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Abstract

We study the phenomenon of spurious regression between two random vari-
ables, when the generating mechanism of individual series is assumed to follow
a stationary process around a trend with (possibly) multiple breaks in the level
and slope of trend. We develop the relevant asymptotic theory and show that
the phenomenon of spurious regression occurs independently of the structure
assumed for the errors. In contrast to previous findings, the presence of a spu-
rious relationship will be less severe when breaks are present in the generating
mechanism of individual series. This is true whether the regression model in-
cludes a linear trend or not. Simulations confirm our asymptotic results, and
reveal that in finite samples, the phenomenon of spurious regression is sensitive
to the presence of a linear trend in the regression model, and to the relative
location of breaks within the sample.
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1 Introduction

The spurious regression phenomenon occurs when there is a statistically signif-
icant relationship between two independent random variables. Since the contri-
bution of Granger and Newbold (1974) on the issue of spurious regressions in
econometrics, several articles have investigated the phenomenon under a vari-
ety of structures for the data generating processes. Phillips (1986) assumes that
the individual series in a spurious regression are driftless random walks, while
Marmol (1995) extends this to the general I(d) case, with d being an integer
number. Marmol (1996) studies the spurious regression problem with differ-
ent orders of integration of the dependent and independent variables. Entorf
(1997) analyzes random walks with drifts, given the relevance of such models,
as argued by Nelson and Plosser (1982). Granger et. al. (1998) extend the
analysis to positively autocorrelated autoregressive series on long moving aver-
ages, and Marmol (1998) and Tsay and Chung (1999) to long memory fractional
integration processes.

More recently, Kim, Lee and Newbold (2004) (KLN henceforth), show that
the phenomenon of spurious regression is still present even when the nonstation-
arity in individual series is of a deterministic nature. In particular, under the
assumption of stationarity around a linear trend for the individual series, they
show that the ordinary least squares estimator §; converges to the ratio of the
trend coefficients, and ¢; (the t-statistic for the null hypothesis Hy : 61 = 0)

diverges at rate 7°/2 in the following (spurious) regression:
Ye = Q1 + 017 + Uy (1)
where the DGP for each series is:

Yt = fly + Byt + uye; Tt = fg + Byt + Ust; (2)
Uyt = PyUyt—1 + Eyt, |¢y’ <1 Upt = Qplgt—1 + €xty |0,] <1

and where €, are iid(0,02) for z = y, z, and independent of each other. In this
setting, KLN show that gl is a consistent estimator of %—

In this paper, we consider a more general setting by allowing for structural
breaks in both level and slope of trend in the Data Generating Process (DGP).
The relevance of this analysis stems from the ample evidence of infrequent breaks
in economic time series and the development of methods for estimating models
with (single and multiple) structural breaks.? In a recent paper, Hansen (2001)
argues that "The econometrics of structural change, ..., has dramatically altered
the face of applied time series econometrics. (p.118)." Furthermore, recent the-
oretical research on economic growth has introduced mechanisms that induce

2See Perron (1989, 1992, 1997), Duck (1992), Raj (1992), Zivot and Andrews (1992), Stock
(1994), Zelhorst and Haan (1995), Ben-David and Papell (1995, 1998), Lumsdaine and Papell
(1997), Bai (1997a, b), Bai and Perron (1998a, b), Clemente, et.al. (1998), Noriega and de
Alba (2001), and Perron and Zhu (2002).



multiple growth states, the theoretical counterpart of the broken trend mod-
els presented below (see Durlauf (1993), Cooper (1994), Acemoglu and Scott
(1997), Lau (1997), Startz (1998), and Kejak (2003)).

In section 2 we derive the asymptotic behavior of statistics in regressions
where the DGP consists of two independent processes with (possibly) multiple
breaks, and show that the phenomenon of spurious regression is present in this
setting, regardless of the errors’ structure. Section 3 concludes.

2 Asymptotics for spurious regressions

2.1 The case of a single break

When allowing for a break in the individual series, the DGP in (2) can be
extended to:

Ty = fb + 02 DUy + Bt + v, DTt + sy (3)
Uyt = ¢yuyt71 +5yt7 |¢y| < Liug = ¢;pu1‘t71 + €4t |¢z| <1

where DU,; and DT, (z = y,x) are dummy variables allowing changes in the
trend’s level and slope respectively, that is, DU, = 1(¢t > Tp.) and DT, =
(t—Tp.)1(t > T3, ), where 1(+) is the indicator function, and T}, is the unknown
date of the break in z. We maintain the same structure for the innovations
and ug; as in KLN, although it can also be assumed that innovations obey the
(general-level) conditions stated in Phillips (1986, p. 313).

We start with a lemma which collects useful results for subsequent analysis
(all proofs are provided in the appendix).

LEMMA 1. Suppose {y:};° and {x:}]° are generated by (3) with A\, =
(Tp,/T) € (0,1), z=y,x. Then, as T — o0,

T2y 54 |8+ (1A ] =d.

T35 gy 5 %ﬁxﬁy + ﬁw’yy/\; + ﬁy’yx)\;r +Y VA= 9
T2 5 38+ 51 A2+ 28,700 = g

T3 Z?:l tzy = %52« +7. 0 =,
where

+ _ 1 2
Al = 5 (A + 23) ()le 1) ,
A=z (1 =A) + 32 (1= A)
Ay = max(Ay, Az)
Ar = min(Ay, Az)
A=Ay — N



and % signifies convergence in probability.

The following theorem collects the asymptotic behavior of the estimated
parameters and associated t—statistics in model (1). It shows that §; does not
converge to its true value of zero; instead, it converges to a constant, while its
t—statistic diverges to infinity.

THEOREM 1. Let y; and x; be generated according to equation (3) and denote
by a1, and 1 the OLS estimates of ay and 61 in (1). Then, as T — oo,

a) 51 6 = (9 — dady) (92 — ali)f1

b) T8 2 a1 = (gudy — gda) (g0 — d2) "

_1—1/2
o) T2 25y 02 (g0 — 2) ']

_q—1/2
@) T4, 2 ar 029, (9.~ @2) ']

where, o is defined in the appendix.

In Entorf (1997) and KLN, the limit of 0y is g—y The corresponding expres-
sion in part a) simplifies to this when Yy = 7V = 0. This can be easily seen by

rewriting the limit of 01 in part a) of theorem 1 as:

B3 oo o]
‘51‘[51 Py ) te s ) [P, BT,

where
L=\ +1) (A, — 1)
=122 -3\ —1)* (N, — 1),
=B\ +1)(1=X)%

Thus, the limit of 8 is a function of several ratios: trend magnitudes ( g—z),
relative (own) size of the break ( %j), and relative (cross) size of the break (%i)
According to part b) the constant term does not converge to a constant, instead
it diverges at rate T. Part c) shows that, as in Phillips (1987), Entorf (1997),
and KLN, the ¢t—statistic diverges. The rate of divergence is the same as the
one found by Phillips (1987), and slower than that of Entorf (1997) (7') and
KLN (T3/ 2). Therefore, we should expect less evidence of spurious regression
when the generating process allows for structural breaks. It also should be noted
that, in contrast to KLN, the limit of the normalized t-statistic is asymptotically
invariant to the specification of the errors in the DGP (3). This is because the
trend components in o2 dominate asymptotically, while in KLN they cancel
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Figure 1: Graphs of t-statistics based on Theorem 1 and simulated data. Left panel:
Ay=0.55, A, = 0.45; middle: Ay= 0.75, A\, = 0.25; right: A,= 0.95, A\, = 0.05; all
panels: 3,= 3,=0.2,v,=~,=0.02.

each other out. Thus, in large samples, the phenomenon of spurious regression
will prevail when there are breaks in the individual series, and not necessarily
as a consequence of the errors’ specification, as in KLN.

Simulation experiments revealed that the finite sample rejection rate of the
t-statistic in part ¢) of the above theorem is roughly the same whether variables
have structural breaks or not. Rejection rates presented by KLN remain true
in the presence of breaks. To illustrate our asymptotic results, we compare the
theoretical ¢-statistic (computed from the above formula in Theorem 1) with the
t-statistic computed from simulated data, based on the DGP in (3), for different
sample sizes. Results are shown in Figure 1.

As can be seen, the proximity between the asymptotic and the simulated
statistics varies significantly depending on the values of A, and A;. From these
three particular examples, the difference between the simulated and the theoret-
ical statistics is greater when the break dates are closer to the sample endpoints
(right panel). Although in can not be inferred from the figure, our numerical
simulations show that, for a sample size as small as 25 observations, the values
of the t-statistic (both theoretical and simulated) are greater than 5.0, for all
three analyzed examples, indicating a spurious relationship between y; and x;.

We now consider the case of a regression which allows for a linear trend. As
discussed in KLN (2003), when the trend components in the individual series
are sufficiently large to be detected, the applied researcher will run the following
regression

Yr = Qg + Bot + doxy + Ty (4)

where the DGP for each series is again (3). The next theorem presents the
asymptotic behavior of the estimated parameters and associated t—statistics.

THEOREM 2. Let y; and x; be generated according to equation (3) and denote
by aa, B4, and 0o the OLS estimates of as, B4 and g in (4). Then, as T — oo,

a) 8 2 0y = [(3, — $du)dy + (3do —v2)00, + 9] d!
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Figure 2: Graphs of t-statistics based on Theorem 2 and simulated data. Left panel:
Ay= 0.55, A, = 0.45; middle: A,= 0.75, A, = 0.25; right: Ay= 0.95, A, = 0.05; all
panels: 3,= 3,=0.2,v,=v,=0.02.

b) T71as 5 as = [(392 — ¥U3) dy + (daty — 592) ¥y + (305 — §da) 9] d 7

¢) By 2 By = [(dotby — 290) dy + (90 — d2) ¥, + (Ads —,) g]

Q) T~ 5 2 L6y [2a=1]"°

e) T~ V245, % ay [n2 (Lgs —v2) d~1]°

) T2t 5 By [0 (g, — 2) at]

where,

3dz, and 02 is defined in the appendiz.

As in Theorem 1, 32 does not converge to its true value of zero, while the
constant diverges to infinity at rate T. The trend parameter also converges to a
constant. Part d) shows, as before, that the t-statistic diverges, thus indicating
a spurious relationship between y and x.

Figure 2 presents a comparison between the asymptotic ¢-statistic, based on
part d) of Theorem 2, and a simulated one based on the DGP (3).

As opposed to Figure 1, the difference between the simulated and the theo-
retical statistics in Figure 2 is greater when the break dates are closer to each
other (left panel). Table 1 presents the behavior of the t—statistic for smaller
sample sizes, and the three representative possibilities regarding the break frac-
tions. It shows that when the breaks are far from each other, Theorem 2 implies
that nearly 1, 000 observations are required in order to reject the null of no rela-
tionship at the 1% level. From the last two columns of the table, it is clear that
the asymptotic value is a poor approximation to the simulated one for samples
below 10,000 (for which both statistics reject the null). On the other hand,
the closer the break dates are to each other, the more likely the phenomenon



of spurious regression is. For instance, if the breaks occur near the middle of
the sample, the simulated (and theoretical) value(s) exceeds 2.0 for T just be-
low 300. Therefore, the further away the breaks are from each other, the more
observations are required to generate the phenomenon of spurious regression
(more than 5000 in the right panel of the Table).

>\y:U.55 )\1:0,45 >\y:U.7G )\I:U.QS )\y:U,QS )\g;:U.US
T Theoret. | Simul. Theoret. | Simul. Theoret. | Simul.
25 15.80 0.83 2.75 0.83 0.40 0.83
50 22.35 0.79 3.88 0.79 0.56 0.79
100 31.61 0.80 5.49 0.79 0.79 0.79
300 54.74 2.59 9.51 0.93 1.37 0.80
600 77.42 10.79 13.46 2.86 1.94 0.79
1,000 99.95 26.18 17.37 7.29 2.50 0.77
5,000 223.49 186.25 38.84 36.67 5.59 1.52
10,000 || 316.07 300.13 54.9 54.13 7.91 4.71

Table 1. t-statistics computed from: part d) of Theorem 2, and simulated data. Same
value of parameters as in experiments for Figure 2.

From comparing the results of this simulation with the previous ones, it
emerges that it is more likely in small samples to observe a spurious regression
when not including a linear trend in the regression model.

2.2 The case of multiple breaks

In this section, we consider an even more general setting by allowing for multiple
structural breaks in both level and slope of trend in the DGP. In particular, we
assume that:

Ny My
Yt = ,U,y + Z oinUiyt + 6yt + Z Vinnyt + Uyt
i=1 i=1
Nax Mz
=1 i=1

Uyt = QyUyt—1 + Eyt, |¢y| < LiUgt = @plzi—1 +Eat, [0,] <1

where, N, M,, the number of breaks in y; and z, comprise the set of natural
numbers, for z = x,y.

The following lemma collects useful results for subsequent analysis. All sums
run from ¢ = 1 to T, unless otherwise stated.

LEMMA 2. Suppose {y:}7° and {x:}]° are generated by (5) with X;, =
(Ty:,/T) € (0,1), 2z =y,z, i =1,2.... M. Then, as T — oo,

M=z
T2 a5 3|6+ Zl(l — i)’ | = A

~J



My Mz

-3 Zytxt - 35 6 + B Z 71y>‘zy + ﬂ Z sz)‘zx + Z Z ’yzy'y]azwlj =T

i=1j=
i Mz Mz
Zzt 55 + 25 Z ’Yzz')‘zz + Zl Z 7127]2’“” - F
i=1j=

dZt lt’zt 3/6 —"_Z’Yzz zz—\Il

where

AL = I (1— i
Wij = i (1 - )\ul ,4
Aul,ij = max(Ayi, Agj
Aiij = min(Ayi, Azj)
Ad1,ij = Aulij — Mg

Vi = 3 (1= Xu2ig)” + Fhanig (1= Auzig)”
Auz,ij = max(Azi, Azj)

Ni2,ij = min(Agi, Agj)

Ad2,ij = Au2,ij — Ni2,ij

(1= Xi)? =iz +2) (Mo — 1)°
Aarij (1= Autij)’

The following theorem collects the asymptotic behavior of the estimated
parameters and associated t—statistics in regression model (1).

THEOREM 3. Let y; and x; be generated according to equation (5) and denote
by a1, and §; the OLS estimates of ay and 61 in (1). Then, as T — oo,
a) 6 L6y = (M= A,40,) (T, —A2) ™

b) T4, 2 a) = (T,A, —TA,) (T, — A2) ™

o) T 2o [0 (0, - a2) ]

Q) T2t 2 o [0202 (T, - A2) 7 o

where, 02 is defined in the appendiz.

The theorem shows that the estimated parameters and ¢-statistics have simi-
lar asymptotic behavior as in the case of a single break. Hence, the phenomenon
of spurious regression is present in large samples under multiple breaks.

We consider again the case of a regression which allows for a linear trend,
as in the previous section. The next theorem presents the asymptotic behavior
of the estimated parameters and associated t—statistics.

THEOREM 4. Let y; and x; be generated according to equation (5) and denote
by s, B4, and o the OLS estimates of as, 85 and 05 in (4). Then, as T — oo,
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Figure 3: Graphs of t-statistics based on Theorems 3 and 4 and sim-
ulated data. Left panel based on regression model (1), while right
panel based on model (4). Both panels: My=1,M,= 3; )y 1= 0.5,
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a) 6s 2 82 = [(30, — LA)A, + (2A, — )0, + LT] D
b) T~ 'as 2 as = [(3T, — U2) A, + (A, 0, — i0,) ¥, + (10, — 1A,)T] D!

) B By = [(Awy — 31.) Ay (T — A2) W, + (BA, —w,)T] D!

— P _171—1/2
d) 71245, 2 d58; [n2D71]

e) T-V2t5, 2 ay [n2 (AT, —v?) D112

) T2t 5 By [ (Ta — A2) D712

where,
D=9,(A, —T,)+ %Fm — %Ai, and 7?2 is defined in the appendiz.

Results are in line with those of Theorem 2. To asses the validity of our
theoretical findings, the left panel in Figure 3 shows a comparison between the
asymptotic t¢-statistic, based on part c¢) of Theorem 3, and a simulated one
based on the DGP (5), while the right panel shows a comparison between the
asymptotic ¢-statistic, based on part d) of Theorem 4, and the same DGP used
for the left panel.

As can be seen, convergence between the theoretical and simulated statistics
is achieved at around 10,000 observations in both cases. However, the values
of the t-statistics when a regression without trend is used are roughly 10 times
larger than those for a spurious regression with a linear trend. According to our
simulation experiments, this occurs for a variety of experimental designs (chang-
ing the number, location and size of breaks in both variables). Therefore, it is
much more likely to find a spurious relationship when the regression equation



does not contain a linear trend. This is also the case when analyzing smaller
samples (not shown): while the spurious regression phenomenon is present with
samples as low as 25 for a regression model without a linear trend, when a trend
is included the rejections start to occur with 200 observations, similar to the
case of a single break.

3 Conclusions

This paper has investigated the spurious regression phenomenon when the proces-
ses generating the individual series are stationary around a linear trend subject
to (possibly) multiple structural breaks. Our results indicate that, whether there
is a single break in each series or multiple breaks in both, the phenomenon of
spurious regression will occur asymptotically, independently of the errors’ struc-
ture in the data generating process, contrary to results of Kim, Lee and Newbold
(2004). However, the rate of divergence of the t-statistic was found to be lower
(T'/?) than in the case of stationary processes around linear trends without
breaks (T3/ %), implying that the presence of a spurious relationship will be less
severe when breaks are present in the generating mechanism of individual series.
This is true whether the regression model includes a linear trend or not.

Simulations confirm our asymptotic results: it takes several thousand ob-
servations for the theoretical t-statistic to converge to the simulated one, under
a variety of locations of breaks. They also reveal that in finite samples, the
phenomenon of spurious regression is sensitive to the presence of a linear trend
in the regression model, and to the relative location of breaks in the generating
mechanism. In particular, a spurious rejection necessitates hundreds of observa-
tions when the regression includes a linear trend, while it occurs with very small
samples when the trend is not present. In other words, it is more likely to find
a statistical significant relationship between two independent stationary series
subject to breaks when the regression model does not include a linear trend in
its deterministic specification.
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4 Appendix

Proof of Lemma 1

From the DGP (3) we have

where

S DU = (1= AT, Yt = H(T?+T), and 3 DTy = 3471 = 1(1 -
) [(L=X)T?+T7.

Hence,

M= 4 (B (1= X)) T2+ 0,(T),

and

T2z =48+ (1= 0) 7] +0,(T 7).

To prove the second part we write, from equations (3)

Soyrre = B8, 2t + By > DTyt + By, > DTovt + 7,77, > DTy DTy

+0,(T?),
where
Yt =3T% +0(T%),
(17)‘2)T

S DTut= 3 t\T+t)=X"T3+0(T?),

S DTuDTy = % AT = [5(1=X)° +3 (1= A ] TS +O(T2).
Therefore,

T3 yey
To prove the third part, we write

Szt =011 + 92 Y DT +28.7. 3 DTt + O0,(T?),
where
S DT =202 = L1 - )3T 4+ O(T?).
Therefore,
T35 27 = 302+ 5(1 = A)%2 + 200 8.7, + Op(T71).
Thj@ last part can be proven as follows
Zt:l tzy = Zt:l t(,uz + azDUzt + th + ’YzDth + uzt)

= [%IBZ + %(1 -3y, + %%/\z(l — )\Z)Q] T3 + 0,(T?).
Theref%re,
T=3% itz =38, + 7.2 +0,(T71).

Proof of Theorem 1
Write the regression model y; = a; + 0124 + u in matrix form:

y=XB+u

11



The vector of OLS estimators is defined as:

B X)Xy = [T Sat - (Sa)?] {5 T S

it

Using results from lemma 1,
7' & 2\1-1 [ (92dy — gda)
{ /5\1 } — [(gz —dm)] { (g_ dxdy> }
proving parts a) and b).
To prove ¢) and d) write the t-statistics as:
[ 12
ta = a1 [Uu(X/X)n] ’
~ —1/2
ty =01 |:8121(XIX)2_21} )
and (X’X);;}, the i* diagonal element of (X'X)~!, as

i )

_ T3 a?+40,(1)
(X'X)' = - ,

s (Zz%f(Z zt)2)+op<1>
(X/X)521 = =

T4 <Z 22— (Z zt>2) Yo, (1)

Note also that ,
S =T YR =Ty (yt G 51$t>
2 R R
— -1 (Z Y2+ 2T + 0, S a2 — 201 Sy — 201 S weys + 2610 th> ,

Using lemma 1,
T7257 2 (gy + 03gx — 2019) + 2(61dy — dy)ar + o} = o2,

Thus,

ria [rarae x| = rea [Raon] = 0,0,
and

8 [T (0 x)5 g, 72 (X' X)53 ] 0,0,

The limits of these two expressions yield the formulae in ¢) and d).

Proof of Theorem 2

Write the regression model y; = ag + S5t + 022+ + uy in matrix form:
y=XB+u ~
The vector of OLS estimators is f = (X' X)Xy, and we define

a b ¢
X'X=<b d myp,
c m n

where

a=T, b= t=3T2+0(T), c= Y1 x = d,T* + O(T),

d=S1 =11+ 0(T?), m=]_ te; =9, T3+ O(T?), n = S a7 =
9.3 + O(T?).

and

12



R dn—m? em—bn bm—cd Zle Yt
B=[det(X’X)] " {em—bn an—c® bc—am 23:1 tyy
bm—cd bc—am ad— b Zle Ty
with
det(X'X) = 2bcm + adn — c*d — am? — b’n ,
=2 ZtT:1 t Zthl Lt Zthl toy+T Zthl t? Zthl $t2_ (23:1 xt) Zthl t?

T (L tm) — (SLt) DLy af = det, = O(T")

Using results from lemma 1,
TTdet(X'X) 5, (ds = 9,) + 1590 — 32

To prove parts a)-c) we derive expression for the numerators of 52, a, and EQ
as follows:

numdy = (bm — cd) So_y o+ (be—am) Sy tye+ (ad —b%) Xy weye = O(T7)
numoly = (dn—m?) S vt (em—bn) Y1 tys+(bn—cd) Y1, 2y = O(T?)
numfy = (em—bn) S0y e+ (an—c*) Sy tyet (be—am) Sy, wiye = O(T7)
Using lemma 1 and the above definitions it is easy to show that

T Tnumds 2> (31, = 5d2)dy + (e = V)0, + 759

Tisnuma2 = (%gw - %25) dy + (dwwx - %gz) '(/Jy + (%wx - %dx) g

T~ TnumBy 2> (doth, — 390) dy + (92 — d2) ¥y + (3o —0,) g
Combining these expression with that for det(X’X) gives the results in a)-c).

To prove d)-f) write the ¢-statistics as:

~ T o q-1/2
G, = 02 [ni(X/X)?,sl] )
o 1172
ta, = Q2 [Wi(X/X)nl] 5
~ T _1-1/2
tz;z =By [Ui(XIX)Qzl} )
and (X'X);;", the 4" diagonal element of (X'X)~!, as
T~ (f5T")+o0p(1)
T-7dety +op(1) ?

T° (% Z wf—(ZtT=1 mt)z) +op(1)
T=7dety +op(1) ’

T (Z ﬂff—(Ethl xt)2>+0p(1)
T—7dety, +op(1) '

(X/X)§31 =

(XIX)l_ll =

(X/X)2_21 =
Note also that
~ - 2

=T =TS (g — G2 — Bot — 0ot

Using lemma 1,

13



T=25% 2 (gy + 185 + 03g: — 2By1, — 2029 + 285021, ) +(By+202d, —2dy )+

2_

Gy = 77u

Thus,

b [rewraexg] = rv Rang] = o0,
- [rsigroe] = s o] = o,0)
B [ o] =m0, [Rooog] T = o,0)

The limits of these expressions yield the formulae in d)-f).
Proof of Lemma 2

From the DGP (5) we have
Yozt =T, +01.Y DUs e+ ..+ 0N, - > DUN. o4+ B, D t+71, 2. DT +

-t ’}/Mz,z ZDTMz,zt + ZuZt
where

52 DUt = (1=Xi2)T, and 3 DT = 554 0= J(1-0i) [(1 = Xi) T2 4+ 7).
Hence,

Sa= 4[5+ T 0= A ] T+ 0T,

and

T2% 2 =4 B+ 2 (1= Aia)? 0] + 0p(T7).

To prove the second part we write, from the DGP (5)
Siwe = 8,8, 8 + B, (S 7, DTet) + 8, X (S 00 DTvet ) +

> (Zi:l Vi DLyt Zj:l 'Yj,a:DTj,xt)

+OP(T2)’

where
(1=X;,2)T
S DTiat= Y  tN.T+t)=X_T+0(T?%,
1
(1=Au1,i))T . 3 L ) )
S DT} DT 11 = Yoot A 1)) = [3 (1= Aunyig)” + 5 (1= Xunij)” Aanij | T2+
1
O(T?).
Therefore,
-3 Zytfﬂt

- 36 ﬁ +ﬁ Zz 171,1; zy+6 Zz 1713: za:+2 ’Yzyzj 17J1w13+0( )

In order to obtain }_ 27, we can simply replace yt by x; in Y yry:
T732$%_3B +2B Zz 1713: Z Jj= I’szf)/]x’uzj—i_O( )
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Proof of Theorem 3

Write the regression model y; = a; + 0124 + u in matrix form:
y=XB+u
The vector of OLS estimators is defined as:

3 - -1 x? — x x
=X Xy = [sz% - zt)Q] {ZT iﬁzxf;tt —% actt% yiyt}
Using results from lemma 2,

T_lal » 2 2]~1 AiAy—AAw s Kej
Ul B 0=

proving parts a) and b).

To prove ¢) and d) write the t-statistics as:
 Tan 1] M2

ta, = [F2(X' X)L

. 12
t5, = 01 [UZ(X/X)zzl] )

and (X'X);;", the 4" diagonal element of (X'X)~!, as
_ T3 2240,(1)
(X'X)' = o ,
U <Z sz(z zt>2)+op(1)

(X/X)2_21 =

T
T*“(Z (2 xt)2>+op<1)'
Note also that )
r =T L@ =T'% (g~ a1~ b1
~2 ~ P

=T (S + @7 +0) Yaf — 21 Xy — 251 Yoy + 260101 Yt )
Using lemma 2,
T267 L (A2 + 67A2 — 261A) +2(618, — Ay)o + 0f = 02,
And thus,

~ 2 172 o 12
a4 {T—%UT(X/X)H] =712, [UU(XIX)H} = 0,(1),

~ ) —1/2 . —1/2
3 [T”&iT“(X’X);ﬂ = T-1/25, [ai(X’X);;} =0,(1).

The limits of these expressions yield the formulae in c)-d).
Proof of Theorem 4
Write the regression model y; = ag + S5t + 022+ + uy in matrix form:

y=Xf+u .
The vector of OLS estimators is 3 = (X'X) "' X'y, and we define

a b ¢
X'X=<b d mjy,
c m n

where

15



a=T, b= t=1T24+O(T), c= ] 2, = A,T? + O(T),
d=3 2 =3T3+ O(T?), m = Y, tay = U, T° + O(T?), n = Y, o} =
0,73+ O(T?).
and
R dn—m? em—bn bm—cd Zthl Yt
B=[det(X'X)] " {em—bn an—c bc—am Sty
bm —cd bc—am ad—b? Zle Ty

with
det(X'X) = 2bcm + adn — c2d — am? — b*n

=2t e Y oA T Y Y 2 - (Zt 19515) i 2

-1 (o tmt) - (o t) ST a? = det, = O(T7)
Using results from lemma 2,
T~ 7det(X'X) & Up(Ay — U,) + T, — A2
To prove parts a)-c) we derive expression for the numerators of 52, Qs, and Bz
as follows:

numoy = (bm — cd) Zil yt + (bc—am) Zle tys + (ad — b?) Zthl 2y = O(TT)
numas = (dn—m )ZtT 1Yt +(ecm—0bn) ZtT Lty +(bm—cd) ZtT LTy = O(T®)

numﬂQ (em—bn) Zt LY+ (an—c?) Zt 1 tys + (bc—am) Zt Loy = O(T7)
Using lemma 2 and the above definitions it is easy to show that

T~ Tnumds % (38, — LA)A, + (A, — ¥,) ¥, + LT
T~ 3numas = (30, —\112)A + (deWe — 30:) Uy + (38, — 34,)T
T~ TnumfBy 2 (A, ¥, — 30.) A, + (T, — A2) ¥, (éAx—\Ifx)F
Combining these expression Wlth that for det(X’X) gives the results in a)-c).
To prove d)-f) write the ¢-statistics as:

~ T o q-1/2
G, = 02 [Wz(X/X)zsl]

9

ta, =0 (0205 ]

:B[ exz]
X!

Y

and ( ', the it diagonal element of (X'X)~1
(XX )35 = D)ol
g - R By
SRS

Note also that
~ - 2
D=TUN @ =T (- @2 — Byt — Gy

16



Using lemma 2,

T2, 2 (Ty + 183 + 05T, — 28,0, — 2651 + 28,050, ) +(By+202 A, —2A, o+
a3 = ;.
Thus,
~ ) —1/2 . ~1/2
o [THRT (X X)5 | =T [ X)E ] = 0,0,
—1/2
TG, [T*ﬁiT(X'X);f}
_1/

-1
=728 [L(XX5]  =0,1),

- R B 2 . 1-1/2
Ba [T72W2T3(XIX)221] =T712p, {ni(X/X)ml} = 0p(1).

The limits of these expressions yield the formulae in d)-f).
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