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Abstract

The unit root test —a test of the null hypothesis that a first-order autoregressive model
is a random walk model against the alternative hypothesis that the model is a stationary
model - has played a significant role in time series literature. The benchmark unit root
test is the well-known Dickey-Fuller test widely extended to cover a variety of applications.
However, to the best of our knowledge, all available unit root tests assume no measurement
errors in the observed data. In this paper, we first investigate the effects of sampling errors,
alternatively called as measurement errors, on the biases of the commonly used estimators of
autocorrelation coefficient and the Dickey-Fuller test statistics. We then propose alternative
estimators for the autocorrelation coefficient and the Dickey-Fuller test statistics to reduce
such biases due to sampling errors. In our study, we prove that the adjusted estimators of
the autocorrelation coefficient and the test statistics have the same asymptotic distributions
as that of the Dickey-Fuller test statistics. Moreover, we conduct Monte Carlo simulation
studies to investigate the performance of our proposed test statistics in terms of unbiasedness,
the probability of Type-I error, and power of the test. Our simulation results demonstrate
that the proposed estimators can reduce bias due to sampling errors. Finally, we apply the
proposed test statistics to the Current Population Survey (CPS) data on unemployment of
the United States during the period 1990 - 2013.

Key words: Unit root; Autoregressive coefficient; Sampling errors; Measurement errors; Like-
lihood ratio.

AMS Subject Classifications: 62F10, 62F12 , 62H20, 62M10

1. Introduction

Measurement errors in time series data occur in different applications of ecology, eco-
nomics, finance, repeated surveys, and other disciplines. In ecological research, Shenk et al.
(1998) introduced the concept of sampling errors in the form of measurement errors. Specif-
ically, they investigated the effects of sampling variances on the first-order autoregressive

Corresponding Author: Jiraphan Suntornchost
Email: Jiraphan.s@chula.ac.th


http://www.ssca.org.in/journal.html

SPECIAL ISSUE IN MEMORY OF PROF. C R RAO
976 W. RATTANACHADJAN, J. SUNTORNCHOST AND P. LAHIRI [Vol. 22, No. 3

population models in order to estimate population abundance. The concept was then stud-
ied in the context of time series population models such as the ones given in De Valpine and
Hastings (2002), Dennis et al. (2006), Buonaccorsi and Staudenmayer (2009).

In Economics and Finance, Walters and Ludwig (1981) studied effects of measure-
ment errors on the estimation of stock-recruitment relationships. Moreover, they obtained
estimates of measurement errors. Besides the applications in stock markets, the measure-

ment errors in time series data were also considered in other applications such as the U.K.
GDP (Smith et al., 1998) and the U.S. GDP (Aruoba et al., 2016).

Time series data with measurement errors also occur in the context of repeated surveys
where the actual characteristics of interest are usually not observed but are estimated by
survey direct estimates. The problem was first considered in Scott and Smith (1974) where
the authors considered an autoregressive time series model with sampling errors. The study
was then further pursued by many researchers, such as Scott et al. (1977), Bell and Hillmer
(1990) Ludwig and Walters (1981), Bell and Hillmer (1990), Staudenmayer and Buonaccorsi
(2005), Rossi and Santucci de Magistris (2018).

Beside parameter estimation, one crucial tool for autoregessive time series analysis is
the test of unit root. The benchmark unit root test was introduced by Dickey and Fuller
(1979), where they obtained the test statistic and derived the asymptotic distribution of
their test statistic under the null hypothesis of unit root. The test has been widely extended
to higher order time series models and applied in many contexts during the last few decades.
However, the test statistic was originally designed for real-time series data without accounting
for sampling errors commonly found in repeated survey data. Ignoring sampling errors could
cause biases to the test statistic and lead to a wrong conclusion of the unit root test in the
presence of sampling errors. Therefore, to avoid such biases, effects of sampling errors to
the unit root test deserve investigation and an effective adjustment to the test statistics is
required. However, to the best of our knowledge, there is no unit root test for time series
data with measurement errors available in literature.

In this paper, we investigate the effect of sampling errors on the unit root test of
Dickey and Fuller (1979). Our study suggests that ignoring sampling errors could cause biases
in the estimation of autocorrelation coefficient and the Dickey-Fuller unit root test statistics.
Thus, we propose a modification of the Dickey-Fuller test that is bias-corrected for sampling
errors. We derive its asymptotic properties, and conduct Monte Carlo simulation studies to
investigate the performance of our proposed method by considering the unbiasedness, the
probability of Type-I error, and the power of the test. Moreover, we apply the proposed
test statistics to the Current Population Survey (CPS) data on unemployment of the United
States during the period 1990 to 2013. The numerical results demonstrate that the new test
can reduce the bias of the original Dickey-Fuller test when there is a present of sampling
errors.

The organization of this paper is as follows. In Section 2, we review the Dickey-Fuller
unit root test statistic for the first-order autoregressive model. In Section 3, we propose an
adjusted estimate of the Dickey-Fuller unit root in the presence of sampling errors. In Section
4, we demonstrate Monte Carlo simulations to study the performance of the proposed test
statistic in different aspects such as bias, probability of Type-I error, and power of the test.
In Section 5, we apply the proposed test statistic to the Current Population Survey (CPS)
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data on unemployment of the United States during the period 1990 to 2013. In Section 6, we
offer some concluding remarks. Finally the proofs of theoretical properties of the proposed
test statistic and important lemmas are provided in Section 7.

2. Unit root test for AR(1) model
Consider the first order autoregressive model for the time series {Y; : t = 1,2,...,T},
defined as
Y =pYi_1 + ey, (1)
where p is the regression coefficient and {e;} is a sequence of independent normal random

variables with mean zero and unknown variance o2
The least squares estimate py of the autocorrelation coefficient p is defined as
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T
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Dickey and Fuller (1979) constructed the unit root test statistic under the null hypothesis
that p =1 as

Y't2

(py — 1) P
LA (3)

[

M=

2>
Il

where

M%

T 9 PYYzel

t=2

Moreover, they obtained the asymptotic distribution of py as

23 4222
=1

2
(20 — 1)m

Consequently, the asymptotic distribution of the test statistic 7 is obtained as

where Z; % N(0,1) and ~; = (—1)"+!

(io: \/§%Zi>2 —1

i=1

21/2 V27?2

~ d
—



SPECIAL ISSUE IN MEMORY OF PROF. C R RAO
o978 W. RATTANACHADJAN, J. SUNTORNCHOST AND P. LAHIRI [Vol. 22, No. 3

3. Unit root test for AR(1) with measurement errors

In this section, we consider the model in (1) when the actual time series {Y; : t =
1,2,...,T} is unobserved but its predicted value from a survey {W, : ¢t = 1,2,...,T} can
be obtained. Specifically, the model considered in this section consists of two sub-models:
the autoregressive model for the actual time series defined in (1) and the sampling model
assuming that the observed value can be written as a sum of the actual value and a sampling
error. In particular, the sampling model is

Wy =Y + uy, (5)

where {W; : t = 1,2,...,T} is the sequence of observed variables with Wy = 0 and {u; :
t =1,2,...,T} is the sequence of sampling errors assumed to be independently normally
distributed with mean zero and known variances ¢2,. The assumption of known sampling
variances o2, often follows from the asymptotic variances of transformed direct designed-

based estimates such as in Efron and Morris (1975), Carter and Rolph (1974), Lahiri and
Suntornchost (2015), and Marhuenda Garcia et al. (2016).

To construct an adjustment of the unit root test, we first investigate the effect of
ignoring the sampling errors to the estimations of the autocorrelation coefficient and the
Dickey- Fuller unit root test statistic. By substituting Y; with the survey estimate W; in (2),
the naive estimate of the autocorrelation coefficient is

5 _ Swar(1)
Y Swr(0)

and the naive test statistic is

(pw — 1)4/Swr(0)

7A_nai'ue = ) (6)
Oive
where
1 & )
62 = s (Wi — pwWiir)%
’ T-2 t=2
Applying the conditional expectation, we found that
T T
E (Swr(0)]Y;) = Z Y;52—1 + Z Ui,t—l?
t=2 t=2

T
E (Swr(1)|Y:) = > VY.
t=2

Therefore, by applying the first order Taylor series approximation, we can show that the
naive estimator of the autocorrelation coefficient, py -, is asymptotically biased and then
the estimator is not reliable. Hence, following Lahiri and Suntornchost (2015), we propose
an adjustment to each component in py by removing the biases of Sy.r(0) and Sw.r(1).
Therefore, the proposed estimate of the autoregressive coefficient p is defined as

Swr(1)

ﬁAd' = = 5
" Swr(0)
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T

where Swr(0) = Sw,r(0) — S,,(0), and S,,(0) = > oa,_ ;. Applying the first order Taylor
t=2

series approximation, we prove in Theorem 1 that

padi — by = op(1), (7)
under the assumption p = 1.

Moreover, we show in Theorem 2 that T'(pa4 — 1) has the same asymptotic distribution as
T(py — 1). In particular,
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Furthermore, we construct an adjusted estimate for o2 subject to sampling errors,
defined as
&z%ldj,e = ‘612/1/,6,1 - 6-W,e,2|7 (8)
where
. 1 & N
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and
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Then, we propose an adjusted test statistic for the unit root test of the first order autore-
gressive model subject to measurement errors defined as

(Pag — 1) gW,T<O).

TAdj = ~—
\/ O—Adj,e

Moreover, we prove in Theorem 3 that the proposed test statistic has the same asymptotic
distribution as the true estimate 7y. In particular,

(9)

X oy
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where ~; = (—1)”1(22._21)7r and Z; %4 N(0, 1).
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4. Monte carlo simulations

In this section, we conduct Monte Carlo simulations to study the performance of
the proposed test statistic compared to the naive test that ignores sampling errors. For
our simulation experiment, we set the true sampling variances of u;, o2, in model (5), by
using estimated variances of 288 monthly survey-weighted direct estimates of the number of
unemployed workers obtained from the U.S. Current Population Survey (CPS) conducted
during the period 1990 - 2013. There are 12 simulation settings based on four selected
states with different ranges of sampling standard deviations and three different values of
the regression standard deviation o, of the autoregressive model (1). The values of o, are
specified by the ratio k = % where 7, is the average of sampling standard deviations defined

e

as 0, = T L | 0. The three values of k considered are 0.75,1, and 1.25 representing the
cases where the average of standard deviations of sampling errors is smaller than, equal to,
and larger than the regression standard deviation, respectively. In addition, we consider four
different lengths (T") of time series, T' € {25, 50, 100, 250}, to study asymptotic behaviours
of the test statistics. Each setting is repeated for 20,000 simulation runs. In particular,the
steps of simulation are as follows.

1. For each combination of state and k, calculate the regression variance o2 from o, = %

2. For each simulation setting and each [ = 1,2,..., 20,000,

(a) generate the variance components and sampling errors {(ugl), egl)) t=1,2,...,250},
(b) calculate the time series {Y;(l) :t=1,2,...,250}, from model (1) with p =1,

)
(c) generate {Wt(l) :t=1,2,...,250} from model (5),
)

(d) calculate %t(,ze, 70

naive’

and 7A'f(1l()1j from the fomula in (3), (6), and (9), respectively.

To study the performances of the test statistics, we first consider different percentiles
of the estimated test statistics and the estimated values of the probability of Type-I error.
The estimates of the test statistics in different percentiles by using data from one selected
state, State 3, are presented in Tables 1 - 3, respectively for the cases of k = 0.75,1, and
1.25.

From Tables 1 - 3, we can see that the percentiles of the true test statistics and
the proposed test statistic are close together, particularly those values between the 10th
and 90th percentiles. In contrast, the naive test statistics are much lower than the true
estimates in all cases. These results suggest that the naive estimator of the Dickey-Fuller
test statistic underestimates the true test statistic, while the proposed estimator can reduce
such underestimation.

Next, we consider the accuracy of the estimated probability of Type-I error, computed
as the portion of the number of replications in which the unit root hypothesis is rejected
when the actual time series is generated from the true autoregressive model (1) with p = 1.
In particular, the estimated probability of Type-I error is computed as

1L

Z poet I]'{-F,(l) reject Ho}’

o=
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Table 1: The empirical percentiles of the different test statistics for £ = 0.75

o Percentiles
Length (T") Statistics i 10 55 50 = 5099
Ttrue -2.58 -1.61 -1.06 -0.51 0.21 0.87 2.28
T =25 7 wive 388 -2.40 -1.65 -0.98 -0.34 025 1.24
TAdj -3.41 -1.78 -1.07 -046 0.32 1.24 4.16
Frue 260 -1.68 -1.11 -0.53 022 090 2.08
T =50 Tnaive -3.91 -258 -1.82 -1.06 -0.36 0.20 1.10
TAdj -3.10 -1.7v8 -1.11 -047 0.31 1.17 3.21
Ttrue -2.60 -1.61 -1.09 -0.54 0.23 0.86 2.06
T =100 Tnaive -3.87 -248 -1.76 -1.05 -0.37 0.19 1.13
TAdj -2.64 -1.65 -1.08 -0.48 0.27 0.97 241
Torue 269 -1.62 -1.12 -0.55 0.19 087 2.16
T =250  “ouive 3.88 =246 -1.78 -1.09 -0.38 022 1.12
TAdj -2.56 -1.64 -1.10 -0.54 0.21 0.91 2.20

Table 2: The empirical percentiles of the different test statistics for £ =1

. Percentiles
Length (T") Statistics i 0 55 50 F 5099
Tirue -2.68 -1.65 -1.09 -054 0.16 0.92 2.16
T =295 7 wive 425 281 -2.04 -1.29 -0.59 0.03 0.94
TAdj -3.87 -2.04 -1.25 -0.54 0.27 1.26 548
Ttrue -2.63 -1.70 -1.15 -0.56 0.18 0.84 222
T =50 Tnaive -4.59 -3.06 -225 -141 -0.68 -0.09 0.77
TAdj -3.50 -1.85 -1.16 -0.51 0.29 1.20 4.94
Forue 952 -1.67 -1.13 -0.57 0.15 084 188
T=100  “yuive 449 -3.02 -2.19 -1.40 -0.67 -0.11 0.67
TAdj -2.95 -1.71 -1.10 -0.50 0.23 1.02 3.23
Toru 958 -1.62 -1.11 -051 021 086 2.04
T =250 Tnaive -4.46 -295 -2.15 -1.34 -0.64 -0.07 0.86
T adj -2.75 -1.65 -1.09 -049 024 097 2.68

where 1 (0 is equal to 1 if the specific test statistic 7) € {Ttrues TAdjs Tnaive } TEJECES

reject Hy
p =1, and iJs equ}al to 0 for otherwise. The results for the tests with significance level
0.05 are presented in Table 4 as follows. From Table 4, we can see that the estimated
probabilities of Type-I error of the true test statistic 7;.,. and the proposed test statistic
T.qj are approximately 0.05 in all cases. In contrast, the naive test statistic 7,4y produces
estimated probabilities of Type-I error different from 0.05 for all cases. Specifically, the
values are approximately 0.2, 0.3, and 0.4 for the cases corresponding to k£ = 0.75, 1, and
1.25, respectively. This result suggests that the bias of the estimated probability of Type-I
error obtained from the naive test statistic is higher when the sampling variance is higher.
Moreover, the naive test statistic gives different conclusions from the actual test statistic.
In contrast, our proposed test provides the same conclusion as the true test even with the
large values of sampling variances.

Finally, we investigate the performance of the proposed test regarding the estimation
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Table 3: The empirical percentiles of the different test statistics for £ = 1.25

o Percentiles
Length (T") Statistics i 10 55 50 = 5099
Ttrue -2.58 -1.62 -1.06 -0.47 0.23 0.86 2.17
T =25 7 wive 409 -2.45 -1.71 -1.00 -0.35 025 1.24
TAdj -3.58 -1.76 -1.05 -0.44 0.34 1.33 4.53
Forue 264 -1.61 -1.10 -0.49 0.18 087 1.89
T =50 7 wive 405 -2.50 -1.81 -1.08 -0.44 0.10 0.93
TAdj -3.14 -1.68 -1.06 -0.44 0.31 1.14 3.16
Ttrue -2.59 -1.59 -1.08 -0.50 0.20 0.87 2.00
T=100  Fuive 384 251 -1.76 -1.06 -0.42 0.16 0.91
Fag 265 -1.59 -1.07 -0.46 020 1.03 2.34
Foru 262 -1.59 -1.10 -0.50 022 090 1.98
T =250 Tnaive -3.81 -250 -1.80 -1.07 -0.37 0.19 0.99
TAdj -2.59 -1.61 -1.09 -049 0.22 096 2.21

Table 4: The empirical estimates of Type-I error

Values of the ratio k

k=0.75 k=1 k=125
Ttrue Tnaive T Adj Ttrue Tnaive T Adj Ttrue Tnaive T Adj

State 1 0.0490 0.2090 0.0495 0.0450 0.3092 0.0485 0.0422 0.4078 0.0492
State 2 0.0450 0.1955 0.0470 0.0445 0.2895 0.0410 0.0511 0.4099 0.0656
State 3 0.0480 0.2010 0.0465 0.0485 0.3210 0.0535 0.0532 0.4104 0.0572
State 4 0.0475 0.1955 0.0455 0.0550 0.2915 0.0565 0.0473 0.4031 0.0488

of the power of the test for different values of the autocorrelation coefficient p, varying in
the set {0.85,0.9, 0.95,0.975, 0.99,0.995}. The simulation setting in this post is the same
as previous algorithm except in the step 2(b), instead of using the data with a unit root,
the time series {Yt(l) ct=1,2,...,250}, is generated from model (1) with specific p = py,
where py € {0.85,0.9, 0.95,0.975, 0.99,0.995}. The numerical results of the estimated power
functions of the true test statistic 7., and the proposed test statistic 744; for £ = 0.75,1,1.25
are presented in Figures 1-3, respectively.

From Figures 1-3, we can see that the estimated powers of the two tests are lower
when the true value of p gets closer to one. The powers of the proposed test are close to the
powers of the true test. These results suggest that the proposed test performs well in terms
of the power of the test.

5. Applications

In this section, we apply the proposed test statistic to the CPS survey data of the four
selected states, comparing with the naive test statistic ignoring sampling errors. Numerical
results including the test statistics with their associated probabilities of Type-I errors are
presented in Table 5.
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Table 5: The estimated test statistics and the corresponding p-values for four
selected states

Tnaive T Adj
Calculated test Statistic p-value Calculated test Stjatistic p-value
State 1 -6.59 <1x107* -1.32 0.17
State 2 -4.89 <1x10™* -0.86 0.35
State 3 -7.90 <1x10* -1.51 0.12
State 4 -4.18 <1x10™ -0.76 0.39

From Table 5, we observe the same behavior of the two estimates as the simulation
results presented in Tables 1 — 3. In particular, the naive test provides much lower values of
the test statistic than the proposed test statistics. The naive test statistics for the four states
reject the null hypothesis and conclude that the time series are stationary. In contrast, the
proposed test provides larger values of the p-values than 0.01 in all cases. Therefore, the
proposed test suggests that the actual time series have a unit root at the significant level

0.01.

6. Conclusions and discussions

In this paper, we investigated the effects of sampling errors on the commonly used
autocorrelation coefficient estimator and the well-known Dickey-Fuller unit root test statis-
tic. We found that ignoring sampling errors could cause biases in the estimations of the
correlation coefficient and the test statistic. This will lead to a wrong conclusion of the unit
root test. Therefore, in our study, we introduced a new autocorrelation coefficient estimator
and a unit root test statistic in order to reduce biases caused by sampling errors. Moreover,
we obtained asymptotic distributions of our proposed estimator pa4 and the proposed test
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statistic 7447 and showed that the two estimators have the same asymptotic distributions
as of the estimators without measurement errors. Furthermore, we conducted simulation
studies and applied the proposed method to real data. Numerical results suggested that our
proposed method have good performances in terms of bias reduction, the accuracies of the
estimated probability of Type-I error and the estimated power of the unit root test.
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APPENDIX

A. Appendix: theoretical properties

In this section, we prove asymptotic properties of the adjusted estimators of the
correlation coefficient and the unit root test statistic discussed in Section 3. We first obtain
some important moment properties in Lemma 1 and then prove the three main results
respectively in Theorem 1, Theorem 2, and Theorem 3.

Lemma 1: Under the assumption that p = 1, we have
1 2
1. E(Syr(0)) = §T(T — 1oz,
1 2
2. E(Syr(1)) = §T(T —1)oZ;
1
3. Var (Sy.r(0)) = gT(T —1)(T% - T+ 1)0%;

1
4. Var (Syr(1)) = gT(T —1)(T? =T+ 1)o%;
5. for any positive integer k, E(S;’%(O)) = O(T~%) ; and

6. for any positive integers [ and k, E(Sﬁ’}(O)SZY,T(l)) = O(T?1=h),
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Proof:

1. Given that Yy =0,

o987

(11)

By the property that {e;};>1 is a sequence of independent random variables with zero

mean and variance o2,
T-1

E (Svr(0) = Y- (T~ i)o? = . T(T ~1)o?.

i=1

2. Note that

Syr(1) = Syr(0 +Z€th 1-

t=2

Since E(e;) = 0 and e; and Y;_; are independent, E (Sy (1)) = E (Sy.r(0)).

3. Since {ez}z>1 is a sequence of independent random variables with zero mean and vari-
ance o2, {e?} and {ele]} are uncorrelated sequences of uncorrelated random variables

such that Var(e?) = 202 and Var(e;e;) = o2 for i # j. From (11),

T1 T—1i-1
Var (Sy,r(0 Var( )—1— Z Z Var (eie;)
z:l =2 j=1

(T —1)(T* - T+ 1)o?

4. Note that

T
Var (ZetY;_1> ZVar eYio1)+2 Z Cov(e;Yi—1,e;Y;-1)

t=2 t=2 2<i<j<T

1
= 5T(T =)o,

and

T T T
Cov (SY,T(O), > 6th—1> = Cov <Z Y2, > 6th—1>
t=2

t=2 t=2

T T
= Cov (V2 eYio) + Y

t= t=2 s=

2T T
+Z Z Cov ( t— 17€SYS 1)
t+

t=2 s=t+1

t—1

Cov( 1, esYs 1)
2
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= ;T(T —1)(T - 2)o?

Then,

Var (Syj(l)) = Var (SY7T<O)) + Var <§: 6&@1) + 2 Cov <SY7T(O>, i eth1>

t=2

1 1 2
= 3T(T - D(T? =T + 1)ot + S T(T - ot + ST(T = 1)(T - 2)o?

1
= 6T(T — 1)(2T% + 2T — 3)o?

5. To find the order of ]E(SYT( )~%), we apply the second order Taylor approximation to
the function f(z) = 7% about u = E(Sy1(0)) as follows.

_ 1 k(k + 1) Var(SYT( )) 2
~ O(T%) + O(1-22)0 <T4)+O(T )
=0(T™").

6. Similarly, we apply the second order Taylor approximation to the function f(z,y) =
y~*at about u = (E(Syr(1)), E(Syr(0))) to find the order of E(Sy7(0)7*Syr(1)!) as
follows.

Syr(WN| _ |ESyr()| | =1 E"*(Syr(1))
|IE <SY7T(0)]€>| : ’Ek(SY,T(O)>| | 2 E*(Syr(0)) Var(Sy,T(l))‘
k(k+1) EY(Syr(1)) Var

2 E(Sy(0)

(Syr(0 >>\

o E_ ) o6 ), sy,T(o>>| ¥ o(T—z(l—m)
2(1— k;))

IN
SO + +
3
_I_
2
3
L
_l’_
2
3
!
_l’_
©
%
_l’_
2

Theorem 1: Under the assumption that p = 1,
Pagi — Py = 0p(1) as T goes to infinity.

Moreover,
Pag — p = 0p(1) as T goes to infinity.

Proof: To prove the theorem, we will show that E(paq — py)? = O(T~2) by proving the
following statements:

(1) E(pag — py) = O(T?),
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(2) Var(pag — py) = O(T?).

589

To prove (1), apply the second order Taylor series expansion to the function f(x,y) =

~ around (Syr(1),Syr(0)) as follows.
)

P = b = gy Swer1) = (D) = TG Sr(0) = Svr(0)

SY,T(]-) -~ 2
+ S%)’/’T(O) (SW,T(()) - SY,T(O))
1 Q —2
" 5E,0) (Sw,r(1) = Syr(1))(Swr(0) — Syr(0) + Op(T77).

Then, apply the conditional expectation given Y, we have

Sy.r(1) 1

E (ﬁAdj — ﬁy‘Y) = Var (gw,T(O)‘Y) — = COV (SI/V,T(1>7 EWT(O)’Y)

~ 592(0) S%.r(0)
(1)

T
5 Y (VMY + YY) on, 4+ 0,(T72).
S3.7(0) = 7

Let 02 = max o2,. We can show that
1<t<T

2/Syar(U)l o, USvar(D] o, 5

Syr(0) " SEe(0) 1 Sya(0) 1

|E (pag — py|Y)| <

From Lemma 1, we can show that

Therefore, [E(pag — py)| = O(T2).
To prove (2), we note that

Var(ﬁAdj —py)=E (Var(ﬁAdj — py|Y')) + Var (E(ﬁAdj —|Y))
< E (Var(pag|Y)) + E (E*(pag; — py|Y)) -

o2+ 0,(T7?).

(12)
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To bound the first term of (13), we apply the first order Taylor approximation to the function
flz,y) = T around the point (Sy.r(1), Syr(0)) as follows.
Y

Swr(1) _ Syr(1) 1 B Syr(1) B L
Sz (0) _SY,T(O)+SKT(0)(SWT(1) Syr(1)) — SY,T(O)(SWT<) Syr(0)) + Op(T77).
Therefore,
Sw.r(l) 1 S%T(l) _
Var (ng(O)’Y> 7,00 )Var (Swr(1)]Y) —i—m\/ar (Swar(0)|Y)
— 2%” TT((OI)) Cov (Swar(1), Swr(0)|Y) + O(T2)

= Al —|— AQ + Ag —|— OP(T_Q).

To bound E(A;), we notice that

(Y2 2t 1+Yt 1Uut+0ut‘7ut 1 +2YiY 2Uut 1)

M'ﬂ

Var (Swr(1)|Y) =

&
||
(V]

QY72+ Y2, + Y ,)on + Toy,

Mﬂ

Il
¥

t

65y r(0)o2 + To.

u u

IN

602 To?
From Lemma 1, we have E(A4;) = E 4+ U
=B (2 st

For the term A,, we have

Var (Swr(0)|Y) —QZJM 1+42Yt 102, < 2Ta! 4 402 Sy.1(0).
t=2

252 (1 452 (1
vrll) g vl )02> = O(T?). For the last term As,

Oy T o u
Syr(0) Sy7(0)

From Lemma 1, E(A4y) = (

we notice that

S

Cov (Swr(1), Swr(0)[¥) =23 (ViViy + Vi 1Yy )02, 4 < 1002Sy1(0).
t=2

200’35}/&*(1)
S%.(0)
To consider E (EQ(ﬁ Adj — ﬁy\Y)), we apply (12) and Cauchy-Schwartz inequality to obtain

Hence, E(A3) = E ( ) = O(T?). This implies that E (Var(pa4|Y)) = O(T2).

. . 2[Sy,r(1)] )2 <4|SYT<1)\ ’ 5 i
E? (pagy — pv|Y) <3| o Tol | +3| o202 +3 &
(Pagy — pv|Y) < < S3,.(0) S3p(0) Syr(0)
_ 125r0) gy A5rl) 0y TS

g

Oy Oy u*
5V.r(0) Sy, (0) S%.r(0)
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From Lemma 1, E (EZ(ﬁAdj — ,6Y|Y)) = O(T*). Hence, from (13), Var(pag—py) = O(T2).

From (1) and (2), we have E(paq — py)*> = O(T~?). Therefore, pagy — py = 0,(1) as
T goes to infinity. Moreover, since py — p = 0,(1), we have paq — p = 0,(1) as T' goes to
infinity. O

Having proved the asymptotic property of pa4; , we will prove the asymptotic distri-
bution of the test statistics 744; by first obtaining some important lemmas as follows.

Lemma 2: Under the assumption that p =1,

1 [o.¢]
70w (0) = 372 = 0y(1)
=1

as T goes to infinity, where 7; = (—1)"*! and Z7 % N(0,02).

(20 — D7

Proof: We know from Dickey (1976) that

1

ﬁSYT Z% Zz*2 = 0p(1),
=1

as T goes to infinity. To prove this lemma, we will show that

1 1
T25WT( ) = 72 Svr(0) = 0,(1) (14)
as T goes to infinity.
First, we notice that
Swr(0)  Syr(0) 1 & 1, )
T2 T2 T T2 ; 2Y; -y + T2 ;(ut—l — Oui-1)-

Since E(Y;u;) and E (uf — ait) are equal to zero for all ¢,

g T(O) SYT<O>> 1 Z 1 Z 9 9
E (2wrt) oy, - OF (Yirus ) + — S E(u?, — 02, )=0.  (15)
( T2 T2 T2 Z T2 g t—1 t—1

Since {Y;u; h1<i<r and {u? — 02, }1<i<r are uncorrelated random sequences,

Swr(0)  Syr(0 1 &
Var( W;Q( )_ Y,;Q( >>:T4;4VarYt U1 +—Z\/ar ul | — ut 1)
1 1 2
< ﬁagai 2T(T —-1)+ T4TJ (16)
)
Hence, from (15) and (16), (14) is proved. Consequently,
1 *
TQSWT ZVQZ 2= p(1),

as T goes to infinity. O]
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Theorem 2: Under the assumption that p = 1, the statistics T'(poq; — 1) has the same
limiting distribution as T'(py — 1) as T goes to infinity. In a particular,

(ij \/§%Z¢)2 —1

2112 V27?2

T(pag — 1) -5

where ~y; = (—1)"“(2 — and Z; “N(o, )
Proof: From the deﬁmtlon of pagj, T(pagy — 1) can be simplified as
R S S -1 /1 ~
T(pag - 1) =7 (S BrO) (L 5000) (7 (Swrth) - Sur(@)) . (47
SWT T
From (1) and (5), we have
1 ~ 1 )
= (Swr(1) = Swr(0) = = > ((Vier + ) (Vi +u = Yooy —w) + 02, 4)
1 Z )
— T Z ((}/t—l + ut_l)(et + Ut — ut_l) + 0u,t—1>
t=2
1 1= Yu
:TZK 16t+ ZetUT 1 : Zetut 1
t=2
1 & 1 &

+ T Zetut 1+ = T Zutut 1 — T ;(U?_l — 0-12},715—1)' (18)

1
Notice that each of the terms in (18) except T 2 E Y,_je; is a sum of uncorrelated random

variables with zero means and finite variances. Therefore by the law of large number, each
of those terms converges in probability to zero.
Following the results of Fuller (1976) that

o2
*ZY;E 1€t —> <Z\/—712*> _?e’

t 2

where v; = (—1)*! and Z7 % N(0,02), we can show that

(20 — )m
L (Swa()) = Sur(0) 5 2 (S vanz o (19)
7 \Pw.r w,T 2\ & Vit 5
From Lemma 2, (17), and (19),
o 2
<Z \/é%Zz)
T(pag —1) — == : (20)
2,/ Z V272
where ; = (—1)*! and Z; 4 N(0,1). O

(2i — 1)
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Lemma 3: Define the statistic 6124@76 as

A2
0 Adj,e = |0We 1 0We2

where
A2 1 d A 2
Oyer = 7= 2 (Wi — pagWi1)?,
© T—-27=
and
A2 1 & 2 )
UWeZ T -9 Z (Uu,t + laAdjo-u,t—l) .

Then, under the assumption that p =1,

0'124d]e Ag = Op(l)'
In particular, 6734, — 07 = 0p(1).
Proof: Notice that
T

(T —2)6301 = (Vi — pyYeo1 + (by — pag)Yee1 + tr — Pagiue—1)°

t=2

M=

= (T —2)62 + (py — Paag)*Syr(0) + > _(ur — pagus—1)?

=2
T T
+2(py — pagj) > Yie1(wr — pagie—1) + 2> (Ve — pyYio1)(we — pagiue—1)
=2 =2
T
= (T —2)62 + (py — ﬁAdj)QSY,T(O) + Z(ut - ﬁAdjut71)2
=2
T
+2) (er+ (p— pag)Yer) (s — Pagiir—1).
=2

Then,
T

(T = 2)(67e1 — Otyen — 62) = (Py — pagj)*Syr(0) + Y (up — pague—1)?
t=2

T
+2> (er + (p— pagj)Ye1) (we — Pagiue—1)
=2

T
2 | A2 2
- ( Oyt T PAdj%,t—l)
=2

T

(uf - Uz,t) + ﬁ,QAdj (Uf—l - Oi,t—l)
t=2

T T T
— 2pag; Y w1 + 2 equy 4+ 2(py — pagg) D Y1y
=2 t=2 t=2

M=

= (py — pag;)*Sy.r(0) +
=

[\
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T T
— 2padj Y ertis—1 — 2pagi(py — Pag) Y Yicit—1
t=2 t=2
= 0p(T),
where we use Theorem 1, Lemma 2, and the weak law of large number to obtain the last
equation. Therefore, 67y, — 670 — 67 = 0p(1). Consequently, 6%, ., — 02 = 0,(1). O

Applying Lemma 2 - Lemma 3, we obtain the asymptotic distribution of the proposed
statistic 744 in the following theorem.

Theorem 3: Let 744 be a statistic defined by

o (pag —1) Swar(0)
Adj — r‘id :
L],€

Then 744 has the same asymptotic distribution as 7 in (4). That is

(Zoé \/5%'21') :

2,/ S 222
=1

] 2 13
where ~; = (_l)Hlﬁ and Z; ¢ N(0,1).
/Z, J—

A

d
TAdj —

Proof: From Lemma 2 and Lemma 3, we have

1 ~ [e¢) Z*2
TQ SWT( ) —> 271 )
Adje e

; 2 i
where 7; = (—1)’+1ﬁ and Z7 % N(0,02).
Z —

Then,

1 ~ 1
\ngsw,T(U) ' 27222 (21)
Ad]e

where Z; % N(0,1).

From (20) and (21), we can conclude that

o 2
— o, (Evez)
Tagg = T(pag — 1) - $SWT( e :

T2 O Adj.e 9./ Z 72 ZZ
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