Adaptive Estimation of VAR with Time-Varying

Variance : Application to Testing Linear Causality in
Mean and VAR Order

V. Patilea (CREST-Ensai & IRMAR, Rennes, France)

joint work with

H. Raissi (IRMAR-INSA)

JMS 2012, INSEE



Outline

° The model

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 2/53



° The model

e Least squares parameter estimation

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 2/53



° The model
e Least squares parameter estimation

e Adaptive Least Squares parameter estimation

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 2/53



Q The model
e Least squares parameter estimation
e Adaptive Least Squares parameter estimation

e Application: testing for linear Granger causality in mean

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 2/53



Q The model

e Least squares parameter estimation

e Adaptive Least Squares parameter estimation

e Application: testing for linear Granger causality in mean

e Application: portmanteau tests

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012



The model Assumptions

Outline

0 The model
@ Assumptions

e Least squares parameter estimation
e Adaptive Least Squares parameter estimation
e Application: testing for linear Granger causality in mean

e Application: portmanteau tests

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012



The model Assumptions

@ Observations X_p1,..., X0, X1,..., X7 € R?

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 4/53



The model Assumptions

@ Observations X_p1,..., X0, X1,..., X7 € R?

@ Multivariate time-series model: linear VAR

Xe=Ar1 X1+ + ApXip + Ut
ut = Hiey,

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012



The model Assumptions

@ Observations X_p1,..., X0, X1,..., X7 € R?

@ Multivariate time-series model: linear VAR

Xe=Ar1 X1+ + ApXip + Ut
ut = Hiey,

@ Stability condition:

detA(z) # 0 forall |z| <1 where A(z)=ly — ZA z!
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The model Assumptions
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@ The d x d matrices H; are invertible and H; = G(t/T),1 <t < T.

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 5/53



The model Assumptions

@ Let Fr =o{es: s < t}.
Assumption A1:
@ The d x d matrices H; are invertible and H; = G(t/T),1 <t < T.

@ The components of G(r) := {gk(r)} are deterministic functions on
the interval (0, 1] and

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 5/53



The model Assumptions

@ Let Fr =o{es: s < t}.

Assumption A1:

@ The d x d matrices H; are invertible and H; = G(t/T),1 <t < T.

@ The components of G(r) := {gk(r)} are deterministic functions on
the interval (0, 1] and

@ The process (¢€;) is a-mixing and

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 5/53



The model Assumptions

@ Let Fr =o{es: s < t}.

Assumption A1:

@ The d x d matrices H; are invertible and H; = G(t/T),1 <t < T.

@ The components of G(r) := {gk(r)} are deterministic functions on
the interval (0, 1] and
® SUP,¢(0,11 IGK(r)| < oo,
e gu(-) are piecewise Lipschitz continuous on (0, 1],
e X(-)=G(-)G(-) > Oforall r.

@ The process (¢;) is a-mixing and
o E(e | Fi—1) =0,
(*] E(6t€; | .7:;_1) = /d,
e the d components ey of (¢;) satisfy sup; || ext |4, < oo, p > 1.

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012



The model Assumptions

Remarks:
@ Unconditional non-stationary volatility (time-varying variance)

@ Weak regularity conditions on the time-varying variance

@ Multivariate GARCH structure cannot be taken into account
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OLS & GLS The estimators

@ The OLS estimator

éOLS = i;vec (ix) ,

where
T .
Sy=T 'Y XX ®ly and Sx=T1> XX _,
t=1 t=1
and Xi_1 = (X[_1,..., X[_,)-
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OLS & GLS The estimators

@ Let X; := H;H; (unconditional time-varying variance)
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OLS & GLS The estimators

@ Let X; := H;H; (unconditional time-varying variance)
@ The Generalized Least Squares (GLS) estimator

éGLS = i;JVGC (il> s

with

T T
Sy=T 'Y XX @' and Ix=T"> 5'XX ;.
t=1 t=1
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OLS & GLS The estimators

o If the volatility matrix ¥; is constant in time, fg.s = Ao s-
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OLS & GLS The estimators

o If the volatility matrix ¥; is constant in time, fg.s = Ao s-

@ The GLS estimator is in general infeasible.
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OLS & GLS Asymptotic behavior

If Assumption A1 holds true, then:

1,
TZ(fos — 6o) = N(0,A; AN ),
where
o= Z{w, oo ® ()1 } @ S (1)l
and \
rs= | 3 {1/3,-(1po ® z(r))z;,'.} ® Iy dr
i=0

are positive definite;
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OLS & GLS Asymptotic behavior

Theorem (continued)

2.
T2(0ais — o) = N (0, A1),

where
m= Z Fi1pp ® E(N)¥} } @ (r) "o

is positive definite;
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OLS & GLS Asymptotic behavior

Theorem (continued)

2.
T2(0ais — o) = N (0, A1),

where
m= Z Fi(1pp ® T} @ 5(r) o

is positive definite;
3. The asymptgtic variance of A, g is smaller than the asymptotic
variance of fo; s, that is

A3 AAFT = ATT > 0.
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GLS Asymptotic behavior

Remarks:

@ In the homoscedastic (time-constant variance) case, if X(r) = X,

AT = A3 AT = {E[Xe X T @ £, (1)

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 14 /53



OLS & GLS Asymptotic behavior

Remarks:

@ In the homoscedastic (time-constant variance) case, if X(r) = X,

AT = A3 AT = {E[Xe X T @ £, (1)

@ If X(r) = ?(r)ly, the GLS asymp. variance does not depend on
Y (r) (in particular if d = 1).

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 14 /53



OLS & GLS Asymptotic behavior

Remarks:

@ In the homoscedastic (time-constant variance) case, if X(r) = X,

AT = A3 AT = {E[Xe X T @ £, (1)

@ If X(r) = ?(r)ly, the GLS asymp. variance does not depend on
Y (r) (in particular if d = 1).

However, in general this is not the case!

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 14 /53



OLS & GLS Asymptotic behavior

Remarks:

@ In the homoscedastic (time-constant variance) case, if X(r) = X,

AT = A3 AT = {E[Xe X T @ £, (1)

@ If X(r) = ?(r)ly, the GLS asymp. variance does not depend on
Y (r) (in particular if d = 1).

However, in general this is not the case!

@ In the case d = 1 we recover the results of Xu & Phillips (2008).
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OLS & GLS Asymptotic behavior
A

Variance estimation for g, s

Proposition
Under Assumption A1, if ii; denotes OLS residuals

T
/"\2 = T_1 Z)N(t—‘])“(l{—‘] ® l,.\lti:/; = /\2 + Op(1),
t=1

-

]\\3 =TT Zj(t_15({_1 QR lg = N3 + Op(1).
t=1
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ALS The ALS estimator

@ GLS estimator is generally infeasible

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 17 /53



ALS The ALS estimator

@ GLS estimator is generally infeasible

@ |dea: consider a nonparametric estimation of the volatility function

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 17 /53



ALS The ALS estimator

@ GLS estimator is generally infeasible
@ |dea: consider a nonparametric estimation of the volatility function

@ Xu & Phillips (2008) proposed this approach in the case d = 1
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ALS The ALS estimator

@ Define the symmetric matrix

MK

.

0 Ny

t = Z Wi © UjUj,
i=1

where
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ALS The ALS estimator

@ Define the symmetric matrix

MK

.

0 Ny

t = Z Wi © UjUj,
i=1

where

o {;’s are the OLS residuals
@ © denotes the Hadamard (entrywise) product
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ALS The ALS estimator

@ Define the symmetric matrix

MK

.

0 Ny

t = Z Wi © UjUj,
i=1

where

@ {s are the OLS residuals
@ © denotes the Hadamard (entrywise) product
o the kl—element, k </, of the d x d weight matrix w;; is

-1

.
Wii(bu) = (Z Kti(bkl)> Kii(bx),

i=1

with by the bandwidth and

KDY if t41,
Kti(bk/) = { (g)-bkl )|f f iﬁ
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ALS The ALS estimator

@ The kernel is a bounded density satisfying mild conditions
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ALS The ALS estimator

@ The kernel is a bounded density satisfying mild conditions

@ The bandwidths can be different from cell to cell
@ byeBr,1<k<I<d,where By = [Cm,'an, Cmabe] with
0 < Cmin < Cmax < 00
o Forsome~ >0, br +1/Tb5™ - 0as T — co.
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ALS The ALS estimator

Bandwidth practical issues

@ The bandwidths by can be chosen by CV, i.e. minimization of
T
7S Dl |17,
t=1

w.rt. all by € Br, 1 < k < /< d,where | - || is the Frobenius
norm.
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ALS The ALS estimator

Bandwidth practical issues

@ The bandwidths by can be chosen by CV, i.e. minimization of
T
7S Dl |17,
t=1

w.rt. all by € Br, 1 < k < /< d,where | - || is the Frobenius
norm.

@ Theoretical results will be obtained uniformly w.r.t. by € Bt
= justification of the common cross-validation bandwidth rule
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ALS The ALS estimator

S estimator

éALS = i§1VGC (i&) ,
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The ALS estimator

éALS = i§1VGC (i&) ,

T T
Sy=T'Y XX @ and Ix=T"> 57XX ;.
t=1 t=1
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ALS The ALS estimator

The ALS estimator

@ The ALS estimator 6, s depends on the bandwidths!
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ALS The ALS estimator

Asymptotic normality and variance estimation

Theorem

If
@ a strengthened version of Assumption A1 holds true
@ conditions on K(-) and by hold true

then uniformly w.r.t. by € By as T —

.
R=T1Y XX 105" =M+ o0p(1),
t=1

and

VT(0as — bars) = 0p(1).
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Application: testing for linear Granger causality in mean

The problem

@ Consider X; = (X] ;, X3 ;)" where
e Xjis of dimension dj < d,
@ X5 of dimension d> = d — d.
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Application: testing for linear Granger causality in mean

The problem

@ Consider X; = (X] ;, X3 ;)" where
e Xjis of dimension dj < d,
@ X5 of dimension d> = d — d.

@ |tis said that (X» ;) does not cause (linearly) (X ;) in mean if

EXie| Xip—1,..-) = E(Xqt | X101, Xop—1,..- ).

@ The problem: check (X5,;) does not Granger cause (Xj ;) in mean.

@ In the VAR setup this amounts to test
Ho: Ai12 =0 forall1 <i<np,

where the A; 12’s are the matrices given by the d; first rows and db
last columns of the A;’s
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Application: testing for linear Granger causality in mean

The problem restated

@ Let Rbe a pd;d> x pd? matrix

@ Therefore the null hypothesis can be restated

Ho : R@o = opd1d2-
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Application: testing for linear Granger causality in mean

The problem restated

@ Let Rbe a pd;d> x pd? matrix

@ Therefore the null hypothesis can be restated

Ho : R@o = opd1d2-

@ Convenient approach: Wald tests.
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Application: testing for linear Granger causality in mean OLS wald tests
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Application: testing for linear Granger causality in mean OLS wald tests

The standard OLS-based procedure

The commonly used Wald test statistic
Qs = Thp sR'(RI'R)'Rgys,
with
T ~ ~ A
J= {T1 > XX } ® Q"
t=1

and
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Application: testing for linear Granger causality in mean OLS wald tests

We propose
Qois = Tl sR(RA;'AA; T R) ' Rioys,
where, recall
T ~ ~
Ao =T Xa Xy @ Uhllp = Ao + 0p(1),
t=1
T ~ ~
Aa:=T1> X1 X 1@ lg=Ng+ 0p(1)
t=1
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Application: testing for linear Granger causality in mean OLS wald tests

Proposition

Under suitable assumptions, if Ho holds true, as T — oo
Qovs = x§d1 o>

while

Qs = 2(8):= 3 wiZ?, (2)

where the Z;’s are independent N'(0, 1) variables, § = (k1, ..., kpd,d,)
is the vector of the eigenvalues of the matrix

W = (RITTR) 2 (RAS AN TR (RITTRY) 2, 3)
with

/Z i pxp®2(r))w,}dr®91
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Application: testing for linear Granger causality in mean GLS wald tests
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Application: testing for linear Granger causality in mean GLS wald tests

ased Wald procedure

We propose A A
Qars = T4 R (RATTR) 'R pss,

where, recall

T
/\,\1 = T_1 ZX{,1XI{71 (039 i;1 = /\1 + Op(1),
t=1

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012



Application: testing for linear Granger causality in mean GLS wald tests

Proposition

Under suitable assumptions, if Ho holds true, uniformly w.r.t. by € Bt
asT — oo

2
Qars = Xpd;dy>
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Application: testing for linear Granger causality in mean GLS wald tests

Proposition
Under suitable assumptions, if Ho holds true, uniformly w.r.t. by € Bt
asT — oo

2
QaLs = Xpd,dy:

If if Ho holds true, the (corrected) OLS approach and the ALS
approach lead to test statistics with Xfmh 4, asymptotic laws.
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Application: testing for linear Granger causality in mean GLS wald tests

Proposition

Under suitable assumptions, if Ho holds true, uniformly w.r.t. by € Bt
asT — oo

2
QaLs = Xpd,dy:

If if Ho holds true, the (corrected) OLS approach and the ALS
approach lead to test statistics with Xfmh 4, asymptotic laws.

Which one is ‘better’?
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Application: testing for linear Granger causality in mean GLS wald tests

Proposition

Under suitable assumptions, if Ho holds true, uniformly w.r.t. by € Bt
as T — oo

2
QaLs = Xpd,dy:

If if Ho holds true, the (corrected) OLS approach and the ALS
approach lead to test statistics with Xfmh 4, asymptotic laws.

Which one is ‘better’?

Proposition

The relative Bahadur efficiency of the ALS-based test with respect to
the OLS-based test is larger or equal to 1 for every fixed alternative.
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Application: testing for linear Granger causality in mean Real data application

Outline

0 The model
e Least squares parameter estimation
e Adaptive Least Squares parameter estimation

e Application: testing for linear Granger causality in mean

@ Real data illustration

e Application: portmanteau tests
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Application: testing for linear Granger causality in mean Real data application

The data

@ Quarterly U.S. balance on merchandise trade (left) and balance on
services (right) in bin. USD

@ Period: from January 1st, 1970 to October 1st, 2009.

@ The series are seasonally adjusted

-20

-60

o
1975.3  1980.3  1985.3  1990.3  1995.3  2000.3  2005.3 ' 19753 1980.3  1985.3  1990.3  1995.3  2000.3  2005.3

-260  -220 -18B0 -140 100
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Application: testing for linear Granger causality in mean Real data application

@ Presence of unit roots

@ Study the series of differences T = 159

19754 19804  1985.4

tilea & Raissi ()

1990.4

1995.4

i
20004  2005.4 19754 1980.4

CREST-Ensai & IRMAR (Rennes, France)
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19904 19954  2000.4
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Application: testing for linear Granger causality in mean Real data application

@ OLS residuals
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Application: testing for linear Granger causality in mean Real data application

@ ALS residuals

- «
. "
~
~
°
°
o
0
h 0
! v
ks T
1972.3 1977.3 1982.3 1987.3 19923 1997.3 2002.3 2007.3 19723 1977.3 19823 1987.3 19923 1997.3 2002.3 2007.3
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Application: testing for linear Granger causality in mean Real data application

The p-values of the Wald tests for Granger causality in mean (in %)
from the U.S. balance on services to the U.S. balance on merchandize.

Wors | 8.74
Ws | 057
Was | 25.20
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Application: portmanteau tests The problem

Outline

e The model

e Least squares parameter estimation

e Adaptive Least Squares parameter estimation

e Application: testing for linear Granger causality in mean

e Application: portmanteau tests
@ The problem
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Application: portmanteau tests The problem

@ Test the order of the multivariate linear VAR(p) model

Xt = A X1+ + Apthp + U;
Ut = Hiey,
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Application: portmanteau tests The problem

@ Test the order of the multivariate linear VAR(p) model

Xt = A X1+ + Apthp + U;
Ut = Hiey,

@ Usual way: fix an integer m > 0 and test

Hy : Cov(ut,us—p) =0, forall 0 < h<m,
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Application: portmanteau tests The problem

@ Test the order of the multivariate linear VAR(p) model

Xt = A X1+ + Apthp + U;
Ut = Hiey,

@ Usual way: fix an integer m > 0 and test
Hy : Cov(ut,us—p) =0, forall 0 < h<m,

The time-varying variance of u; changes the critical values !!
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Application: portmanteau tests The problem

@ Alternative way: test

Hy : Cov(et,er—p) =0, forall 0 < h < m.
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Application: portmanteau tests The problem

@ Alternative way: test

Hy : Cov(et,er—p) =0, forall 0 < h < m.

@ The values ¢; are approximated using a nonparametric estimate of
the deterministic function H;
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Application: portmanteau tests OLS, GLS & ALS autocov

Outline

0 The model

e Least squares parameter estimation

e Adaptive Least Squares parameter estimation

e Application: testing for linear Granger causality in mean

e Application: portmanteau tests

@ OLS, GLS and ALS estimates of the autocovariances
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Application: portmanteau tests OLS, GLS & ALS autocov

OLS-based procedure(1/3)

@ OLS-based estimates of u;

0 = Xi — (X1 ® lg)ors
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Application: portmanteau tests OLS, GLS & ALS autocov

OLS-based procedure(1/3)

@ OLS-based estimates of u;

O = Xe — (X{_1 ® la)AoLs

@ Corresponding residual autocovariances

t=h+1
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Application: portmanteau tests OLS, GLS & ALS autocov

OLS-based procedure(1/3)

@ OLS-based estimates of u;

0 = Xi — (X1 ® lg)ors

@ Corresponding residual autocovariances

t=h+1

@ The estimates of the first m (m > 1) residual autocovariances

f“yﬁ,’OLS:vec{<lA’g,_S(1 )., f‘éLS(m))}
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Application: portmanteau tests OLS, GLS & ALS autocov

OLS-based procedure (2/3)

® TG =y E(r)dr, Tgee = [ £(r)®2dr,

m—1
Z{em(/ ep(1) ®ZG} {K”@Id}
i=0
m—1
NS’ =3 {em(i+1)ep(1) © Egee) {(K“ ® /d},
i=0

/\IUT;U = lm & ZG®27

where en(j) € R™ is the vector with jth component equal to one
and zero elsewhere.
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Application: portmanteau tests OLS, GLS & ALS autocov

OLS-based procedure (3/3)

Proposition
Under A1, 1
T24508 = N(0, Z4OL5), (4)

where

U OLS /\U u /\#9/\51 q)um/ . (Du /\ /\U 01 + (D;jn/\g1/\2/\3—1 (Dyn/, (5)
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Application: portmanteau tests OLS, GLS & ALS autocov

GLS-based procedure(1/2)

@ GLS-based estimates of ¢; using the GLS estimate of the VAR
coefficients,

&= H ' Xe — H7 Y (X @ ly)0aLs

@ Corresponding residual autocovariances

T

. » A
Gs(h =T > &,
t=ht1

and
7 =vee{ (Faus(M), - Fas(m))}
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Application: portmanteau tests OLS, GLS & ALS autocov

GLS-based procedure (2/2)

N =S {em(i+ 1)ep(1) ® /1 =(r)'/2 & Z(r)—V?dr} (K@},
0

Patilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 47 /583



Application: portmanteau tests OLS, GLS & ALS autocov

GLS-based procedure (2/2)

m—1 1 '
N =S {em(i+ 1)ep(1) ®/ T(r)'2 e Z(r)—1/2dr} {K” ® /d},
i=0 0
Proposition
Under A1, 1
TE’S/,ET’]GLS =>'N'(O’ZE,GLS)7
where

/
T9OS = Jop — N AN
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Application: portmanteau tests OLS, GLS & ALS autocov

GLS-based procedure (2/2)

Proposition
Under A1, 1
TE’S/,ET’]GLS =>'N'(O’ZE,GLS)7

where
!
TOOLS — o — NI AT

Using fg, g for estimating Cov(et, ;) Seems more convenient.
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Application: portmanteau tests OLS, GLS & ALS autocov

ALS-based procedure

@ ALS-based estimates of ¢;,

@}qLS = I:/;1Xt — Flf1 (5(;_1 (29 /d)éALS
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Application: portmanteau tests OLS, GLS & ALS autocov

ALS-based procedure

@ ALS-based estimates of ¢;,
efts = A7 X — H' (X4 @ la)0acs
@ Corresponding residual autocovariances

-

P —1 ~ALS~ALS

Fas(h)=T Z €t ftfh/
t=h+1
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Application: portmanteau tests OLS, GLS & ALS autocov

ALS-based procedure

@ ALS-based estimates of ¢;,
s = H7'X — A7 Y(X_q @ 1a)0acs
@ Corresponding residual autocovariances

-

P —1 ~ALS~ALS

Fas(h)=T Z €t ftfh,
t=h+1

Proposition
Uniformly w.r.t. b € Bt

T2 {Fas(h) — Fas(h)} = 0p(1),  vh.
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Application: portmanteau tests OLS, GLS & ALS autocov

ALS-based procedure

@ ALS-based estimates of ¢;,
efts = A7 X — H' (X4 @ la)0acs
@ Corresponding residual autocovariances

-

P —1 ~ALS~ALS

Fas(h)=T Z €t ftfh,
t=h+1

Proposition
Uniformly w.r.t. b € Bt

T2 {Fas(h) — Fas(h)} = 0p(1),  vh.

GLS and ALS versions of autocovariances and autocorrelations
estimates are asymptotically equivalent
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Application: portmanteau tests Corrected Portmanteau

Outline

e The model

e Least squares parameter estimation

e Adaptive Least Squares parameter estimation

e Application: testing for linear Granger causality in mean

e Application: portmanteau tests

@ Corrected Portmanteau test statistics
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Application: portmanteau tests Corrected Portmanteau

@ Box-Pierce statistic based on OLS estimates of Cov(ut, u;_p)

Q=T Z tr (rOLS )Fs(0)7 ﬁL(I)LS(h)fL(l)LS(O)_1)

@ Box-Pierce statistic based on ALS estimates of Cov(e;, €;_p)

Q=T Z tr (rALS ) a5(0) ri\Ls(h)Ai\Ls(o)_1)
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Application: portmanteau tests Corrected Portmanteau

Asymptotics for OLS-based Box-Pierce statistic

Proposition
The statistic Q9-° converges in law to

a?m
UGS = Y 67,
i—1

as T — oo, where 605 = (69%,..., 695 ) is the vector of the
eigenvalues of the matrix

A = (ln 0T3P 0Ty 2 s40S (I, 0 252 © £5'77),

Yg= f01 Y (r)dr and the U;’s are independent N'(0, 1) variables.
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Application: portmanteau tests Corrected Portmanteau

Asymptotics for ALS-based Box-Pierce statistic

Proposition
The statistic QA-S converges in law to

6ALS Z 53/3 U2
I

as T — oo, where 655 = (6%5,...,6%5 Y/ is the vector of the

eigenvalues of *~CLS and the U;’s are independent N'(0, 1) variables.
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Application: portmanteau tests Corrected Portmanteau

Asymptotics for ALS-based Box-Pierce statistic

Proposition

The statistic QS converges in law to
a?m
UGHS) = S 5708,

i=1

as T — oo, where 655 = (6%5,...,6%5 Y/ is the vector of the

eigenvalues of *~CLS and the U;’s are independent N'(0, 1) variables.

The classical Khi-square limit law is recovered with the ALS approach
when ¥(r) = ?(r)ly.
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Application: portmanteau tests Corrected Portmanteau

Merci pour votre attention!

tilea & Raissi () CREST-Ensai & IRMAR (Rennes, France) January 25th, 2012 53/53



	The model
	Assumptions

	Least squares parameter estimation
	The estimators
	Asymptotic behavior

	Adaptive Least Squares parameter estimation
	The ALS estimator

	Application: testing for linear Granger causality in mean
	The problem
	OLS-based Wald tests
	GLS-based Wald tests
	Real data illustration

	Application: portmanteau tests
	The problem
	OLS, GLS and ALS estimates of the autocovariances
	Corrected Portmanteau test statistics


