

Ty = fiy, + Bt + tgt; (1 — L) gy = xz.




Table 3. Proportion of rejections (|t5| > 1.96) based on the regression
Y = & + Yz + e; when y; and z; are independent nonstationary processes
with drifts.

@

|, | s | rRw | N
0 0 [ 0685 | 0224

- 0 | 02 | om0 | o054
02 | o | omr | 0512

02 | 02 | 0817 | 1.000

0 0 0756 | 035

oo | 0 02 | 0842 | 062
02 | 0 0.852 | 0.608

02 | 02 | 0950 1.000

0 0 0002 | 05%

0 | 0 02 | 0936 | 0802
02 | 0 0.040 | 0.826

02 | 02 | 1000 1.000

0 0 | 0036 | 0738

0 | 02 | 0969 | 0884

200001 g9 | o 0.969 0.878
02 | 02 | 1.00 1.000

0 0 | 0070 | 0781

0 | 02 | 0988 | o090
100001 59 | g 0.989 0.888
02 | 02 | 1000 1.000

Notes: 1. R.W. DGP: y¢ = p,, + Byt + Uyt; uyt = uyt—1 + €yt
Ty = fly + Bt + Uty Uyt = Uyt 1 + Egt-

2. I(d) DGP: yr = p,, + Byt +uys; (1 — L)y = ey,

Ty = fy, + Byt + Ugy; (1 - L)dumt = Ext-



Table 4. Proportion of rejections (|t5| > 1.96) based on the regression

Yr = G+ Bt + Yxy + e; when y; and z; are independent nonstationary processes
with drifts.

I(d)

TN By | B | BW | 5705
0 0 | 0526 | 0.180

- 0 | 02 | 0497 | 0.194
02 | o | os2 | o1m

02 | 02 | 0488 | 0158

0 0 | 0635 | 0259

oo | 0 |02 | 062 | 0212
02 | o | o645 | 0259

02 | 02 | o642 | 0238

0 0 | 0832 | 0.490

0 | 0 | 02 | osss | 0454
02 | 0 | 0841 0.485

02 | 02 | 0846 | 0493

0 0 | 0931 0.693

0 | 02 | 092 | 0683

R T 0.928 | 0.690
02 | 02 | 0913 | 0672

0 0 0075 | 0774

0 0.2 | 0964 | 0.778

100001 65 | o | 0975 | 0735
0.2 | 02 | 0962 | o0.767

Notes: 1. R.W. DGP: y; = Hoy + ﬁyt + Uyt; Uys = Uyz—1 + Eyt,
Ty = iy + Bt + Unt; Upt = Upt—1 + Eat

2. I(d) DGP: gy = pu, + Byt +uye; (1 — L)%uy = ey,

Ty = fiy + Bt + Ugs; (1 — L)y = 4t



