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It is well known that allowing the coefficients to be time-varying in a predictive
model with possibly nonstationary regressors can help to deal with instability in
predictability associated with linear predictive models. In this paper, an L,-type test
statistic is proposed to test the stability of the coefficient vector, and the asymp-
totic distributions of the proposed test statistic are developed under both null and
alternative hypotheses. A Monte Carlo experiment is conducted to evaluate the fi-
nite sample performance of the proposed test statistic and an empirical example is
examined to demonstrate the practical application of the proposed testing method.

1. INTRODUCTION

A standard predictive regression has the following linear structural model
yi=aotaix—1+é& and x;=px,—1+u, for 1 <1 <n, ®

where y; is the dependent variable, say excess asset return at time ¢, x,—j iS a
financial variable, such as the log dividend—price (d—p) ratio or the log earnings—
price (e—p) ratio at time ¢ — 1, which is commonly formulated by an autoregres-
sive model with order 1 (denoted by AR(1)! as in the second equation in (1),
and innovations {(&;,u;)} in (1) are usually assumed in the finance literature
to be independently and identically distributed (i.i.d.) bivariate normal N (0, X)
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2
:ju ng ) . Model (1) is commonly called a predictive regression. Note
that it is easy to ggneralize model (1) to the multiple regression case; see Amihud,
Hurvich, and Wang (2009) and Phillips, Li, and Gao (2013) for further discus-
sions. For simplicity, it is assumed that x; is one-dimensional.

As discussed in Amihud and Hurvich (2004), Phillips and Lee (2013), and
Cai and Wang (2014), the ordinary least squares (OLS) estimator of model (1)
is asymptotically unbiased with stationary regressors. However, when regressors
are persistent, the OLS estimator has uncorrectable bias and the limiting theory
is nonstandard. Many studies have proposed solutions of these problems; see,
for example, Amihud and Hurvich (2004), Phillips and Lee (2013), and Cai and
Wang (2014).

Note that the correlation coefficient between ¢; and u; in (1) is y = o4y /00y,
which, unfortunately, is nonzero in many empirical studies; see, for example,
Table 4 in Campbell and Yogo (2006) and Table 1 in Torous, Valkanov, and Yan
(2004) for some real applications. This nonzero correlation between two innova-
tions creates the so-called embedded endogeneity problem where x;_; and &; may
be correlated which leads to biased estimates (see Campbell and Yogo, 2006).

In the last decade, many empirical studies have shown significant in-sample ev-
idence of predictability in asset returns, while the evidence of out-of-sample pre-
dictability appears to be very weak. In particular, Paye and Timmermann (2006)
attributed this strong in-sample predictability, but weak out-of-sample predictabil-
ity, to different predictive relations over time with possible structural changes. To
examine this instability embedded in a predictive model, they studied the follow-
ing model:

with £ = (

ye=ao +auxi—1+ée and x;=px;—1+u for 1 <t <n 2

by assuming that both ag, and ai, change over time with possible structural
breaks, and that x; is stationary (|p| < 1). In other words, both a¢, and ay; in (2)
are assumed to be piecewise constant. They concluded that there is evidence of in-
stability for the vast majority of models for international equity indices. However,
as pointed out by Hansen (2001), Cai (2007), and Chen and Hong (2012), this
assumption might be inappropriate in some real applications due to some leading
driving forces of structural changes usually exhibiting evolutionary changes in
the long term, and it is more reasonable to allow smooth structural changes over a
period of time rather than sudden structural changes. Therefore, one could expect
that both the trend and the prediction coefficient are smooth functions of time.
Therefore, Wang (2010) applied the linear projection between two innovations to
remove embedded endogeneity from the model, i.e., &, = f1; u; + v;, and then
considered

Vi = Por + Preus + Por xi—1 + 0y EﬁzT X;+v; and
X =px—1+u for 1 <1 <n, 3)
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where f;, i = 0,1,2 are smooth functions of 7, f; = (Bor, f1s, for), X; =
(L,us,x;—1)T, p = 14c¢/n with ¢ < 0, and the error term {(u;,v,)} is a strictly
stationary mixing process. When ¢ = 0, x; is a unit root, or integrated, process,
denoted by I(1). When ¢ < 0 and is fixed, x; is a nearly unit root, or integrated, pro-
cess, denoted by NI(1) (see Phillips, 1988). Indeed, model (3) incorporates several
known models as special cases; see Robinson (1989, 1991), Cai (2007), and Chen
and Hong (2012) for the case where x; is stationary. There are some papers in the
literature that discuss the time-varying coefficient model when regressors are per-
sistent and nonstationary; see Park and Hahn (1999), Wang (2010), and Phillips,
Li, and Gao (2013). Especially, Philips, Li, and Gao (2013) generalized model (3)
to a nonstationary multivariate regression that includes predictive regression and
nonlinear cointegration.

In applications of (3), it is important to determine if coefficient f; = (foy,
P1t, Par) is constant, i.e., to determine if a parametric linear model is appropri-
ate. Therefore, the hypotheses can be formulated as

Hy: p; = p for some S = (o, f1,h2) € ]R3, versus H, : f; # fforall t >0. (4)

Clearly, the testing hypothesis formulated in (4) covers the special case H :
P2 = 0 in (3), which is similar to the well-known test Hp : oy = 0 associated
with the linear predictive model (1). Therefore, the testing hypothesis in (4) is
more general than test Hy : a1 = 0 in the literature.

The motivation of this study is to apply (3) and (4) to an analysis of the monthly
S&P 500 excess return to test if it is predictable by some particular financial
variables, such as the log e—p ratio and the log d—p ratio. If predictability exists,
then this study will also test its stability. The detailed analysis of this dataset is
reported in Section 4.3.

In the literature, there are several discussions about hypothesis Hy : a1 =0
based on (1). Stambaugh (1999) proved that the OLS estimation of the predictive
slope coefficient in (1) is biased in finite samples, which renders the traditional
t-test invalid. Using the bootstrap method in Kothari and Shanken (1997) to test
the slope coefficient in (1) avoids the unknown distribution problem. Meanwhile,
Lewellen (2004) not only proposed a hypothesis testing method based on the
empirical observation that the autoregressive coefficient p in (1) is close to one,
but also showed that the proposed method can dramatically improve the power
of the test under the assumption that p & 1. The method in Lewellen (2004) was
modified by Amihud and Hurvich (2004) to remove the assumption that p ~ 1.
Also, a new method, called the augmented regression method, was proposed by
Amihud et al. (2009) to test the predictive coefficients in (1). A compari-
son of the aforementioned methods can be found in Amihud et al. (2009).
Recently, for nonstationary and/or heavy-tailed regressors, Cai and Wang
(2014) derived the asymptotic theory and suggested using a Monte Carlo
simulation to find the appropriate critical values for testing predictability,
whereas Zhu, Cai, and Peng (2014) proposed novel empirical likelihood methods
based on some weighted score equations to test predictability. In addition,
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an earlier work of Cavanagh, Elliott, and Stock (1995) proposed a Bonferroni
t-test derived under local-to-unity asymptotics to obtain a valid inference for the
coefficient a1 and their method was revised by Campbell and Yogo (2006) to
find a more powerful test. However, as demonstrated in Phillips (in press), the
approach proposed by Campbell and Yogo (2006), based on confidence intervals,
has zero coverage probability asymptotically as the sample size goes to infinity
in the stationary regressor case with spurious predictability. These results may
raise potential problems for practical applications when regressors are stationary.
In fact, all of the aforementioned methods are based on the assumption that
the predictive coefficients are simple constants instead of smooth functions
of time 7.

To test the instability of time-varying parameters in a nonparametric regression,
Cai (2007) and Chen and Hong (2012) studied two consistent tests for smooth
structural changes as well as for abrupt structural breaks by assuming that the
predictor is stationary and uncorrelated to the innovation in the model. However,
to the best of our knowledge, nothing in the literature discusses the hypothesis
testing problem in (4), when regressors are highly persistent, possibly endoge-
nous, and even nonstationary.

Here are two methods to consider the testing problem in (4), based on the non-
parametric estimation procedure. The first is the conditional moment test pro-
posed by Fan and Li (1996, 1999) and Zheng (1996), which may not be suitable
for the testing problem in (4) because it is not formulated in a conditional mo-
ment, and the second is based on the integrated squared difference of the estimated
function and the true function (see Li, Huang, Li, and Fu, 2002; Sun, Cai, and Li,
2008). We use the second method to construct the test statistic and to derive its
asymptotic distribution.

Using alternative hypotheses to ours, other tests have been developed to test
a linear/nonlinear cointegrating model, including the nonparametric specification
tests of Sun et al. (2008), Xiao (2009), Wang and Phillips (2012), and Wu (2013).
Without requiring {x;—} to be independent of {u,}, Wang and Phillips (2012)
considered the problem of testing a linear cointegration model, y; =6y +6; x;—1 +
u;, against a nonlinear cointegration model, y, = g(x;—1) + u;, where g(-) is an
unknown function and {x;} is a random walk process, while Wu (2013) tested
a nonlinear cointegration model, y, = go(x;—1,0) + u,, against a nonparametric
cointegration model, y; = g(x;,—1) 4+ u;, where go(-) is a known function and {x;}
is a nearly integrated process. See Sun et al. (2008), Wang and Phillips (2012),
and Wu (2013) for a summary of these tests.

The rest of this paper is organized as follows. Section 2 is devoted to deriving
the test statistic, and its asymptotic results are presented in Section 3. We conduct
a Monte Carlo simulation and present its results in Section 4. Also, an application
of predictive regression with nonstationary regressors to an empirical example is
reported in Section 4 to highlight the practical usefulness of the proposed testing
procedure. Section 5 concludes the paper. All theoretical proofs of the asymptotic
results are given in the Appendix.
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2. TEST STATISTIC

Following Robinson (1989, 1991) and Cai (2007), we assume that f; = f(s;),
where s, =t/ T, and also that the second order derivative of #(-) is continuous in
[0, 1]; see Robinson (1989, 1991) and Cai (2007) for detailed discussions. Then,
(4) becomes

Ho : B(s) = B forsome B = (Bo, 1, B2) € R?, versus
H,:p(s)# pforall 0<s <1. 5)

Now, following Li et al. (2002), we construct a test statistic based on the L,-type
test statistic as follows

1
/0 (B(s)— B 0 (s)[B(s) — Blds,

where Zf is the OLS estimator of f under the null hypothesis, w(s) is a weighting
function, and Z)’\(s) is a nonparametric estimator of f(s) for any 0 < s < 1; for
example, the local linear or local constant estimator. If Z)’\(s) is the local linear
estimator, then

Pus) d -
({f) )zargming,ﬁA(l)Z[y,—X,Tﬂ—<st—s)X,T/?(“FKh(sf—s), (6)
B () =1

where K, (-) = K(-/h)/h, K(-) is akernel function and &2 = h(n) is the bandwidth
satisfying 4~ — 0 and nh — o0 as n — oo. It is easy to show that the minimizer
in (6) is given by

7 —1

Bu(s) _ (Sn,o(s) SnT’l(s)) (Tn,o(s)) — ST, ()

ﬁ(l)(s) Sn,1(8) Sp2(s) Tn1(s) " e
where S, ,(s) > st — ) K (s —s)X,XT for 0 < j <2and T, ;(s) =
D (st — ) Kp(s; — s)Xry for 0 < j < 1. Alternatively, if ,b’(s) is the local
constant estimator, then ,b’lc () = Sp,0(s)~ Ir, o(s) To avoid the random denomi-

nator problem, we consider the following. When ﬁ (s) is the local linear estimator,
we have

n (s 7 n
Sn(s)(,'bj(” ) ﬁ):ZKh(st—s)X,E}(le_s),

Bl -0) 5

where 0; =y, — X[ ﬁAis the parametric residual. When ﬁA(s) is the local constant
estimator, we have

$1.0(5) (Bie(s) = B) = D Ki(s: =) X0y

t=1
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This implies that by taking an appropriate @ (s), the test statistic has the form

[ 1B =B 06)156) = Flds = 33X X0 [ Kilsi=9)KiGs, =5)ds.

t=1r=1

Similar to Li et al. (2002), by removing the global center, i.e., the sum where t =r
in the above equation, and by replacing convolution kernel function [ Kp(s; — )
Kj (s —s)ds with K, = K ((s; —s,)/ h), we obtain the final test statistic

R 1 LA -
I, = EZZXTTX"D[U"K”" 7
t=1 r#t

In the next section, we discuss the asymptotic properties of 7:1 under Hy and
H,, respectively. Note that u; is unknown in practice so that X; in (7) should
be (l,ﬁt, Xt_])T, where ﬁl =Xt — ﬁx,_l .

3. ASYMPTOTIC THEORY

Before presenting the asymptotic distribution of the test statistic in (7), we need
to list some assumptions.
Assumptions:

C.1 The error term {u,} has a zero mean and is a strictly stationary o-mixing
sequence of size —r/(r —2) with r =2+ ¢ for some ¢ > 0 and E|u,|" < oco.

C.2 Functions f(-) are twice continuously differentiable on [0, 1] and
18()ll2g <M < oo for some g > 1.

C.3 The kernel function K (-) is symmetric and has a compact support [—1, 1].
Also, K (-) satisfies |K (1) — K (u )| < M|u —u | for some M < oo.
C.4 The bandwidth & satisfies that & — 0, nh — oo, and nh*— 0.

C.5 Error term v, satisfies E(v;) =0, E(v?) = o2 with 62 a positive constant,
and £ (v;‘) < oo. In addition, {v,} is independent of {x;} forall 1 <t <n.

C.6 Error term {(u;,v,)} is a strictly stationary f-mixing process with the mix-
ing coefficient satisfying fx = O (pl_k) for some p; > 1.

Further, we assume the uniform consistency from Theorem 3.2 in Wang (2010),
where

supysj<115i (s) = Bi ()| = Op(gn), i =0,1 and
supysj<1182(5) = Ba(s)] = Op(n ™% q)

under some regularity conditions, where ¢, = /Inn/nh + h2 If nh* = 0 as
n — 00, it follows that g, — 0 so that

supyy<115i () = fi(s)| = 0p(1), i =0,1 and
supjsj<1182(5) = Ba() = 0, (n ™1/, 8)
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which will be used in the proof of the asymptotic properties of the test statistic
I,,. Also, the conditions given in Lemma Al (see Appendix) and Assumption C.6
imply that

gn(r) = x[nr]/\/ﬁ = Kc(r)s 9

where K (r) = for exp((r —s)c)d W, (s) is a diffusion process and W, (-) is a one-
dimensional Brownian motion with variance o2 = Var(u;) +2 > 72, Cov(u1, ug).
Clearly, K.(r) becomes W, (r) when ¢ = 0. Here, and in what it follows, = rep-

d s
resents weak convergence, and — denotes convergence in distribution.

THEOREM 1. Suppose that Assumptions C.1-C.6 hold. Then, under H,
we have

T =nviT, 5 MN(O,c?), (10)

where MN(0, 62) is a mixed normal distribution with zero mean and conditional
variance

1 pr
02 =20202R*(K) / / K2(r) ' K2(s)dsdr, (11)
0 Jo

where R*(K) = f_ll Jo K*(s)dsdr and K.(-) is given in (9). In addition, if (10)
and (11) hold, then

~ 1 n n L 2
52 = ﬁZthzvrz (X,TXr) Ktzr LS 02, 12)
t=1 r#t

where vy = y; — X ,T P is the nonparametric residual.

Remark 1. In the consistent estimate of ¢ 2, 0; must be nonparametric residual.
If a parametric residual is used, say, vy = y; — X/ B, then 7; = O (y/n) under
H,, and 52 may not be a consistent estimate of a2. See Phillips (1988) for the
definition of a mixed normal distribution.

Next, to examine the power of test statistic J,,, we introduce O, (a;) to denote
an exact probability order of a,, — 4o00. For example, A, = O,(a,) means that
A, = Op(ay,) but A, # 0,(a,). Theorem 2 shows that J, is a consistent test.

THEOREM 2. Suppose that Assumptions C.1-C.6 hold. Then, under H,,
we have

Jo=0.(n*Vh), e, P,>Cy)—1
as n — oo for any nonstochastic sequence C,, = o(n2\/ﬁ).

Theorem 2 shows that, under H,, the test statistic J,, diverges to +oco at the
same rate whether or not f,(s) is constant.
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4. APPLICATIONS

In this section, we conduct a simulation to examine the finite sample performance
of the proposed test statistic. We first describe the simulation procedure and then
report the simulation results under both null and alternative hypotheses.

4.1. Simulation Procedure

We use the test statistic given by (7) and its standard form, according to (10) in
Theorem 1, can be constructed as

Hy, = nvhl, V52, (13)

where 62 is the estimator of the conditional variance of J, in Theorem 1, based
on a nonparametric residual. From Section 3, we know that the asymptotic dis-
tribution of I:\In is conditional normal with zero mean and unit variance. The
critical values of the proposed test statistic are simulated to compute the em-
pirical size and power of the test. The simulation procedure is briefly described
as follows.

(1) Under Hy, estimate the coefficients in model y, = X tT S + v, using the OLS
method and obtain residual v;. Also, run regression x; = px;_1 +u, to obtain
residual ;.

(2) Apply the proposed two-stage estimation procedure on the simulated sample
in Step (1) to obtain estimates of the time-varying coefficients, calculate
the estimated nonparametric residual o;, and then find the estimate of the
conditional variance of J, in Theorem 1, say G2,

(3) Replace with v, and &2 in (13) and calculate the test statistic ﬁn.

(4) Perform a large number of iterations, say 1,000, to find the empirical dis-
tribution of {ﬁn}. The critical value at significance level a is given by the
(1 —a)th quantile.

4.2. Simulation Results

To find the empirical size and power of our proposed test statistic, we consider
the data generating process

yi = Po(se) + pr(s)us + Pa(s)) xe—1 +vr, 5: €[0,1]; X, = pxi—1 +uy, p=1+c/n.

To estimate the size of this model, we choose fo(s;) = 0, fi1(s;) = J with
0 =—0.75 or —0.95, and f>(s;) = 0 for s, € [0, 1]. We also choose different val-
ues for the persistency parameter c, i.e., ¢ = 0, —2, or —20, corresponding to the
state variable x; being an I(1), NI(1), or stationary process. The two innovations,
u; and vy, are generated from the AR(1) models

u; =03u;—1+e;; and v, =0.30,—1 4+ e,
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where ej; and ey; are independently generated from normal distributions with
zero mean and variances 031 =0.91 and 032 =0.4 when 0 = —0.75 or 0‘822 =0.09
when 0 = —0.95, respectively, which guarantee that both «; and v, have a standard
normal distribution.

We choose four sample sizes of n = 250, 500, 750, and 1,000 and repeat the
simulation m = 1,000 times for each sample size. When applying the proposed
two-stage estimation procedure, we need to specify the bandwidths at both stages.
For the first stage, the bandwidth is | = d;n~=?/3 with d; = 1.0, 2.5, and 5.0.
Based on the mean absolute deviation error for estimating all three coefficients,
dy = 2.5 is chosen for our test since d; = 1.0 and d; = 5.0 generate a bandwidth
that is either too small or too large. At stage two, the bandwidth is selected by the
cross-validation method. We also consider hypothesis testing at different nominal
sizes of 10%, 5%, and 1% to check the effectiveness of the proposed test statistic
at different significance levels. The simulated sizes at different bandwidths are
listed in Tables 1-3. Note that we also conducted simulations for 6 = 0.75 and
the results were similar to those in Tables 1-3. To save space, the results are not
reported here. However, they are available from the authors upon request.

From Table 1, we observe clearly the convergence of the simulated size to the
corresponding nominal size as the sample size increases, no matter how persistent
the state variable is or which setting is chosen. In addition, there is no significant
difference among the sizes when ¢ takes different values, no matter which band-
width, dj, is selected. Similar conclusions can be drawn from Tables 2 and 3.
By comparing the results in Tables 1-3, we see that d; = 2.5 (Table 2) performs
the best among the three bandwidth values. This shows that the proposed test
statistic is consistent under the null hypothesis so that it delivers a right test size.

TABLE 1. The empirical test size for testing constant predictability at d; = 1.0

0=-0.75 0=-0.95

n= 250 0.188 0.184 0.162 0.184 0.180 0.164
10% n= 500 0.136 0.130 0.126 0.130 0.130 0.126
n= 750 0.116 0.116 0.110 0.114 0.111 0.112
n = 1000 0.100 0.100 0.101 0.100 0.100 0.100
n= 250 0.110 0.108 0.094 0.108 0.104 0.096
5% n= 500 0.074 0.072 0.066 0.070 0.070 0.069
n= 750 0.058 0.060 0.054 0.060 0.058 0.058
n = 1000 0.050 0.052 0.050 0.050 0.050 0.050
n= 250 0.036 0.034 0.028 0.032 0.032 0.030
1% n= 500 0.020 0.019 0.016 0.020 0.018 0.018
n= 750 0.014 0.014 0.012 0.014 0.014 0.014

n = 1000 0.012 0.012 0.010 0.012 0.012 0.012




962 ZONGWU CAI ET AL.

TABLE 2. The empirical test size for testing constant predictability at d; = 2.5

0=-0.75 0=-0.95
c=0 c=-2 c=-20 c=0 c==-2 c=-20
n= 250 0.108 0.108 0.138 0.108 0.108 0.138
10% n= 500 0.100 0.100 0.112 0.100 0.100 0.110
n= 750 0.100 0.100 0.104 0.100 0.100 0.107
n = 1000 0.100 0.100 0.100 0.100 0.100 0.100
n= 250 0.054 0.053 0.072 0.052 0.054 0.072
5% n= 500 0.050 0.050 0.056 0.050 0.050 0.056
n= 750 0.050 0.050 0.052 0.050 0.050 0.053
n = 1000 0.050 0.050 0.050 0.050 0.050 0.050
n= 250 0.012 0.012 0.018 0.010 0.012 0.018
1% n= 500 0.010 0.010 0.012 0.010 0.010 0.012
n= 750 0.010 0.010 0.012 0.010 0.010 0.012
n = 1000 0.010 0.010 0.010 0.010 0.010 0.010

TABLE 3. The empirical test size for testing constant predictability at dj = 5.0

0=-0.75 0=-—0.95
c=0 c==-2 c=-20 c=0 c=-2 c=-20
n= 250 0.052 0.062 0.104 0.052 0.064 0.102
10% n= 500 0.072 0.076 0.086 0.072 0.080 0.084
n= 750 0.092 0.092 0.092 0.090 0.094 0.092
n = 1000 0.102 0.100 0.100 0.100 0.100 0.100
n= 250 0.022 0.028 0.052 0.024 0.028 0.050
5% n= 500 0.034 0.036 0.042 0.032 0.038 0.040
n= 750 0.046 0.046 0.048 0.044 0.046 0.046
n = 1000 0.050 0.050 0.050 0.050 0.050 0.050
n= 250 0.004 0.006 0.012 0.004 0.006 0.010
1% n= 500 0.006 0.008 0.008 0.007 0.008 0.008
n= 750 0.010 0.010 0.010 0.010 0.010 0.010
n = 1000 0.010 0.010 0.010 0.010 0.010 0.010

Next, to compute the power of the proposed test, we consider a sequence of
alternatives indexed by b € [0, 1] as

Hy: f(si) = B+b(Bs:) = B),

St € [05 1]9

where £°(-) € R? with ﬂg(st) = 0.02exp(—0.8 +4s;) — 0.12, ﬂ?(st) = 0.2sin
(4s: +20), and ,Bg(s,) =0.35,—0.3 exp(—7s,2) —0.05. Notice that when b = 0,
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the specified alternative collapses to the null hypothesis and the power becomes
the test size. Similar to the test size investigation, here we also consider three
different bandwidth values. For sample size, we choose n = 250, 500, and 750.
Figure 1 reports the results for d; = 2.5 and nominal size 5%. The results for
d; = 1.0 and d; = 5.0 and nominal sizes 1% and 10% are similar and so are not
presented here to save space.

The plots on the left-hand side (when 6 = —0.75) of Figure 1 illustrate the
power curves when the correlation between two innovations is relatively weak.
From these plots, we see that the test becomes more powerful as the sample size
increases. Also, the power curves in the top two panels approach to one much

c=0 c=0
delta = -0.75 delta = -0.95
----- n=250 n=250
— n=500 — n=500
n=750 n=750
0.8 1.0 0.8 10
c=-2 c=-2
delta = -0.75 delta = -0.95
n=250 n=250
— n=500 — n=500
-~ n=750 - n=750
0.8 1.0 0.8 1.0
c= =20 c==20
delta = -0.75 delta = -0.95
n=250 n=250
— n=500 - n=500
- n=750 - n=750
0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0

FIGURE 1. Plots of the empirical power curves against b for the test hypothesis when
dy = 2.5 with nominal size 5% in Section 4.2. The dashed, solid, and dashed-dotted lines
represent n = 250, 500, and 750, respectively. (a) ¢ = 0 and 6 = —0.75; (b) ¢ =0 and
0=-0.95; (¢c) c=—-2and 6 = —0.75; (d) ¢ = =2 and 6 = —0.95; (e) ¢ = —20 and
0= —0.75; and (f) c = —20 and 6 = —0.95.
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faster when the state variable is nonstationary (¢ = 0 or ¢ = —2). This is reason-
able since the proposed test should be more powerful when the state variable in
(3) is highly persistent, or even nonstationary. From the plots on the right-hand
side (when 0 = —0.95) of Figure 1, similar conclusions can be made, except that
the power curves converge to one quicker than in those on the left-hand side of
Figure 1. Finally, for ¢ = 0 and ¢ = —2 with n = 500 and n = 750, when b is
greater than or equal to 0.2, the power is approximately one. For ¢ = —20, the
power is approximately one when b > 0.3 for n = 500 and n = 750. This implies
that the proposed test is quite powerful.

4.3. An Empirical Application

In this section, we apply the proposed test procedure to analyze the monthly S&P
500 excess return. We use the log e—p ratio as the univariate predictor during the
time period 1938:12 to 1998:12 and use the log d—p ratio to predict asset return
from 1945:12 to 2005:12. The monthly S&P 500 stock price, dividends, and earn-
ings data were obtained from Professor Robert Shiller’s website.> The d—p ratio
is calculated as the ratio of average dividends during the last year over the current
stock price. The e—p ratio is computed as the average earnings over the past ten
years divided by the current price. The one-month T-bill from the CRSP is used
to calculate the excess return. See Cai and Wang (2014) for details on variable
definitions and calculations. We investigate the predictability of these two time
series on asset return. Both sample periods selected have a length of 721 months,
which makes the sample size possibly large enough to obtain a reliable test result.

First, we examine the persistency of the predictors. To this end, we consider
the AR(1) model with an intercept term as the working model for both predictors;
that is

Xy =0+ pxi—1+uy,

where x; stands for the log e—p ratio or the log d—p ratio for the two time peri-
ods described above. Then, we consider testing the null hypothesis that § = 0 and
p = 1. The least squares method is applied to find the estimates 30 Ls and pors.
Based on Hamilton (1994), neither has a limiting Gaussian distribution. By us-
ing a Monte Carlo simulation as suggested in Hamilton (1994), we find the 95%
confidence intervals of the coefficients. We summarize the OLS estimates and

their confidence intervals in Table 4. For both predictors, the confidence interval

TABLE 4. OLS estimates (95% C.1.) for the AR(1) models

log e—p ratio (1938:12-1998:12) log d—p ratio (1945:12-2005:12)

GoLs —0.0039 (—0.0076, 0.0084) —0.0070 (—=0.0077, 0.0082)
POLS 0.9992 ( 0.9841, 1.0005) 0.9983 (0.9839, 1.0005)
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for @ covers zero and for p covers one. Thus, we cannot reject the random walk
null hypothesis for either time series.

Next, we apply the least squares method to rerun the AR(1) model without
the constant term, x, = px,_ + u,, for both predictors to get u;. Then, we apply
the two-step estimation method proposed in Cai and Wang (2014) to estimate the
constant coefficients in

re = Po+ Priy + Poxi—1 + ;. (14)

The estimates of the coefficients, together with their 95% confidence intervals,
are listed in Table 5. From these results, we see that the log d—p ratio can be used
to predict asset return during its sample period since zero is not covered by the
confidence interval for f,. However, the log e—p ratio may not have predictive
power.

One can conclude from the above testing results that the constancy of the
coefficient is uncertain. So, we now apply the proposed test procedure to test
if the coefficient vector is a constant vector. To this end, we propose the following
varying coefficient model

re = Pols) +pals)xi—1+e, xp=pxi—1+u;, p=1l+4c/n,

where ¢, = B1(s;)u; +v;, and s; € [0, 1].

We apply a two-stage estimation procedure to estimate the functional coeffi-
cients. To find an appropriate bandwidth in the first stage, we set h| = djn~>/
with d; selected from 0.2 to 10 in increments of 0.2. The bandwidth which gen-
erates the lowest mean square error is used for testing. Hence, we select dj = 1.2
and d; = 2.2 for the log e—p ratio and the log d—p ratio, respectively. Following
the proposed test procedure, we calculate the values of the test statistic and ob-
tain their corresponding p-values by repeating the simulation m = 1,000 times.
The results are listed in Table 6. For both predictors, the p-values are close to
zero which implies that we have a strong evidence to reject the null of constant
coefficient vectors. Together with the results in Table 5, we conclude that both
the log e—p ratio and the log d—p ratio have time-varying predictability to forecast
asset return, although their predictability may be weak at some points during the
sample periods.

TABLE 5. Two-step estimates (95% C.I.) for constant coefficients in (14)

log e—p ratio (1938:12-1998:12) log d—p ratio (1945:12-2005:12)
Bo 0.0042 (0.0037, 0.0047) 0.0098 (0.0091, 0.0104)
Bi —1.0045 (—1.0048, —1.0042) —0.9903 (—0.9907, —0.9900)
b 0.0005 (—0.0004, 0.0014) 0.0022 (0.0009, 0.0036)
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TABLE 6. The value of test statistic and its p-value for the empirical example

State variable Test statistic p-Value
log e—p ratio 6.179 0.007
log d—p ratio 14.286 <0.001

5. CONCLUSION

In this paper, we propose a consistent nonparametric test for testing the null hy-
pothesis of constant coefficients against the alternative of nonparametric smooth
coefficients in a varying coefficient predictive regression model. We show that
the proposed test statistic converges to a mixed normal distribution under the null
hypothesis.

There are several issues related to our paper which should be addressed. First,
we only consider the case where x;—; might be correlated with ¢; through u;,
since ¢; and u, are correlated. It would be of interest to generalize the results
of this paper to where x;_; and ¢, are directly correlated, similar to Wang and
Phillips (2012) for regression model. Additionally, it would be of further interest
to consider testing problems such as whether structural changes exist as argued
by Paye and Timmermann (2006); that is, to test if nonparametric coefficients
are piecewise constant (model (3) versus the model considered in Paye and Tim-
mermann, 2006). Furthermore, when x; is a multiple predictor, testing whether a
portion of varying coefficients are constant is challenging since the model under
the null hypothesis becomes a semiparametric varying-coefficient model. This is
similar to Sun et al. (2008) for regression model. Finally, in practice, selecting the
bandwidth in the proposed test statistic is of great importance. These issues are
left as future research topics.

NOTES

1. A higher order of AR model for x; is possible. For simplicity, our focus here is on the AR(1)
model.
2. http://www.econ.yale.edu/shiller/data.htm.
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APPENDIX: Mathematical Proofs

To prove the theorems in Section 3, we need the following two lemmas.

LEMMA Al. Leta;, = n=0 (Inn)**, where 0, =1/2—1/(246.) with0 < J, < 2 and
Ax > 0 s a function of dx. Under the assumption that u; is a stationary o.-mixing sequence
with mixing coefficient a.(n) that satisfies

(0.¢]
Elu|" < o0, and Za(n)l/(2+5*)—1/r <0

n=1

for some r > 2+ 0y, it follows that the nearly I(1) process & (r) = X[pp)//n for 0 <r <1
has the following strong approximation

sup |&n(r) — Ke(r)| = Oas (ay),

0<r<li

where K. (-) is the diffusion process given in (9) and Oys(1) means almost surely (a.s.).
Proof of Lemma Al. See Lemma 3.3 in Wang (2010). |

LEMMA A2. Let {S,;, Fni, 1 <i <ky,n > n} be a zero-mean, square-integrable mar-
tingale array with differences X,;, and let 772 be an a.s. finite random variable (r.v.)
Suppose that

P
VR = > B Fnio) B, ZEW1(|xm|>e)|fn,i_11+0forazz £>0,

and the o -fields are nested, that is ~7'-n,i CFuqrifor 1 <i<kp n>1,then

n N me - Z,
where the r.v. Z has the characteristic function E [exp(—%nztz)].

Proof of Lemma A2. See Corollary 3.1 in Hall and Heyde (1980). n

Proof of Theorem 1. Under Ho, o = y; — X! B = v, — X! (B — J). Decompose I, as
follows:

3h ZZX XrDtUthr

t=1r#t

= nSLhithTXr [Uf _XtT(B\_,B)] [Ur —(ﬁ—ﬁ)TXr] Kir
t=1r#t
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> > XX, [+ G- XX B= =20, X] B= )] Kir
t=1r#t

=+ B =BT My 2B~ p)—2My 3(B—P), (A1)

where

ZZX XrororKir, — ZZXTXrXrXTKm

t 1r#t t=1r#t

n
and My 3= — ZZXTerrX Kir.
t=1r#t

We now discuss the above three parts in (A.1) separately. First, let us consider I,, 1. By the
fact that uy = uy — (p — p)x;—] = us + 0p(n_1/2), X; = (Lup,x,— )T + OP(n_l/z).
By ignoring the higher order term, to abuse the notation, we still use X; to denote
(1,uz,x,—1)T here, and in what it follows. Then, I, can be written as

n
n, 3 ZZUIUthr+ 3h zzuturththr+ 3h zzxt 1% —10:0r Kpr

t=1r#t t=1r#t t=1r#t
=+ 12+ 1In3s (A.2)

where the definitions of 7, 11, I 12, and 1, 13 are clearly apparent. For /,, 11, we have
E(l;,11) =0and

n t—1 4ntl

E(111,11)2=E 22202 2K2

1 erl

t=2r=
20';‘- 4 2[—}’
- K2 Dydrdr +o(1
2l [ e o)
26;1' Loty
= —K2(s)dsdt +o(1
[ Koo

20‘;‘ Lol 2 —4;—1
= K2(s)dsdt +0(1) | = 0~ *n™1). (A3)
n*h | Jo Jo
Therefore,
11 = Op(n=2n~12), (A4)

Similarly, it is easy to obtain E(/, 12) = 0. Based on the assumption that u; and v, are
uncorrelated, we have

n t—1 ntl

E(l,12)*=E QZZu?u%?szz = ZZ [ }

t=1r=1 t 1r=1
— —4,—
=0(n""h ).




970 ZONGWU CAI ET AL.

Hence, we obtain
Iniz = 0p(n~2n~ /%), (A.5)

As for I, 13, let z;, = n “2p=1/2y, 1utz xr_ler,,.Then, n\/len,w =237 5z
Given E(v¢|Fn,t) = 0, we can show that E,_l(zl) = 0, which implies that {n«/ﬁlmm,
Fn,t} is a martingale. We use the martingale central limit theorem in Lemma A2 to estab-
lish its asymptotic distribution. More specifically, we need to show that

n
vi=>E(3) 5o (A.6)
=2
n
and > Ei [z31(|z,| > e)] 20 forall &> 0. (A7)
=2

First, we prove (A.6). Indeed,

2
1 n t—1
ZEI—I(Zt ThZEt—l xt—ll)zzxr—lerzr
=2 r=1
n t—1r—1
4hzzzurvsxr—]xs—ththsx, 11)[
t=2r=1s=1
n t—1t—1
ZZZ)C, 1Xs— 1x 1 Kis Kirvros
t 2r=1s=1

n t—1 n t—1

2 2 2
1% —1 Kior D szrvsxt 1%r—1%s—1 K15 Kir
hig= hiZs

=Vt Vo A8)

where the definitions of Vn2 ;»1=1,2, are obvious. The strong approximation in Lemma Al
and Condition C.3 give

t—1

it Eetnit = 3 () T2 () e

_>/ / K2 K2(r )K2( ) 2drdt

t/h
= / / K2()K2(t — sh)K>(s)v2dsdt
0 JO

1,1 1
/ / K?(f)K2(S)dsdt/ v%ds +s.0.
0 JO 0

1 rl
03/0 /0 K?(Z)K2(s)dsdt+s.o.,
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where the last equation is obtained by applying a Taylor expansion and o'uz = jol v%ds.

Combined with E(v2) = 2, we have

p o2

1 1
EA "7 =202 / / K*() K2 (s)dsd.

=0202R*(K) / / K2(s)K2(r)dsdr. (A9)

2
Vn,l

Second, similar to the proof of (A.9), we show that

n t—1
, thYKtr
t 2r#£s
t—1
K K
_azhx—Z(xt 1) Zxr 1ur2xb_1vé S~ 0,(h). (A.10)
S#T

Applying (A.9) and (A.10) to (A.8) gives
V2 =0%/2+0p(1), which proves (A.6). (A.11)

Now let us check (A.7). A basic calculation similar to (A.10) shows that

t—1 4

n n
1
4
> E1G) =53 > Eri| | xim100 D x_10rKer
=2 t=2

r=1

n t—1

8h2 ZzEt 11X 1Ktr)

t=2r=1

n t—1

#40 2 g2 2
82 PPN 1(" v KK )
t=2r#s
2

() S () )
=2 ﬁ r=1 ﬁ S#T ﬁ n
=0, ((1oglogn)4) (0,2 + 0, 1] > 0,

AL

r=1

where the last equation holds since K = O(h) and K/ 2 Ko 2 O(hz). Theorem 2 in Rio
(1995) implies that

sup|r|§1|§n(r)| = Op(y/loglogn). (A.12)



972 ZONGWU CAI ET AL.

Then, applying Chebyshev’s inequality, we have, for any ¢ > 0,

ZEI 1[2,1(|Z;|>6)]>g ) ZEI 1[2[(|Z1| 1)i|>§

=2 =2
<P eiziEf—l (z;‘)>
< 2 2l ()] = g e () o

t=2 t=2
This implies that (A.7) holds. According to Lemma A2, we have
— d
nvVhl, 13=2 2z < MN(0,0?). (A.13)
=2

By combining (A.2), (A.4), (A.5), and (A.13), we conclude that

nhl, 1 <5 MN(,02). (A.14)

Next, we focus on the second term in (A.1). Let X1, = (1 up)?. We decompose M), >
such that

Mo = — ZZXTX,X,X Kir
t=1r#t

X, X1 Xyx
_ n3hzz(xl,x”+x, o) Ko

T
Xltxr—l Xt—1Xr—1

t=1r#t
Ixyx,xT xT xy,X,x
ralr 1rAlrie—1
= ZZ tr
t=1r#t X]rX”xr 1X1IX]rxt 1Xr—1
Xlrxltxt 1Xr— lXIr, 1%r—1
3h22( 2 2 2 Kir. (A.15)
1=1r#t r—1 t—1"r—1

We check each component. First, we have

sz XerIrX1,Ktr < 3 ZZE‘anlrxlrxlthr

t 1r#t t=1r#t
=o@m™h, (A.16)
which implies that

1 n n

= S XX X0, X] Ko = 0p (7).
t=1r#t
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In addition, recall that &;; = x;/4/n and &,(r) = &n,nr] = Ke(r). Then, (A.14) implies
that

3h szllerxlrxt 1Kir| = 5/2h ZZXlleerr jflKr

t=1r#t t=1r#t
n
— 0(,/loglogn)——— 5/2 ZZE‘X“XHXUK”
t=1r#t
= 0(n~"%/loglogn) = o(1). (A.17)
Similarly,

n n

szltxlrxt 1X—1Ker| = ZZX XerI lx:/;llKlr

t 1r#t t=1r#t

= O(loglogn)—— 2h ZZE ‘X“X“K,,
t=1r#t
= O(loglogn),

n n

szlr lxr—lKU‘ = 3/2h szlr

t 1r#t t=1r#t
= 0(n'/*(loglogn)*/?),

and

3h22xr 171 Kir —*E ZZ o B tK

t=1r#t t=1r#t
= 0 (n(loglogn)?). (A.18)

Together with (A.15), we have

1 nl/2(loglogn)1/2
an_( (loglogn)

nl/2(loglogn)l/2 n(loglogn) )OP(loglogn).

Further, under Hp, it can be proved that E - pi = 0p(n_1/ 2y for i = 0,1 and that
ﬁg —p2=0p (n~1) based on the central limit theorem and the properties of a nearly
integrated process. These, combined with the above result, imply that

B-p)" M2 (B-p)

_(n—1/2 n—1) n~!(loglogn)™!  n~1/2(loglogn)~1/2 (n=1/2
o n~Y2(loglogn)~1/2 1 n~!

x Op (n_1 (loglog n)2)
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= (n_l/z(loglogn)_1 _1) ( _1{2) Op (n_l(loglogn)z)
=0p (n_l(loglogn)) . (A.19)

Finally, we analyze the last term in (A.1). Clearly, E(M, 3) = 0 since E(v;) = 0.
So, we consider the second moment. First, decompose M,, 3 to

1 n n
M,1,3=EZZXITX,U,XZK,,: ;hZZ(XTXr ToXT Xx,_ l)uth,
t=1r#t t=1r#t
= (H, Hy),

where the definitions of Hy and H, are obvious. In addition, recall that X TX = X Xt
X;—1Xy—1 is dominated by x;_1x,_;. Then, applying a similar method to that used for
(A.16)—(A.18), we have

E| 222()(7)(,) xT XK =0(n—2h—1(1oglogn)2),
t=1r#t
E 6, ZZ Z (X, Xr)2 = (_lh_l(loglogn)3),
" t=1r#t,r#t’

n
E 6;@22 Z X XrX Xy Ker Ky —0( l(loglogn)3),
t=11'#t r#t,r#t

and

1 n
2612 ZZ Z X! X X Xpxi—yxp_1 Kir Ky —0((10g10gn))
t=11't r#t,r#t

Hence,

T 0 T
E|H\H]| = 3 ZZ Z xI'x XXy XT X1, Kir Kpry
t=1t'=1r#t,r#t'

t=1r#t

n

6h2 ZZ Z XTX,XTXt/X”X“/K,,[(” +(s.0.)
t=11"#t r#t,r#t

=0 ( —2p1 (log logn)z) +0 (n_1 (loglogn)z) +(s.0.)

=0 ( 1(loglogn)z) + (s.0.),
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where (s.0.) denotes some smaller order term. Similarly,

T
E|H| = 6h2 ZZ(X X2l K
t=1r##t

n n n
E ZZ 2 X[TX}’X,TXﬂxt—lxﬂ—]KtrKﬂr +(S.0.)
t=1t'#tr#t,r#t
—0 (n—lh—l(loglogn)3) t10 ((1oglogn)3) +(s.0)

—0 ((1oglogn)3) 1 (s.0.).

These imply that M), 3 = (n_l/z(loglogn)_]/z, 1) Oy ((loglogn)3/2), and that

Mn,3(ﬁ—,5) =0p (n_l(loglogn)).

975

(A.20)

By applying (A.14), (A.19), and (A.20) to (A.1) and applying Assumption C.4, we obtain

the asymptotical distribution of J, in (10).

Finally, we need to prove the consistency of the estimate of o2. Note that 5; =

(vr —

Xy + (XTI pr = X Br) = vi — XT 1B — Bi] = vs +0p(1) by (8). Hence, applying the

same method used to obtain (A.9), we have

4h22~2 2(X X,) K2

t= lr;ét

ZZ[U,+O,,(1)] [0 +0p (112 (xTxr) K2
t 1r#t

n n

2 2.2
4h22[v,+0p(1)] [or +0p (1 (XT, X1 3021021 ) K7,
t= lr;ét

ZZ[U,+O,,(1)] [or +op(D)]?
t 1 r#t

x [(XUX”) +x,2_1x3_1+2XITtX1,x,_1x,_1]K,2r

2.2.2 2 2
Zthurxt 1%_1 Kip +op(1),

t 1 r#t
and
n t—1
E;_ 1(0 )= 4h22xl lxrz 1Ei— ](K202)+0p(1) 5 52
t=2r=1

Therefore, we finish the proof of Theorem 1.
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Proof of Theorem 2. Under H,, we have y; = X tT Pt +v¢. So, we decompose the OLS
estimate of S to

-1
E=(ZutXtT) th (HtTﬁH-Dt)
t 1
-1 -1
=(ZX,XtT) ZX,X,T/?,—I-(ZX,XtT) > Xy (A.21)
t t t t

Based on the well-known properties of a stationary and nearly unit root process, we obtain
the order of each element in the second term of (A.21) as

-1 n Sour v\ >0
(ZXtX,T) ZXtDt= P Zr”tz D UiXe—] D Ut
t t tht—l Zt UrXe—1 Z,th_l tht—lvl
P B B A 0p(n=1/?2)
=| nl n71/2p732 nl/2 ) 0p(1) = Op(1)
n=3/2p=3/2 p—2 n Op(n_l)

This implies that the second term in (A.21) has a smaller order than does the first term.
So we only focus on the first term in the remaining proof. First, let

D, = n4 [nZutZthz_l +2Xur XXy Zurxi—_q — ZutZ(Zx,_l)z

—n(Surx—)? = (Sun? Ty |

Su 11 Sn,12 Sn13 Ry
Sp = Sn,12 Sn,22 Sn,23 , and R, = Rn,2 s
Sp,13 Sn,23 Sp,33 Ry3

where
Sp11 = n=3 [ZutzExtz_l - (Zu,x,_l)z] S, 12 =n"3 [Zu,x,_l Xx,_1— Zu,thz_l] s
Sp,13 = n=3 [Zuzzuzxz—l - Eutzzxt—l] »Sn0 = n=3 [HZXf_l - (th—l)z],
3 _ -3 2 2
Sp3=n""[ExtZx_1 —nExix_1],Sp33 =1 ["Zu; —(Zuy) ]
-1
Ry =n""[ZBor + Zus P14+ Ex1—1B2]
Ry o= n~! [Zu,/;’o, +Zulfy, + Zutxz—lﬂzt] ,

and
Ry 3= n~! [th—llgot + Zurx 1S+ thz_lﬂzt] .

oy -1
Then, let § = (zt X, xT ) S X XT By + (s.0) = Dy 'SuRy + (s.0.). Define
By = [y Ke(r)dr, By = [y K2(r)dr, By = [ Ke(dWyu(r) + Q. 02 = E(u?), and
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o; = E(fj), where K (r) is defined in (9), and Q; = Z,?iz E(uyuy). Then, it can be
easily proved that D,, = 03(32 — By)+o0p(1) = D +o0p(1). Also, we have that

Sn,11 = Cfasz —n~! B32 +(s.0), Sp 2= n~12ByB) + (s.0.),
Sui3=n""2c7B) +(s.0),
Sp22=(By— B%)-}— (s.0.), Sy03= n_lBg +(s.0), Sp33= n_103+ (s.0.),
Ry 1 =a)0+n1/231w2, Ry =0'azco2+B3w2, and
Ry 3= nl/za}OBl + B3w) +nByw;.

Now we consider the order of E under the different scenarios given in Theorem 2.

Case (I1): B, # B or By, # B,. We split this case into two subcases: (I1a) neither
p1; nor fy; is constant, and (I1b) only one is constant.

(I1a): Neither 3, nor 3,, is constant. By extracting the leading term of n~*S, Ry,
we have

S, 11 Ry 1+ Sp12Rn 2+ Sn 13Rn 3
B=D71| Sp12Ru1+Su22Rn 2+ S0, 23Rn 3 |+ (s.0.)
Sn,13Rn, 1+ Sp,23Rn 2+ Sn 33Rn 3
n1/2C1 +0p(n1/2)
=p7! Cy+0p(1) .
C3+o0p(1)

where Cy = 202B1 By, Cy = BiBywy + ByByw) + (By — BY) (02 + B3)w), and
C3= 03 (B% + By)w,. Therefore, recalling the last two terms in (A.1), we have

R R 1 n n R R
Lia=B—=p) My (B-5) = EZZXMX? (B=51) (B=pr)" XrKir
t=1r#t

1
= WZZ(I +urur +x—1Xp—1)

t=1r#t
x [12D 71y = o) +u (D7 Co— 1) + 11 (D7 C3 = ) |
x [(112D71C) = for) +ur (D7 Ca = f1) + %1 (D7 Cy = o) | Kir +(s.0.)
n ol uu Xi—1Xr—1
- Bt At AT el S td §
_n2hzz(n+ n * n )
t=1r#t

ut Xf—

x [D—‘cl +W(D_1C2 — B+

ﬁ] (D73 —ﬂst)}
Xr—1

x [D—lcl +%(D_1C2—ﬁ1r)+ = (D_1C3—ﬁ2r)] Kir+(s.0.)
= 0p(n).
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Similarly,

In3=2Mp3(B=pr) = — ZZX Xro, X[ (B = po)Kir
t=1r#t

thZ[(’lmD L= Bon) +ur(D1Cr = Br) +x,-1 (DT C3-ﬂ3;)]
t=1r#t
x (1 +upur +xp—1x,—1)0r Kir + (5.0.)

2[ —1 _ Xr— B
;é[D Ci +f(D (&) ﬂlz) V3 (D C3 ﬂ31):|
“ (%_{_xt—ljr—l)

= Op(\/’T)

1
Recall that 1,, | = Op (n~! h™72). Hence, I, 5 is the leading term of /,; and it follows that
Jy =nvhil, = Op (nz\/fz), and it diverges to oo at the rate of n2Vh.

(I1b): One of By, or By, is constant, say, 31, = 3, but 35, # 3. Define

,11 Zzgoﬁ‘zxt 18215 RZ,ZZZMzﬁ0:+thXz—1ﬁ2z;
t t

2
BN AT LS
t t

oK + (5.0.)

Then, by a simple calculation and a similar method to that used above, we have

Sn,llR;:’l + Sn,lZR;:,z + Sn,l3R;:’3
B=D7""n7| Sp2Ry | +Sp 2Ry 5+ S0 23R 3 +nDup
Sn,l3R;,1 + S11,23R;,2 + Sn,33R;,3

Sp,01 Ry |+ Sn,12R) 5+ Sn 13R)) 5 0

ID_ln_l Sn,lZR;:’l+Sn,22R;,2+Sn,23R;:’3 +| A1 | +(.0)
Sn,13R;:,1 + Sn,23 R;’z + Sn,33 R;:,3

nl/2Ct +op(nl/?) 0
=p~! C5 +op(1) +| /1| + (.00,
Ci+op(1) 0

where C¥ = Bio2wy(By +1), C3 = B3an(By + 1), and C§ = B3wy (B} + 1). Then, the
analyses of the orders of I, , I, 3, and Jj, are similar.
Case (12): B, = B, B2 = 3, but B(; # By. When 1, and S, are constants, a simple

calculation shows that
S, 11 22 Bor + Su,12 22 Xt Bor + S 13 220 Xe—1 or
B=D"1n71 Su,1220 Bor +Sn,22 2 Xt Bor + Sn,23 2 Xe—180: +nDnPis | + (5.0.)
Sn,13 2o Bor + Sn,23 20 Xt Bor + Sn,33 2¢ Xt—1Bor +1Dn oy
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Sn,11 220 Bor + Sp12 220 Xt Bor + Sn 13 224 Xe—1Bor 0
=D 'nmV | Su 122 Bor + S22 2 xe Bor + Sn23 2 Xe—1Bor |+ | Bur | + (5.0)
Sn13 22 Bor + Sn,23 22 Xt Bor + Sn,33 224 Xe—1Bor Po
Ci* +op(D) 0
=07 3 +op () [+ Bue |
C§*+0p(l) P

where C}* =n'/2B; Byo 2wy, (G =n'/2B wy(B, — B? i), and C3* _02B2w0. Applying
these on the last two terms in (A. 1) we obtain

n n

Inp=— ZZxTxrxT(ﬁ i) (B—br)" X Kir
t=1r#t

n n

=3 ZZ(1+Mt“r+xt 1% —1) Kir

t=1r#t
x[ (D7t = for) +us (V2D 15— 1y )
+ X121 (n_l/zD_lcé‘* —ﬁsz)}

x [(D7ICH = for) +ur 72D 3t = pi) + 5,1 072D Y ) |

+ (s.0.)
— _ X1
- zz[w i~ o +up™ g + Doy
t=1r#t
-1 -1 Xr—1 -1
1 wuu Xp—1Xp—
x(,_‘_#_i_w)]("_'_(sﬂ')
n n n
:Op(n)>

Iny=— ZZXTerr (B—B1) Kir

t lrgét

= ZZ(1+Mt”r+xt 1% —1)0r Kir

t 1r#t
o — ) (20—

+x_1 (n_l/zD_]C;* —ﬁ3t)] +(s.0.)
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2\/71 S < D—lc** D—lc** Xt—1 D—lc**
n2h zz 1 _ﬁ()l +ul‘ 2 + \/* 3

t=1r#t n
n n
= Op (\/2)

Therefore, for this case, I,, 5 is the leading terms of /,,, J, = nvhl, = Op (nzﬁ), and it
diverges to +oo at the rate of n%y/h. Theorem 2 is proved. u

1 wusu Xf_1Xp—
X |:7+¥+%]url(;r+(s.o.)



