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1 Introduction

When two non-nested models are compared, Diebold and Mariano (DM 1995) point out that the
t-statistic of the mean squared forecast error (MSFE) loss-differential is asymptotically standard
normal. However, when two nested models with weakly stationary predictors added to a bigger
model are compared, Clark and McCracken (CM 2001, 2005, 2009) point out that the t-statistic of
DM behaves quite differently from non-nested case, which may result in non-standard distribution.
Also, Clark and West (CW 2006, 2007) point out that due to the finite sample parameter estimation
error, the DM statistic tends to be negatively biased under the null hypothesis of the equal predictive
ability. The bias-corrected DM statistic can be shown to be the encompassing (ENC thereafter) test
of Harvey, Leybourne and Newbold (1998). Under the null hypothesis that a stationary predictor
has no predictive power, CM (2001) show that ENC is asymptotically standard normal when the
ratio of the number of out-of-sample forecasts (P) over the number of in-sample observations (R)
to goes to a finity constant (P/R — m < 00).

The current status of the literature does not deal with the two important cases. One is when
P/R — oo, and the other is when the predictor is persistent. The first is important because
some authors recently derived the optimal rolling window width (R) in forecasting under unstable
environment. For example, GW (2005) suggested to fix R, namely R = O (TO), Inoue and Rossi
(2013?7) derived the optimal in-sample estimation window width R = (Tz/ 3) , and Sun, Hong,
and Wang (2015) derived in-sample estimation window width R = (T4/ 5) . In these cases when
R= (T‘;) ,0<1,P=T+4+1—-R=0(T). Hence, P/R — co. Another consideration is the power
of the test, which depends on P. Therefore, CM (2001) omit the important case when P/R — oo,
and this paper fills the missing part. The second is important as studied by numerous papers on
predictive regression such as ...... All of these papers are based on the in-sample inference of the
coefficient of the predictor..

Hansen and Timmermann (2015) ... our paper provides an important advantage of using the
OOS test. The equivalence may require the weak stationarity of the predictor. (need to check the
assumption of HT).

Even in the OOS, CCS will suffer the same problem as it use the persistent predictor to check

the correlation between forecast errors and the persistent predictor. The actual advantage of the



ENC comes from the fact that ENC is constructed using only the errors, not predictors.

Phillips IVX papers ...

** Inference on the stock return predictability can be conducted in different ways. A common
approach is the in-sample inference based on the asymptotic distribution of the coefficient estimator
in the predictive regression. Several problems have been identified, such as the finite sample bias
(when predictors are stationary) and the non-pivotal and nonstandard asymptotic distribution and
uncorrectable bias (when predictors are persistent). Some solutions to these problems have been
suggested, e.g., Kothari and Shanken (1997), Campbell and Yogo (2006), Jansson and Moreira
(2006), Elliott (2011), Cai and Wang (2014), etc. In particular, Phillips and Magdalinos (2007,
2009) and Phillips and Lee (2013, 2014) show that their IVX approach can produce the asymptotic
distribution which is mixed normal. In this paper, we adopt a different approach, the out-of-sample
inference of the predictive regression model by comparing the forecast error loss as in Diebold-
Mariano (DM 1995). Clark and West (2006, 2007) show that DM is biased and under-sized and also
show that the bias-corrected DM statistic is equivalent to the encompassing (ENC) statistic. ENC
was carefully studied in Clark and McCracken (CM 2001) when predictors are weakly stationary.
This paper considers the ENC test with a highly persistent predictor. The under-sized problem of
DM is more severe when the predictor is persistent. We show that, unlike the in-sample inference
on the predictive regression which is affected by non-stationarity of persistent predictors, the out-
of-sample inference based on ENC is robust to near-unit-root non-stationarity of the predictor. In
fact, non-stationarity of persistent predictors helps ENC perform even better in finite sample due
to the faster rate of convergence in the parameter estimation. We obtain the asymptotic and finite
sample properties of the encompassing statistic when predictors has an AR root in the vicinity of
or on unity. In contrast to the asymptotic mixed normal distribution or a mixture of normal and
nonstandard distribution of the in-sample inference, we show that the out-of-sample inference using
ENC has the asymptotic standard normal distribution. An application to the predictive regression
of the equity premium reveals strong predictive ability of several persistent predictors.***

In this paper we show that under the null hypothesis, the ENC test restores the asymptotically
standard normal when the ratio of the out-of-sample number of forecasts (P) to the in-sample num-

ber of observations (R) goes to infinity (P/R — o0). Under the null hypothesis, the encompassing



test also has good power.

CM (2001) and Clark and West (CW 2006, 2007) considered predictive mean regression with
weak stationary predictor. This paper considers the predictive mean regression with a highly
persistent predictor with an AR root local to unity. We compare two nested regression models
using the squared-loss function. We show that DM statistic still tends to be negative under the
null hypothesis of the equal predictive ability and is more severely undersized if the predictor is
a highly persistent predictor. The t-statistic of encompassing test, in which a positive term is
added to correct the negative bias of DM, is a robust test and has the correct size under the null
hypothesis. We analytically show that the robustness arises from the super consistency property of
the additional predictor from Model 2 that follows Ornstein—Uhlenbeck process, thus the convergent
rate of the forecast error from Model 2 is faster than that from Model 1 and the asymptotic
distribution of ENC statistic has the same asymptotic distribution as shown in CW (2006, 2007).
We use Monte Carlo simulation to compare two different statistics and show that when the highly
persistent estimator is added in Model 2, the ENC statistic is robust and has the correct size,
whereas DM test is seriously undersized. An application to the predictive regression of the equity
premium reveals strong predictive ability of several persistent predictors (such as inflation and
interest rate) by ENC, but with little or none can be seen from DM.

The paper is organized as follows. Section 2 illustrates the methods of testing out-of-sample
Granger-causality in mean using rolling scheme. Section 3 illustrates the asymptotic distribution of
the encompassing test with a weak stationary predictor from CM (2001). Section ?? presents the
asymptotic distribution of the encompassing test with a weak stationary predictor when the ratio of
out-of-sample to in-sample observation is infinite. Section 4 presents the asymptotic distribution of
encompassing test with a highly persistent estimator when the ratio of out-of-sample to in-sample
observation is infinite. Section 7 is Monte Carlo simulation to examine the finite sample size and
power behavior of the DM and ENC statistics. In Section 8 we present the empirical analysis for

Goyal and Welch (2008) in comparing the two nested mean models. Section 9 concludes.



2 Comparing out-of-sample predictive ability of nested models

To test for the out-of-sample predictive ability of x; for 4,1, we consider the following two nested

models with the predictor x; in Model 2 being local to unit root process:

Model 1 : g1 = 274814 + 61(321 =c+ eﬁlﬁl, (1)
Model 2 : ypy1 = $/2,tf627t + eg)l =cy+ bxy + eg)l, (2)

where ¢; is the constant term for Model 4, x; is the predictor with local to unit autoregressive (AR)
root process xy11 = ¢z + v441. We will consider the simple case when :L'll’t =1 and :U’Zt =(1 CL’t)/.
Under the null hypothesis, b = 0 and egl = egl, denoted as e;+1. At each time ¢, both ¢; and b

are estimated with the rolling window of size R up to time ¢. Therefore

61775 —C1 = Bl (t) H1 (t)
<627t, Bt), — (CQ, b), = By (t) H, (t)

-1
where 2, = 1, o, = (1 1), giy = @} ;i for Model i at time ¢, and B; (t) = (Rfl Z;;LR qi7j> ,

hit = x;ﬂ:et“ and H;(t) = R} Z;;i_R hit. Let ft(}r)l = (1,4 be the forecasts for Model 1 and
ft(i)l = ¢4 + by be the forecast for Model 2 at time # and égl = Y41 — ft(}r)l, égi)l = Ypr1 — ft(i)l

be the forecast errors with the squared forecast-error loss
L (e§+)1> = (é§21)2, i=1,2.
To test for equal predictive accuracy of the two models, the null hypothesis is
Ho: B |L(eff) — 1 (e2)] =o. (3)

Under Hy, x; does not Granger-cause g1 in mean and thus b = 0. If x; Granger-causes 311, i.e.,

b # 0, thus the alternative hypothesis is
(1 (2
B L (o) — (6] >0 (4)
The Diebold-Mariano square loss differential is defined as
~ d 1 2
Do =P YL (i)~ (). o
t=R
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and the adjusted MSFE loss-differential is defined as

! Z €t+1 ( S g&) ]

where R is the number of observations in the rolling windows for the in-sample estimation, P is
the number of out-of-sample forecasts, and R+ P =T + 1. The two statistics are standardized to
form the DM statistic DMp = 5’;0'5\/ﬁf?p, and the encompassing statistic ENCp = Q;Oﬁ\/ﬁép,
where gp and Qp are the consistent estimators of Sp = var (\/ﬁﬁp) and Qp = var (\/]T’EP)

respectively.

3 Asymptotic distribution of ENC with a stationary predictor
(CM 2001)

First, we consider a stationary predictor as in CM (2001, 2005) and CW (2006, 2007).
Assumption la. {z;} is a weakly stationary process and E (g;) is bounded for all ¢t and i = 1, 2.

We define B; = (Eq@t)_l for model 7 =1, 2.

Let 7 =limpp oo P/Rand { = R/T = R/ (P + R) . Note that 1/§ —1 — 7. We consider three
cases on T :
Assumption 2a. 0 < 7 < oo.
Assumption 2b. 7 =0 (or £ — 1).

Assumption 2c. 7 = oo (or £ — 0).

Proposition 1 (CM 2001). Under Assumptions la and 2a,
14—
Wi(s)—W(s—&)]dW (s
ENCp:>5£1[ () = W(s =¢)] 2()7
VIEE2 W () = W(s - &) ds

under Hy, where W(s) is a Wiener process and s € [0,1]. When Assumption 2a holds, the RHS of

Equation (6) is not standard normal.

Proposition 2 (CM 2001). Under Assumptions la and 2b,

ENCyp = Tim [W(S) Wis — O1dW(s) ~N(0,1), 6)

! wg ~W(s - O ds




under Hy, where W (s) is a Wiener process and s € [0, 1]. When Assumption 2b holds, the RHS of

Equation (6) is standard normal.

Remark 1. CM (2001) shows that when Assumption 2b holds ({ — 1,7 — 0) then ENCp is
asymptotically standard normal. However, CM (2001) does not consider the case when Assumption
2c holds (¢ — 0,7 — o0). In Section ?? below, we consider this case and show that ENCp is still
asymptotically standard normal.

Remark 2: CM (2001) assumes Assumption la that the predictor {z;} is weakly stationary and

shows that FNCp is asymptotically standard normal under Assumption 2b.

4 Asymptotic distribution of ENC with a persistent predictor
when P/R — oo (for rolling scheme)

Suppose the predictor z; in Model 2 follows an AR process x;11 = ¢z, + vi41 where E (vt2 +1) =o2.

If |¢| < 1, then
2 T 2
7! Zx? 2, 1%“(;52, 7705 Z.’I)t'[}t+1 = N <0, 1(jv¢2> ,
t=1

as T' — oo. Many recent papers generalize the above to the case when ¢ approaches to 1 as the
sample size T increases, see Bobkoski (1983), Cavanagh (1985), Chan and Wei (1987), Giraitis
and Phillips (2006), Mikusheva (2007, 2015), Park (2003), Phillips (1987), Phillips and Lee (2013),
and Stock (1991). Let ¢ = 1 — ¢/T for some fixed constant ¢ > 0, t = [T'r], r € [0 1]. Let
an [NT = JS(r) = /Te(rs)chw (s) be an Onstein-Uhlenbeck process and B, is a Brownian

0
motion. If the AR coefficient ¢ is local to unity, then

T 1 T 1
1Y at o [l 1Y e = [ J0)4B0),
t=1 t=1

as T' — oo. To consider the persistent predictor we take the local to unit root process in the

following Assumption 1b.

Assumption 1b. {z;} follows an AR process with a root local to unity, ¢ = 1 — ¢/T', for some

fixed constant ¢ > 0.

Let t = [T's] and £ = R/T. Then we have t/T — sand (t —R+1) /T — (s —¢).



Under Assumption 1b,

t s t

Ty afs [ L@ TN Y wua s /S_gJ:i(r)dBm(r), t=R,....T,

j=t—R+1 5—¢ j=t—R+1

as T — oo. Now, we state the main result, for the numerator of ENCp, that is VPBp.

Proposition 3. Under Assumptions 1b and 2c¢, we have

ZtT:R érg-lk)l (ég-l‘r)l Agr)1> - ZtT:R €r+1 <6t+1 - e§+)1) +o(¢h)

under Hy.

Proof: Under the null hypothesis that b = 0, el 2) : et+1. Note that

t+1 = Gf1 =

A1) / e
€ri1 =et+r1 —Tiy (Big — B

for Model i. Recall 37,1,16 = 1. For Bp, the numerator of ENCp, we decompose

> plth (éii’l eh)

- ZtT:R [6t+1 ( -5 t)} <€t+1 — xll,t (Bl,t — 51> — el + :c’27t (82,2? - 52>)
(51

>l
= e — l’
=R t+1 1,t

~00)] (s (B 1)+t (o =)

— ZtT:R et y1 [—:Eu (B 1)} + Zj:R €111 {x’% <A27t — 52)}
+ ZtT:R (Bl,t - 51) L1427 4 (5” 51> — ZtT:R (Bl,t - /32) L1424 <B2,t — 52)

A+ Ay + A3+ Ay

Lemmas 1-3 show that A; + A2 + (As + A4) = O ( ) + O (%)

A because % — oo and % — 1 under Assumption 2c.

Lemma 1. Under Assumptions 1b and 2c, 4; = —o2¢7! f; (W

0 (%) under H.

(7)

0(1). Hence (7) is dominated by
O

s) = W(s=IdW(s) =0 (¢7!) =



Proof: Following Lemma A6 of CM (2001), we show

M= X [ (=)
S SITRICHETEY
= - ZtT:R €t+1 (R_l Z;FRH K )
e (TR )
S D (G Gl SRR S St |

1
N / W (s) — W(s — )] dW(s).
3

T

Lemma 2. Under Assumptions 1b and 2¢, Ay = Zt_R ert1 [l’,zt (BZ,t - 52,1&)} isO(1—-¢) =
0 (%) under H.

Proof: Rewrite
T . [
Ay = Z, et+1$2t(52t—52>
tiR El ki
-1
t—1
T
= E — 6t+1952t E $271$2,g E, T2,j€5+1
j=t—R j=t—R

T t
-1 -1 } [ a1 >
= E 41T E E To i€t
= L 2:G [ j=t— R+1 2. 23 T /¢ 1 jet—Rg1 " BT /€]

where G = diag (T 05 T ) as before, and for the two bracketed terms in the last line, we have

—1 t / -1 ¢ /i Tz (r)d
G (Zj:t_RH xz,jmg,j) Gil/e = / e / fjc e JE~O(1),
s—¢ s—¢
' /5 1dW (r)
Gr' D iy o B2aCin1/€ = ss; o Je~O(1),
s=¢



where J¢ (r) is an Ornstein-Uhlenbeck process, and W (r) is a Wiener process. Hence

T t -1 t
Ay = er12h Gt [G_l X iah Gt } [G_l To i€
2 > g G122,Gr |G E:j:tfRH 2,j%2,;Gr /€ T E:j:FRH 2,j€j+1/§

¢ / ;J§ mar | / "W ()

1

1 JS(s s A F dW (s

- /g ( (=) / Jerydr | Jer)?dr TS (r) AWV (1) )
s—¢& s—& s—&
_ [ . 0@ 0@\ ' [0®©®
- /g (1 Jw(s”(O(s) O<£>> <O<£>>dW(s)
= 0(1-¢
Therefore Ay = ZtT:R et+179, (BQJ — ﬁ2,t> =0(1-9). O

Lemma 3. Under Assumptions 1b and 2¢, A3 + A4 is o (1) under Hy.
Proof: Let Bp = diag(T°,T°%), Fr = diag(T*,T"%), G = diag(T°,T"), then for any 2 x 2

matrix K, we have EpFpr = GpGp and
ETXKXFT:GTXKXGT,

because Er, Fr,Gr are diagonal. Therefore

A3+ Ay = Z,:T:R (Bu - 51,1:) L1427 4 <B1,t - /61,t> - ZZ;R (BM - 51,t) T1429, (BQ,t - /62,t)
= ZtT: o H1 (1) Bu(t)que By (t) Hy () — ZtT:R HY{ () By (t)z1,2h  Ba(t)Ha (t)

where the second line appears to be the same as the second bracketed right-hand side term in (A7)

of Lemma A10 in CM (2001), which shows that the above is o (1) under Assumption la. However,

under Assumption 1b, x; has an AR root local to unity. We show below that the local-to-unit root

in « does not affect Lemma A10 of CM (2001). This is because terms involving = can be suitably

normalized as follows

A3+ Ay = ZtT:R Hi (t) B1(t)q14B1(t) H (1)
- Z; Hi (t) Bi(t)ay (9, Br") [Er x R™'Ba(t) x Pr x €] [Fy' x RH; (t) /€]

ZtT:R HY (1) By(Dan Byt Hy () — S

t=R

Hi (t) Bl (t)$1,ti}/27t.é2(t)f..f2 (t) .

where

iy, =ah,Ert = (1 J(r) ) =0(1),

9



Bo(t) = Epx R 'By(t) x Frx ¢
= Gr|[R'Bs(t)] Gr x ¢
-1
G;l] x &
-1

r t
_ —1 ol —1
— _GT Zj:t—R-}—l ':UQ,]:UQJGT :| X é

S —1
19 /S£J§ (r)dr

= [eit R Bt)]

x &

and

Hy(t) = Fr'x RHy(t)/¢
-1 t
t
-1 )
T—/¢ x Zj:ttR+1 €i+1
~15 o
A Zj:t—R—H Ticit
t
T70.5/§ « T—0.5 Z

_ j=t—R+

T-95/¢ x 71 Z;:HH

T705/¢ x / ) 1dW (r)
s§§

T-95/¢ x / JS (r) dW (r)
5§

[ O(TO) X0\
= (OET-O-E’/&ng(f))‘O(T ")

e
1 j+1

1 i€+l

Therefore, iy, Bs(t), Hy (t) have the same orders of magnitude as Ty, Ba(t), Ha (t) in stationary
case of Lemma A10 in CM (2001). Therefore Az + A4 is o(1) not only under Assumption la but

also under Assumption 1b. O

T
Based on Lemmas 1-3 under Assumption 1b and Assumption 2c, Zt:R ég_lgl <é£_121 — ég?&) =
T
- Zt—R €t+1 (€t+1 — égr)l) + 0 (1). Hence, this is the encompassing test for the martingale differ-

ence model y;11 = €441 and the constant mean model y;11 = ¢+ egi)l, as studied by CW (2006).

10



Proposition 4. Under Assumptions 1b and 2c, the asymptotic distribution of ENCp is
—o2¢7 [H W (s) = W(s — &) dW (s)
Vorx €2 LW (s) - W(s - O ds

under Hg.

Proof: From Lemma 1, A; = O (5_1) is the dominant term of in Bp and hence ENCJp is

ENCp = Aj/y/var(A1)+o(1)

— ZT e (e M )
=R t+1 t+1 t+1

= = =+o0 (1)
\/Zt:R [_et-i-l (€t+1 - ég&) - éP}
=% [HW(s) — W (s — €)] AW (s)

= lim
O ot x e LW () = W(s )P ds

T
where A; = —Ugf_l f; (W(s) —W(s—&)|dW (s), ct41 = —€r41 (et“ - éz£1+)1> and é¢p = P! Zt:R Cr11

= P~ 'A;. The denominator follows from Lemma 4. ]

Lemma 4. Under Assumptions 1b and 2c,

S e (e —elh) —ep] > ot x e /£ W (s) — Wis — ) s

Proof: Following Lemma A11 of CM (2001), we have

ZtT:R [—6t+1 (6t+1 — égl) — épi|2
= Zj:R [6t+1 (6t+1 - ég}i_)l)] 2 B Pé%
T t 2
- Zt:R [et“ (R_l ijt—R—H 63’” +O0 (P x¢7)
2 B 2
N % ZtT:R [(€t+1)2 <Tl/2 Zzzl e;—T? Zj,j e,j)

1
g /g o2 [0 W (5) — 0o W (s — &) ds,

1 1
TJrO(P Ix¢7?)

where line 3 follows from Lemma 1 for Pép = A1 = O (ffl). ]

Next, we show that under Assumptions la and 2c, under Hy,
—o2 [ W (s) = W(s = )] dW(s)
Vb x €2 [LW(s) = W(s — )7 ds

~ N (0,1)

11



Proposition 5.
W (s) = W(s — )] dW (s)

Jy 072 W(s) = W(s — v)* ds

lim

Sy
$—0 \/

~ N (0,1), (8)

Proof: We firstly consider the numerator of equation (8) by dividing [0, 1] to n equal segments and
let t = [T's], where [T's| is the integer part of T's and s € [0, 1]. Since ¥ is sufficiently small, we can
write 1) = 1/n. We discretize both the numerator and the denominator. Let {u;};"; be a mixing
sequence drawn from the standard normal distribution N (0,1) with F (u) = 0 and var(u) = 1. Let
U; = .t_, ui be the partial sum. Then we have U, = >\, u; ~ N(0,t) and therefore
t
3% - 27%“ = U, (s) = W(s),

where U, (s) is a ‘cadlag’ function and W (s) is a Wiener process. Note that

n n n
n~! g U_qug = nt E Ut_lut—n_l g Ui _ouy
t=1 t=1 t=1

1 1
= /w W(s)dW(s)—/w W (s —1p)dW (s)
1

= [ W) - W aw
Considering the term fq; [W(s) — W (s —1)]*ds in the denominator, we have
n n 1
n S =S (Ui~ Upa)? = / W (s) — W(s — )2 dS.
t=1 t=1 Y
We construct the an AR(1) regression model, regressing {u;y1} on {u:} :
U1 = oug + ey

The estimator 0 equals (30", us_1uz) / (>-F, u? ;) and the variance 8 equals (Xr uiy) _1var(u) =

(Z?:l uf_l)_l. Therefore Equation (8) can be approximated by

1,1 — W(s — s n
Sy 07 W (s) = W (s — )] dW (s) L 2 U1 gy,

VUL - Ws—w)Pds (/S0

12



Remark 3: We have consider the nested models in which the null model contains a constant term
need to be estimated. We now consider the nested model analogue to Clark and West (2006) in
which the null model does not contain a constant term and the error term is martingale difference

series

Model 1 ¢ gyoq =0+l (9)
. _ (2 _ (2)
Model 2 Ytr1 = x2,tﬁ2,t + €1 =C¢ + bl‘t + €115 (10)

hence in null model we impose 0 as predictors and the forecast error is the true error term. therefore

é§21 =Ypr1 = eg_lgl, égi)l = Y1 — ft(i)l. We have the following result (proposition 6) when ¢; = 0.

Proposition 6. Under Assumptions 1b and 2c, if Model 1 does not involve any parameter esti-

mation, then lim¢_.o ENCp = N (0, 1) under Hp.

Proof: Under the null hypothesis that {z;,} = 0 Therefore Equation (7) only has Ay term, whose

limiting distribution is

¢ / ;J§ mar ) / " 1w ()

1
/f e /;Jg(r)dr /S;J,%(T‘)zdr /;:;;(T)dW(r) e

In the next section, Monte Carlo simulation shows that ENC test is standard normal. So, we know

that the above expression is standard normal! But we still need to prove it!!

5 Asymptotic distribution of ENC with a persistent predictor
when P/R — oo (for recursive scheme)

-1
We denote x/Lt =125, =(1 zt), gir = a:;txz-,t for Model i at time ¢, and B; (t) = (til 22‘21 qi7j> ,

hit = J};7t€t+1 and H; (t) =t} Z;‘:l hit. Under Assumption 1b,
13 S
T2 Z x? = / J¢(r)*dr
j=1 0
l S
71 Z Tjvjiy1 = / JS (r)dBy (1), t=R,...,T,
j=1 0
as T' — oo. Now, we state the main result, for the numerator of ENCp, that is VPBp.

13



Proposition 7. Under Assumptions 1b and 2c, we have
T 1) (.1 (2
Zt R€£+)1 (6§+)1 - 6§+)1)
T . /- T . /-
= Zt:R €t41 [_xl,t (51,1: - 51)} + Zt:R €t+1 [132,1‘, (52,t - 62)} +op (1)

under Hl.
Proof: Under the null hypothesis that b = 0, 6&)1 = egl =: ety1. Note that
é§21 = €41 — m%,t (th - Bi)
for Model i. Recall x’lvt = 1. For Bp, the numerator of ENCp, we decompose
T 1 1 2
Zt R€§+)1 <6£+)1 - e£+)1>
T . .
= Zt:R {etﬂ — ( — B t)} (€t+1 i (ﬂl,t - 51) — €1+ Thy (52,15 - 62))
T . .
= Zt:R {€t+1 — 14 (8 ( )} (_xll,t (51,1& - 51) + x5, (52,1: - 52))
T A T .
= Zt:R €t+1 [—33/1,16 (5 51)} + Zt:R €t+1 [wét < 2t 52)}
T A T . .
+ Zt:R (51,t - 51) z1 t901 )t (5” 51) - Zt:R (51,t - 52) xl,tmlz,t (BQ,t - 52)

A+ Ag + A3+ Ay (11)

Lemmas 5-7 show that A; + Ay + (A3 + A4) = A1 + Az + 0, (1) . Hence (7) is dominated by

Aq + As under Assumption 2c. O

Lemma 5. Under Assumptions 1b and 2c¢, 4; = —o? fol s~ YW (s)dW (s). under Hy.

Proof: Following Lemma A6 of CM (2001), we show
b S e [ )
= -3 e (e - )
= X e (U 9)
_ _Z;‘F:R eril (T*ijl ej> /s
— —ag/: sTIW () dW ().

— g2 /1 LW (5) AW (s).
0
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T A
Lemma 6. Under Assumptions 1b and 2c, Ay = Zt*R €t41 {x’zt (/82,15 - ﬂzt)} is Op(1-¢) =
O, (%) under H.

Proof: Rewrite

T .
Ay = Z €t+1$/2t(ﬁ2t*52>
t=R ; ’
t—1 -t t—1
T / /
= Zt:Ret—Hth 29324‘332,]' X fozjejﬂ
Jj=1 Jj=1

—1
- t—1 t—1
_ 1o A=1 | a1 =1 —1 .
= E t:R€t+1$2,tGT Gr §:$2,JCU2,JGT x |Gy 5:9”2716#1 )
j=1 j=1

where G = diag (T 05 T ) as before, and for the two bracketed terms in the last line, we have

t—1 s / JE (r)dr
G | Y mayah; | Gt = s 9 )
j=1 / JE (r)dr / (JS(r)) dr
0 0

t—1 / 1dW (r)
GEI Z T2,j€j+1 = 40
j=1 / JE (r)dW (r)
0

where JS (r) is an Ornstein-Uhlenbeck process, and W (r) is a Wiener process. Hence
~1

t—1
A _ T / G—l G—l . G—l
2 = g CtH1T2: G T L2,jT2,;CT
i=1
t—1
712
X GT Z2,5€5+1
j=1

s -1
s / JE(r)dr
0

' 1 JS
= /5( 5 (s)) /OSJ;;(r)dT /OS(J:g(r))zdr

/ AW (r)

X g0 dW (s)
/0 JE (r)dW (r)

T
Therefore Ay = Z

‘—R 6t+193,2,t (Bu - 52,1&) =0p (1-9). O
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Remark 4. Note that the A; weakly converges to normal distribution, As converges to another
distribution, and A; 4+ A2 can not be written as did in Lemma A10 by Clark and McCracken (2001),

that is, the t-statistic of the encompassing test is not standard normal.
Lemma 7. Under Assumptions 1b and 2c, A3 + A4 is 0, (1) under Hy.

Proof: Let Ep = diag(TO,T0'5), Fr = diag(Tl,T1'5) , Gp = diag(T0'5,T1), then for any 2 x 2

matrix K, we have EpFp = GprGp and
ETXKXFT:GTXKXGT,
because Fp, Fp, G are diagonal. Therefore

As+ Ay = ZtT:R (/Bl,t - 51,1:) L1472 (Bu - 51,t>
o ZtT:R (Bl,t - ﬂLt) xl,tw,zt (BQ,t - 52,t)

= ZtT:R Hi (t) Bi(t)quB1(t) Hy (t) — ZtT:R HY (t) By (t)w1 42, Ba(t) Ha (1)

where the second line appears to be the same as the second bracketed right-hand side term in (A7)
of Lemma A10 in CM (2001), which shows that the above is o, (1) under Assumption la. However,
under Assumption 1b, x; has an AR root local to unity. We show below that the local-to-unit root
in z does not affect Lemma A10 of CM (2001). This is because terms involving z can be suitably

normalized as follows

Az + Ay = ZtT:R H{ (t) Bi(t)q1,eB1(t)Hy (t)
- ZtTZR Hi (t) Bi(t)z1y (25, B7') [Er x 7 Ba(t) x Fr x s
x [Fp! x tHy (t) /5]

S HL() Bt Byt H (1)~ S HL (1) Ba(t)an it Ba(t) o (1)

where

iy, =ah,Ert = (1 J5(s) ) =0p(1),
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Bg(t) = ET X t_lBQ(t) X FT X 8

= GT [t_lBQ(t)] GT X 8

- _ -1
= _G;l [t Ba(t)] GﬂT X s
- —1
— —1 Z ,’1,'27‘7$2] 1j| X S
-1
s / JE (r)dr
= 0 xs=0p(1)

for sufficiently small s, and

Hy (t) Fr' x RHy (t) /s

= F_1 thl T j€jr1/$

T-1/s x Zt 16J-i-l
T 15/3><Zt 1:1:Jej+1
T-95/s x T~ 052 ejH
T795/s x T~ 1Zt 1:c]e]+1
T795/s x /0 1dW (r)

= s
—05/¢ C(r r
705 x/OJw( VAW (r)

= O (T—O.5) )

when s is sufficiently small. Therefore, 5&’27,;,32(2?),}]2 (t) have the same orders of magnitude as
T4y, Ba(t), Ha (t) in stationary case of Lemma A10 in CM (2001). Therefore Az + A4 is o (1) not

only under Assumption la but also under Assumption 1b. O

Remark 5. Based on Lemmas 5-7 under Assumptions 1b and 2c ZT el (e(l) —e? ) =
. ) g Ct+1 (Gt41 — G

A1+ A + 0, (1) as summarized in Proposition 7 for the recursive scheme. However, here, A; + As

can not be written as in Lemma A10 of CM (2001), and therefore the ¢ statistic of the encompassing

test is not standard normal.
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6 Asymptotic Distribution of ENC When There is a Contempo-
raneous Correlation

Recall the big model

Yiy1 = c2+bxy+ el(ei)l

Tpp1 = Gz + vpq1

where p (e, v) # 0. Note that both {v;} and {e;} are i.i.d, we have Cov (v, e,) = 0 when m # n.
Therefore

Cov (x4, e141) = Cov ((1 — ¢L) vy, €e41) = 0,

where L is the lag operator, Therefore, (ég,t, I;t) is unbiased and consistent. In fact, the coefficients

are solved using the following restricted VAR model
()54 ()
Tt41 0 0 ¢ Tt Vi1

Since the matrix < > is restricted matrix (only two parameters to be estimated), we are

0
0 ¢
unable to estimate the coefficients by running regression for each line. In Monte-Carlo simulation,

we set Corr (v, e;) = 0.5.
7 Monte Carlo

We compare the two statistics by changing {z;} from stationary process to Ornstein-Uhlenbeck
process and use the data generating process in Model 1 and Model 2 as follows: the additional
variable x; in Model 2 has the AR process: x; = ¢a4—1 + 2, where z; is i.i.d, following N (0,1), and
E (z¢|x¢—1) = 0, The error term €§?1 ~ N (0,02). We set ¢ = 1 (we also set ¢; = 0 for martingale
difference series {y;} and report the result.) b € {0.0,0.1,1.0}, ¢ € {0,0.5,0.9,0.95,0.99,1}, and
oe € {0.1,1.0} . Model 1 is estimated by regressing ~{g/j]>§.:t_R+1 on constant term to obtain ¢4,
where t = R,...,T. Model 2 is estimated by regressing {yj}z.:tiRH on {1, xj_l}z':tfRJrl to obtain
(ézﬂg Bt) . The forecast errors from the two models are égl = Y41 — C1¢ and éﬁ)l = Y41 —C2p — l;txt
over the forecast evaluation period at ¢ = R,...,T. The number of observations for the rolling

windows for estimation are chosen from R € {60,120,240}. Let P =T — R+ 1 € {48,240,1200}.

From these, we compute the two statistics DMp and ENCp. All above tests are repeated 2000

18



times to find out the Monte Carlo distributions of DMp and ENCp, and to compute their size
and power. Also we consider the test statistics when p = Corr (vg, er41) = —0.95, Ry = 0.8.

The Table 1 shows the size of test with additional covariate from stationary process to local
to Ornstein-Uhlenbeck process using rolling scheme when ¢; # 0. We see that DM statistics are
undersized for large P/R ratio. ENC test is robust, having correct size for all ¢ ranging from
0 to 0.99. Table 2 and 3 show the power of test using rolling scheme when ¢; # 0. We see
that as ¢ increases, the powers approach to 1 dramatically since higher ¢ implies higher singal-
to-noise ratio. Tables 4-6 are similar to table 1-3, showing the statistics of DM and ENC test
when there is no constant term in Model 1, we see that ENC test also has a good performance
since the test is asymptotically standard normal under null hypothesis. Tables 7-9 show the size
(power) of test with additional covariate from stationary process to local to Ornstein-Uhlenbeck
process using rolling scheme when ¢; # 0 and there is existing a contemporaneous correlation that
p (v, er) = 0.5. We see that ENC also has good size, since p (v, e;) # 0 does not necessarily mean
that p (vg, es41) # 0,therefore the encompassing test is regardless of ¢. Tables 10-12 show the size
(power) of test using recursive scheme. Figures 1-12 show the Monte Carlo distributions of DMp
and ENCp using rolling scheme when ¢; # 0. Under Hy, we can see that for size of test, ENC has
the correct size regardless of ¢. Figures 13-24 show the Monte Carlo distributions of DMp and
ENCp using rolling scheme when ¢; = 0. Figures 25-36 show the Monte Carlo distributions of DMp
and ENCp using rolling scheme when ¢; # 0 with contemporaneous correlation p (es, v¢) = 0.5,
we see that ENC also have a good size. Figures 25-36 show the Monte Carlo distributions using

recursive scheme.

Tables 1-12 About Here

Figures 1-48 About Here

8 Application

We apply the two statistics (DM, ENC) to the Goyal and Welch study (2008) and construct nested
models to test if a predictor such as dividend-yield ratio (DY), dividend-price ratio (DP), long term
rate of yield (LTY) and inflation (INFL) Granger-causes the equity premium in the conditional

mean. The dividend-yield ratio at time ¢ is defined as the most recent dividend at ¢ divided by
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stock price at time ¢, the dividend-price ratio at time ¢ is defined as the most recent dividend at
t — 1 divided by stock price at time t. The explanation of other variables are available from the

homepage of A. Goyal. The two nested models are as shown in (12) and (13) below

Model 1 : yy1 =c¢1 + 6£1+)17 (12)
Model 2 : ypy1 = co + bxy + 68217 (13)

where 341 is the equity premium and x; is the covariate. We use monthly data ranging from 1926
to 2011, containing 1032 observation for all four models. In Model 1, we only have a constant term,
therefore at time ¢, we predict the future equity premium by solely using the historical average of
previous R observations of the equity premium from time ¢ — R+ 1 to . In Model 2, we use the
1-lag covariate to forecast the equity premium in the next month. See Goyal and Welch (2008)
for more on data descriptions. We intend to check if two nested models have the same predictive
accuracy. We use the rolling window scheme of the window size R starting from the 15% of the
total observations is T' = 1032 to the 85% of T'. The in-sample observation R ranges from R = 155
(R/P = 155/877) to R = 877 (R/P = 877/155). The red line represents DMp under different
allocation of R and P. The blue line represents ENCp.

We find: (i) The ENC statistics always have higher statistics than DM test. (ii) DP and DY
figures show that ENC test is significant with small R/P ratio. Intuitively, for R/P, we are unable
to account for the y;41 by solely using the previous y up to time t since there is not sufficient
information available, therefore we need to exploit the property of additional variable x. In this
way, = has predictive power for ENC test; however when R/P is large, we can predict y;11 using
previous information of y up to time ¢, which weakens the predictive power of x. (iii) LTY figure
shows that long-term yield has predictive power for equity premium for all R ranging from 150
to 877 using ENC test, which can not directly been observed from DM statistic. (iv) INFL figure
shows that for ENC test, the inflation rate has predictive power when the number of in-sample
observations is below 600.

Figure 49 About Here
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9 Conclusions

This paper extends the work of CM (2001), CW (2006, 2007) from nested mean model with weak
stationary predictor to nested mean model with a highly persistent predictor. CM (2001) and
CW (2006, 2007) found that the DM statistic tends to be negative under the null hypothesis of
the equal predictive ability because of parameter estimation error. We find that the DM is even
more severely undersized when the predictor is highly persistent with the AR root closer to unity.
We find that the ENC test is robust as it remains the correct size under the null hypothesis of
the equal predictive ability, also it has high power under alternative. We show that the highly
persistent predictor following the Ornstein-Uhlenbeck process implies the convergent rate of the
estimator from Model 2 faster than that from a model with stationary predictor and the ENC
test can shown to be asymptotically standard normal when the ratio of out-of-sample to in-sample
observation is infinite. By using Monte-Carlo simulation, we see that ENC test is robust and has
the correct size under null hypothesis whereas DM is severely under-sized. An application to the
predictive regression of the equity premium reveals strong predictive ability of several persistent

predictors.
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Table 1: Rejection frequency at 5% level, b = 0 (With intercept Model 11)

P =148 P =240 P =1200

Repeat = 2000 DMP ENCP DMP ENCP DMP ENCP
R=60 0.010 0.039 0.000 0.037  0.000 0.043

p=0,0.=01 R=120 0.009 0.030 0.001 0.029 0.000 0.042
R =240 0.025 0.040 0.006 0.034 0.000 0.032

R=60 0.005 0.027 0.000 0.026 0.000 0.030

p=0,0.=1 R=120 0.016 0.037 0.000 0.029 0.000 0.038
R=240 0.029 0.046 0.006 0.025 0.000 0.031

R=60 0.012 0.049 0.000 0.037 0.000 0.040

p=010,=01 R=120 0.018 0.040 0.000 0.029 0.000 0.031
R =240 0.018 0.033 0.006 0.030 0.000 0.029

R=60 0.008 0.036 0.000 0.037 0.000 0.040

p=01l,0.,=1 R=120 0.018 0.038 0.002 0.034 0.000 0.034
R =240 0.025 0.037 0.003 0.029 0.000 0.031

R=60 0.006 0.033 0.000 0.028 0.000 0.038

p=05,0.,=01 R=120 0.015 0.036 0.001 0.026  0.000  0.036
R =240 0.018 0.032 0.004 0.028 0.000 0.032

R=60 0.010 0.038 0.001 0.036  0.000  0.044

p=05,0,=1 R=120 0.019 0.036 0.000 0.028 0.000 0.039
R =240 0.023 0.039 0.004 0.029 0.000 0.035

R=60 0.007r 0.035 0.000 0.033 0.000 0.043

p=09,0.,=01 R=120 0.011 0.034  0.001 0.026  0.000  0.044
R =240 0.023 0.044 0.004 0.024 0.000 0.033

R=60 0.007r 0.035 0.000 0.034 0.000 0.048

p=09,0,=1 R=120 0.016 0.035 0.000 0.027 0.000 0.037
R =240 0.023 0.040 0.003 0.032 0.000 0.036

R =60 0.002 0.024 0.000 0.028 0.000 0.047

p=095,0,=01 R=120 0.012 0.036 0.001 0.036  0.000  0.039
R=240 0.023 0.038 0.006 0.032 0.000 0.036

R =60 0.005 0.028 0.000 0.037  0.000 0.040

p=095,0.=1 R=120 0.013 0.033 0.001 0.027  0.000  0.047
R =240 0.017 0.031 0.003  0.017  0.000  0.034

R =60 0.008 0.034 0.000 0.031 0.000 0.037

p=099 0.,=01 R=120 0.012 0.036 0.001 0.034 0.000 0.043
R =240 0.026 0.049 0.001 0.019  0.000  0.040

R=60 0.003 0.033 0.000 0.032 0.000 0.045

p=099 0.=1 R=120 0.010 0.032 0.000 0.031 0.000 0.040
R =240 0.021 0.036  0.003 0.030 0.000 0.035

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-
Carlo Simulation of 2000 times (Rolling Scheme).
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Table 2: Rejection frequency at 5% level, b = 0.1 (With intercept on Model 11)
P =48 P =240 P =1200

Repeat = 2000 DMP ENCP DMP ENCP DMP ENCP

R =60 0.954 1.000 1.000 1.000 1.000 1.000

p=0,0.=01 R=120 0.948 1.000 1.000 1.000 1.000 1.000
R =240 0.943 1.000 1.000 1.000 1.000 1.000

R=60 0.023 0.107 0.004 0.233 0.001 0.601

p=0,0.=1 R=120 0.049 0.124 0.015 0.247 0.021 0.728

R =240 0.070 0.142 0.060 0.325 0.129 0.823

R=60 0.949 1.000 1.000 1.000 1.000 1.000

p=010.=01 R=120 0.943 1.000 1.000 1.000 1.000 1.000
R =240 0.945 1.000 1.000 1.000 1.000 1.000

R=60 0.020 0.097 0.006 0.214 0.000 0.614

p=01,0,=1 R=120 0.040 0.108 0.016 0.255 0.032 0.731
R =240 0.069 0.149 0.055 0.331 0.110 0.829

R=60 0.983 1.000 1.000 1.000 1.000 1.000

p=050.,=01 R=120 0.977 1.000 1.000 1.000 1.000 1.000
R =240 0.975 1.000 1.000 1.000 1.000 1.000

R=60 0.032 0.122 0.006 0.284 0.002 0.751

p=050,=1 R=120 0.057 0.159 0.031 0.347 0.064 0.848
R =240 0.081 0.164 0.079 0.404 0.238 0.923

R=60 1.000 1.000 1.000 1.000 1.000 1.000

p=09 0.,=01 R=120 0.999 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

R=60 0.078 0.311 0.128 0.771 0.511 1.000

p=09 0.=1 R=120 0.133 0.390 0.301 0.865 0.936 1.000
R =240 0.170 0.445 0.435 0.933 0.993 1.000

R=60 1.000 1.000 1.000 1.000 1.000 1.000

p=0950.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

R=60 0.110 0.441 0.317 0.927 0.926 1.000

p=0950.=1 R=120 0.220 0.571 0.619 0.976 1.000 1.000
R =240 0.255 0.586 0.709 0.990 1.000 1.000

R =60 1.000 1.000 1.000 1.000 1.000 1.000

p=099 0.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

R=60 0.252 0.623 0.676 0.986 1.000 1.000

p=0990.=1 R=120 0434 0.770 0.928 1.000 1.000 1.000
R =240 0.519 0.824 0.970 1.000 1.000 1.000

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-
Carlo Simulation of 2000 times (Rolling Scheme).
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Table 3: Rejection frequency at 5% level, b = 1 (With intercept on Model 1)

P =148 P =240 P =1200
Repeat = 2000 DMP ENCP DMP ENCP DMP ENCP
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=0,0.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R =60 0.964 1.000 1.000 1.000 1.000 1.000
p=0,0.=1 R=120 0.950 1.000 1.000 1.000 1.000 1.000
R =240 0.953 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
p=01,0,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R =60 0.953 1.000 1.000 1.000 1.000 1.000
p=01,0.,=1 R=120 0.956 1.000 1.000 1.000 1.000 1.000
R =240 0.939 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
p=05,0.,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.979 1.000 1.000 1.000 1.000 1.000
p=05,0,=1 R=120 0.980 1.000 1.000 1.000 1.000 1.000
R =240 0.970 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=09,0,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=09,0,=1 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=0950.,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=0950.=1 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=099 0.,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
p=099 0.=1 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-
Carlo Simulation of 2000 times (Rolling Scheme).
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Table 4: Rejection frequency at 5% level, b = 0 (Without intercept on Model 1)

P =148 P =240 P =1200

Repeat = 2000 DMP ENCP DMP ENCP DMP ENCP

R =60 0.006 0.042 0.000 0.045 0.000 0.047

p=0,0.=01 R=120 0.016 0.040 0.000 0.033 0.000 0.047
R =240 0.019 0.042 0.002 0.035 0.000 0.032

R=60 0.004 0.032 0.000 0.035 0.000 0.048

p=0,0.=1 R=120 0.014 0.043 0.001 0.032 0.000 0.038

R =240 0.020 0.051 0.003 0.039 0.000 0.032

R=60 0.003 0.033 0.000 0.035 0.000 0.038

p=01,0,=01 R=120 0.013 0.046 0.001 0.026 0.000 0.045
R =240 0.019 0.038 0.002 0.034 0.000 0.042

R=60 0.006 0.042 0.000 0.031 0.000  0.042

p=01l,0.,=1 R=120 0.013 0.046 0.001 0.029  0.000  0.041
R =240 0.023 0.052 0.003 0.030 0.000 0.040

R=60 0.006 0.038 0.000 0.035 0.000 0.041

p=05,0.,=01 R=120 0.010 0.039 0.000 0.025 0.000 0.036
R =240 0.018 0.041 0.001 0.033 0.000 0.034

R=60 0.006 0.039 0.000 0.038 0.000 0.036

p=05,0,=1 R=120 0.009 0.034 0.000 0.031 0.000  0.040
R =240 0.017 0.036 0.002 0.029 0.000 0.034

R=60 0.003 0.039 0.000 0.040 0.000 0.047

p=09,0.,=01 R=120 0.008 0.037 0.000 0.038 0.000 0.036
R =240 0.023 0.043 0.002 0.032 0.000 0.038

R=60 0.003 0.032 0.000 0.044 0.000 0.045

p=09,0,=1 R=120 0.008 0.040 0.000 0.029 0.000 0.036
R =240 0.018 0.040 0.002 0.028 0.000 0.035

R =60 0.003 0.031 0.000 0.036 0.000 0.052

p=0950.,=01 R=120 0.006 0.030 0.000 0.034 0.000 0.042
R =240 0.018 0.038 0.002 0.031 0.000  0.037

R =60 0.003 0.038 0.000 0.040 0.000 0.055

p=0950.=1 R=120 0.012 0.042 0.000 0.028 0.000  0.037
R =240 0.011 0.032 0.002 0.032 0.000 0.031

R =60 0.003 0.028 0.000 0.035 0.000 0.049

p=099 0.,=01 R=120 0.008 0.039 0.000 0.035 0.000 0.040
R =240 0.014 0.035 0.002 0.031 0.000  0.036

R=60 0.002 0.027 0.000 0.036 0.000 0.045

p=099 0.=1 R=120 0.005 0.030 0.000 0.028 0.000 0.045
R =240 0.015 0.037 0.002 0.023 0.000 0.030

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-
Carlo Simulation of 2000 times (Rolling Scheme).
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Table 5: Rejection frequency at 5% level, b = 0.1. (Without intercept on Model 1)
P =48 P =240 P =1200

Repeat = 2000 DMP ENCP DMP ENCP DMP ENCP

R =60 0.937 1.000 1.000 1.000 1.000 1.000

p=0,0.=01 R=120 0.948 1.000 1.000 1.000 1.000 1.000
R =240 0.943 1.000 1.000 1.000 1.000 1.000

R=60 0.013 0.078 0.001 0.157 0.000 0.463

p=0,0.=1 R=120 0.037 0.103 0.006 0.225 0.001 0.595

R =240 0.050 0.131 0.026 0.268 0.031 0.758

R=60 0.932 1.000 1.000 1.000 1.000 1.000

p=010.=01 R=120 0.940 1.000 1.000 1.000 1.000 1.000
R =240 0.935 1.000 1.000 1.000 1.000 1.000

R=60 0.014 0.073 0.002 0.182 0.000 0.484

p=010,=1 R=120 0.031 0.112 0.007 0.214 0.001 0.624
R =240 0.051 0.124 0.035 0.263 0.027 0.731

R=60 0.973 1.000 1.000 1.000 1.000 1.000

p=05,0,=01 R=120 0.974 1.000 1.000 1.000 1.000 1.000
R =240 0.973 1.000 1.000 1.000 1.000 1.000

R=60 0.010 0.102 0.001 0.230 0.000 0.616

p=05,0.=1 R=120 0.038 0.129 0.012 0.296 0.007 0.753
R =240 0.062 0.150 0.051 0.366 0.075 0.873

R=60 0.998 1.000 1.000 1.000 1.000 1.000

p=09 0.,=01 R=120 0.999 1.000 1.000 1.000 1.000 1.000
R =240 0.998 1.000 1.000 1.000 1.000 1.000

R=60 0.052 0.298 0.050 0.753 0.119 1.000

p=09 0.=1 R=120 0.099 0.356 0.191 0.838 0.726 1.000
R =240 0.144 0.401 0.369 0.902 0.967 1.000

R=60 1.000 1.000 1.000 1.000 1.000 1.000

p=0950.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

R=60 0.114 0.468 0.264 0.941 0.818 1.000

p=0950.=1 R=120 0.194 0.552 0.521 0.972 0.995 1.000
R =240 0.228 0.577 0.678 0.989 1.000 1.000

R =60 1.000 1.000 1.000 1.000 1.000 1.000

p=099 0.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

R=60 0.473 0.795 0.875 0.998 1.000 1.000

p=099,0.=1 R=120 0.544 0.831 0.953 0.999 1.000 1.000
R =240 0.547 0.827 0.968 1.000 1.000 1.000

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-
Carlo Simulation of 2000 times (Rolling Scheme).
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Table 6: Rejection frequency at 5% level, b = 1. (Without intercept on Model 1)

P =148 P =240 P =1200
Repeat = 2000 DMP ENCP DMP ENCP DMP ENCP
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=0,0.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R =60 0.939 1.000 1.000 1.000 1.000 1.000
p=0,0.=1 R=120 0.940 1.000 1.000 1.000 1.000 1.000
R =240 0.939 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
p=01,0,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.934 1.000 1.000 1.000 1.000 1.000
p=01l,0.,=1 R=120 0.939 1.000 1.000 1.000 1.000 1.000
R =240 0.940 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
p=05,0.,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.975 1.000 1.000 1.000 1.000 1.000
p=05,0,=1 R=120 0.976 1.000 1.000 1.000 1.000 1.000
R =240 0.970 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=09,0,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=09,0,=1 R=120 0.999 1.000 1.000 1.000 1.000 1.000
R =240 0.999 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=0950.,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=0950.=1 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
p=099 0.,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
p=099 0.=1 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-
Carlo Simulation of 2000 times (Rolling Scheme).
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Table 7: Rejection frequency at 5% level, b = 0, p(et, v:) = 0.5 (With intercept on Model 1)

P =148 P =240 P = 1200
Repeat = 2000 DMp ENCp DMp ENCp DMp ENCp
R=60 0.005 0.039 0.000 0.024 0.000 0.050
¢=0,0=01 R=120 0.018 0.037 0.002 0.027 0.000 0.034
R =240 0.021 0.038 0.003 0.031 0.000 0.031
R =60 0.008 0.037 0.000 0.032 0.000 0.043
¢=0,0.=1 R=120 0.013 0.032 0.001 0.030 0.000 0.038
R =240 0.027 0.043 0.005 0.033 0.000 0.036
R=60 0.010 0.034 0.000 0.029 0.000 0.037
¢=010.=01 R=120 0.012 0.034 0.001 0.029 0.000 0.039
R =240 0.018 0.036 0.005 0.030 0.000 0.032
R=60 0.012 0.033 0.000 0.028 0.000 0.047
¢=01,0.=1 R=120 0.013 0.032 0.002 0.031 0.000 0.032
R =240 0.026 0.045 0.006 0.028 0.000 0.040
R=60 0.011 0.036 0.001 0.023 0.000 0.042
¢=050.,=01 R=120 0.014 0.031 0.000 0.029 0.000 0.031
R =240 0.019 0.034 0.004 0.020 0.000 0.031
R=60 0.008 0.029 0.000 0.033 0.000 0.039
¢=05,0.=1 R=120 0.017 0.036 0.001 0.029 0.000 0.048
R =240 0.019 0.036 0.002 0.023 0.001 0.037
R=60 0.006 0.039 0.001 0.041 0.000 0.047
¢=09,0.=01 R=120 0.013 0.034 0.002 0.025 0.000 0.045
R =240 0.024 0.039 0.003 0.024 0.000 0.030
R=60 0.007 0.030 0.000 0.033 0.000 0.040
¢=09,0.=1 R=120 0.017 0.037 0.000 0.027 0.000 0.046
R =240 0.024 0.040 0.006 0.031 0.000 0.029
R=60 0.008 0.042 0.000 0.037 0.000 0.042
¢=0950.=01 R=120 0.014 0.032 0.001 0.040 0.000 0.045
R =240 0.031 0.046 0.003 0.030 0.000 0.036
R=60 0.010 0.041 0.000 0.037 0.000 0.067
¢=0950.=1 R=120 0.020 0.043 0.001 0.036 0.000 0.038
R =240 0.032 0.049 0.003 0.026 0.000 0.035
R=60 0.006 0.043 0.001 0.045 0.000 0.111
¢=099,0.=01 R=120 0.023 0.051 0.001 0.036 0.000 0.064
R =240 0.030 0.051 0.003 0.027 0.000 0.040
R=60 0.004 0.037 0.001 0.052 0.000 0.098
=099, 0.=1 R=120 0.022 0.056 0.001 0.039 0.000 0.061
R =240 0.030 0.052 0.005 0.037 0.000 0.041

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-

Carlo Simulation of 2000 times (Rolling Scheme with Contemporaneous Correlation).
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Table 8: Rejection frequency at 5% level, b = 0.1, p(et, v¢) = 0.5 (With intercept on Model 1)

P =148 P =240 P = 1200
Repeat = 2000 DMp ENCp DMp ENCp DMp ENCp
R=60 0.966 1.000 1.000 1.000 1.000 1.000
¢=0,0=01 R=120 0.954 1.000 1.000 1.000 1.000 1.000
R =240 0.948 1.000 1.000 1.000 1.000 1.000
R=60 0.021 0.096 0.007 0.214 0.001 0.566
¢=0,0.=1 R=120 0.037 0.120 0.019 0.245 0.027 0.710
R =240 0.066 0.135 0.060 0.315 0.125 0.818
R=60 0.959 1.000 1.000 1.000 1.000 1.000
¢=010.=01 R=120 0.953 1.000 1.000 1.000 1.000 1.000
R =240 0.948 1.000 1.000 1.000 1.000 1.000
R=60 0.022 0.091 0.005 0.198 0.004 0.576
¢=01,0.=1 R=120 0.045 0.110 0.023 0.254 0.028 0.733
R =240 0.063 0.140 0.065 0.336 0.136 0.846
R=60 0.974 1.000 1.000 1.000 1.000 1.000
¢=050.,=01 R=120 0.972 1.000 1.000 1.000 1.000 1.000
R=240 0.973 1.000 1.000 1.000 1.000 1.000
R=60 0.027 0.116 0.013 0.258 0.007 0.688
¢=05,0.=1 R=120 0.049 0.128 0.033 0.327 0.068 0.841
R =240 0.068 0.143 0.080 0.404 0.241 0.912
R=60 1.000 1.000 1.000 1.000 1.000 1.000
¢=09,0.=01 R=120 0.996 1.000 1.000 1.000 1.000 1.000
R =240 0.996 1.000 1.000 1.000 1.000 1.000
R=60 0.065 0.264 0.141 0.679 0.441 0.994
¢=09,0.=1 R=120 0.136 0.350 0.315 0.811 0.909 1.000
R =240 0.163 0.370 0.450 0.874 0.983 1.000
R=60 0.999 1.000 1.000 1.000 1.000 1.000
¢=0950.=01 R=120 0.998 1.000 1.000 1.000 1.000 1.000
R =240 0.999 1.000 1.000 1.000 1.000 1.000
R=60 0.099 0.370 0.283 0.822 0.801 1.000
¢=0950.=1 R=120 0.199 0.475 0.580 0.935 0.998 1.000
R =240 0.253 0.541 0.690 0.965 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
¢=099,0.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.168 0.504 0.502 0.933 0.977 1.000
=099, 0.=1 R=120 0.387 0.679 0.871 0.985 1.000 1.000
R =240 0.494 0.760 0.947 0.997 1.000 1.000

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-

Carlo Simulation of 2000 times (Rolling Scheme with Contemporaneous Correlation).
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Table 9: Rejection frequency at 5% level, b = 1, p(et, v¢) = 0.5 (With intercept on Model 1)

P =148 P =240 P = 1200
Repeat = 2000 DMp ENCp DMp ENCp DMp ENCp
R=60 1.000 1.000 1.000 1.000 1.000 1.000
¢=0,0=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.951 1.000 1.000 1.000 1.000 1.000
¢=0,0.=1 R=120 0.953 1.000 1.000 1.000 1.000 1.000
R =240 0.955 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
¢=010.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.952 1.000 1.000 1.000 1.000 1.000
¢=01,0.=1 R=120 0.947 1.000 1.000 1.000 1.000 1.000
R =240 0.949 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
¢=050.,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.976 1.000 1.000 1.000 1.000 1.000
¢=05,0.=1 R=120 0.963 1.000 1.000 1.000 1.000 1.000
R =240 0.969 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
¢=09,0.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.998 1.000 1.000 1.000 1.000 1.000
¢=09,0.=1 R=120 0.999 1.000 1.000 1.000 1.000 1.000
R =240 0.996 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
¢ =095 0.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
¢=0950.=1 R=120 0.999 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
¢=099,0.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.999 1.000 1.000 1.000 1.000 1.000
=099, 0.=1 R=120 0.999 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-

Carlo Simulation of 2000 times (Rolling Scheme with Contemporaneous Correlation).
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Table 10: Rejection frequency at 5% level, b = 0 (With intercept on Model 1)

P =48 P =240 P =1200

Repeat = 2000 DMP ENCP DMP ENCP DMP ENCP

R =60 0.006 0.027  0.002 0.025 0.000 0.024

¢=0,0=01 R=120 0.018 0.042 0.002 0.032 0.001 0.027
R =240 0.027 0.042 0.006 0.031 0.000  0.025

R =60 0.011 0.034  0.002 0.027  0.001 0.028

¢=0,0.=1 R=120 0.019 0.031 0.005 0.030 0.000 0.020

R =240 0.028 0.041 0.006  0.034 0.002 0.027

R =60 0.007 0.038 0.001 0.029  0.001 0.027

¢=010.=01 R=120 0.016 0.040 0.002 0.023 0.000 0.021
R =240 0.022 0.040 0.004 0.033 0.001 0.023

R =60 0.011 0.033 0.002 0.025 0.000 0.031

¢=01,0.=1 R=120 0.013 0.033 0.003 0.029 0.000 0.028
R =240 0.026 0.042 0.009 0.030 0.001 0.031

R=60 0.010 0.039 0.001 0.029  0.000  0.027

¢=05,0.=01 R=120 0.016 0.041 0.003  0.032  0.001 0.025
R =240 0.022 0.037  0.006 0.035 0.002 0.030

R=60 0.011 0.037  0.001 0.024  0.000  0.021

¢=05,0.=1 R=120 0.019 0.043 0.004 0.027 0.001 0.021
R =240 0.019 0.036 0.007 0.027 0.002 0.023

R=60 0.012 0.0563 0.001 0.036  0.000  0.025

$=09,0.=01 R=120 0.019 0.044 0.002 0.029 0.001 0.027
R=240 0.020 0.038 0.006 0.034  0.001 0.027

R =60 0.007 0.037 0.001 0.026  0.000  0.020

¢=09,0.,=1 R=120 0.017 0.040 0.003 0.027 0.000 0.025
R=240 0.025 0.039 0.007 0.026 0.002 0.022

R=60 0.010 0.047  0.000 0.038 0.000 0.032

¢=0950.=01 R=120 0.015 0.043 0.003 0.032 0.001 0.024
R =240 0.021 0.041 0.008  0.031 0.001 0.024

R=60 0.010 0.033 0.001 0.024 0.000 0.024

¢$=0950,=1 R=120 0.012 0.028 0.003 0.028 0.000 0.025
R =240 0.017 0.035 0.007r  0.031 0.003  0.028

R =60 0.008 0.083 0.001 0.062 0.000 0.039

=099, 0,=01 R=120 0.017 0.058 0.002 0.043 0.000 0.028
R=240 0.019 0.044 0.004 0.030 0.001 0.027

R=60 0.0056 0.029 0.000 0.024 0.000 0.030

¢$=099,0,=1 R=120 0.015 0.042 0.002 0.030 0.001 0.027
R=240 0.022 0.039 0.006 0.028 0.001 0.024

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-

Carlo Simulation of 2000 times (Recursive Scheme).
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Table 11: Rejection frequency at 5% level, b = 0.1 (With intercept on Model 1)
P =48 P =240 P =1200

Repeat = 2000 DMP ENCP DMP ENCP DMP ENCP
R=60 0.943 1.000 1.000 1.000 1.000 1.000

¢p=0,0.=01 R=120 0.938 1.000 1.000 1.000 1.000 1.000
R =240 0.947 1.000 1.000 1.000 1.000 1.000

R=60 0.034 0.102 0.039 0.293 0.245 0.883

¢p=0,0.=1 R=120 0.050 0.117 0.066 0.324 0.321 0.901

R =240 0.070 0.147 0.096 0.367 0.365 0.907

R=60 0.934 1.000 1.000 1.000 1.000 1.000

¢=01,0.=01 R=120 0.950 1.000 1.000 1.000 1.000 1.000
R =240 0.944 1.000 1.000 1.000 1.000 1.000

R=60 0.033 0.102 0.046 0.282 0.278 0.878

¢=01,0.=1 R=120 0.053 0.130 0.058 0.315 0.340 0.902
R =240 0.074 0.140 0.107 0.365 0.388 0.926

R=60 0.967 1.000 1.000 1.000 1.000 1.000

¢=050.=01 R=120 0.968 1.000 1.000 1.000 1.000 1.000
R =240 0.983 1.000 1.000 1.000 1.000 1.000

R=60 0.047 0.135 0.058 0.378 0.410 0.941

¢=05,0.=1 R=120 0.055 0.144 0.089 0.415 0.485 0.966
R =240 0.078 0.166 0.140 0.466 0.525 0.971

R=60 1.000 1.000 1.000 1.000 1.000 1.000

¢$=09,0.=01 R=120 0.999 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

R=60 0.116 0.359 0.394 0.901 0.995 1.000

¢$=09,0.=1 R=120 0.159 0.388 0.446 0.920 0.995 1.000
R =240 0.175 0.427 0.508 0.940 0.997 1.000

R=60 1.000 1.000 1.000 1.000 1.000 1.000

¢=0950.,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

R=60 0.170 0.490 0.675 0.979 1.000 1.000

¢=0950.,=1 R=120 0.237 0.569 0.724 0.989 1.000 1.000
R =240 0.279 0.603 0.758 0.992 1.000 1.000

R=60 0.999 1.000 1.000 1.000 1.000 1.000

¢=099 0.=0.1 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

R=60 0.331 0.687 0.951 0.999 1.000 1.000

¢$=099 0.=1 R=120 0.459 0.775 0.971 1.000 1.000 1.000
R =240 0.534 0.835 0.962 1.000 1.000 1.000

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-

Carlo Simulation of 2000 times (Recursive Scheme).
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Table 12: Rejection frequency at 5% level, b = 1 (With intercept on Model 1)

P =48 P =240 P =1200
RBpECLt = 2000 DMP ENCP DMP ENCP DMP ENCP
R=60 1.000 1.000 1.000 1.000 1.000 1.000
¢=0,0=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R =60 0.950 1.000 1.000 1.000 1.000 1.000
¢p=0,00=1 R=120 0.955 1.000 1.000 1.000 1.000 1.000
R =240 0.948 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
¢=010.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R =60 0.947 1.000 1.000 1.000 1.000 1.000
¢=01,0.=1 R=120 0.936 1.000 1.000 1.000 1.000 1.000
R =240 0.956 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
¢=05,0.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.980 1.000 1.000 1.000 1.000 1.000
¢=05,0.=1 R=120 0.975 1.000 1.000 1.000 1.000 1.000
R =240 0.974 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
$=09,0.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 0.999 1.000 1.000 1.000 1.000 1.000
=09, 0.=1 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 0.999 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
¢=0950.=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
¢=0950,=1 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R=60 1.000 1.000 1.000 1.000 1.000 1.000
=099, 0,=01 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000
R =60 1.000 1.000 1.000 1.000 1.000 1.000
¢$=099,0,=1 R=120 1.000 1.000 1.000 1.000 1.000 1.000
R =240 1.000 1.000 1.000 1.000 1.000 1.000

Notes: The table shows the size of DMp and ENCp test under 5% nominal size from Monte-

Carlo Simulation of 2000 times (Recursive Scheme).
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