Serially Correlated Errors (Time Series Data):
e Suppose that uy, u,, - - -, u, are serially correlated.

Consider the case where the subscript represents time.
Remember that Bguyy ~ N(,B, O'Z(X’Z(Z’QZ)‘IZ’X)‘I),
We need to consider evaluation of 02Z’QZ = V(u"), i.e.,

V(') = V(Z'u) = V(Zzu) = V(Zv,
(Z v»(Z ) (Z w)(Z v)
= E(Z Z Viv; ") = E(vlv )

=1 j=1

where v; = zlu; is a r X 1 vector.
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_ ’
Define I'; = E(viv;_.).
I'y = E(v;v}) represents the r X r variance-covariance matrix of v;.

I = E@pv) = E(])) = (Evw,)) =T

V(u") = Zn: i E(vi)

i=1 j=1
=E(Wwv)) + Evvy) + Evpvy) + -+ + E(vv))
+ E(mov)) + Emvy) + E(vavy) + -+ + E(npv))

+ E(v3v)) + E(v3v)) + E(v3v}) + -+ + E(vav))

+ E(w,v)) + Ev,vy) + Evvy) + -+ + E(vyv))

=Ig+I 1+, + --- +1_,

+ I +Tg+T_+ --- +15,
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+F2+F1+FO+ +1"3_”

+ rn—l + 1—‘”_2 + 1—‘”_3 + e+ FO

— y ’ ,
—r0+rl+r2+ oo +1—‘n_1

+F1+F0+F’1+ +1";l_2

+ 0+ +T0+ - +T17 4

+ rn—l + 1—‘”_2 + 1—‘”_3 + e+ FO
=nlo+m—-1DT +T)D)+r-2)To+T5)+ - + [T + 1))

n—1

=nly+ Z(n =i+ l"l’)
i=1
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n—1 .
l 4
=n(To+ ;a = )T +T))
N i
~ (T + ;(1 -G ).
In the last line, n — 1 is replaced by ¢, where g < n — 1.

. A 1 <
We need to estimate I'; as: 1, = — Z vV;_., where ¥; = Z'@i; for t; = y; — xiBomm.

i-7°
i=1+1

As 7 is large, [, is unstable.

Therefore, we choose the g which is less than n — 1.
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Hansen’s J Test:  Is the model specification correct?

That is, is E(zZ'u) = 0 for y = x8 + u correct?

Hy : E(Zu) = 0 (The model is correct. Or, the instrumental variables are appropri-
ate.)

H : EGZu)#0

The number of equations is r, while the number of parameters is k.

The degree of freedom is r — k.

wheriﬁ,» =Yi — Xiflomum-
] n 1 n
V(ﬁ Z Z.i1;) indicates the estimate of V(; Z zou;) for u; = y; — x;B8.
i=1

= i=1
The J test is called a test for over-identifying restrictions (& FI3& 3 H7).
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Remark 1: X, X;,---, X, are mutually independent.
X; ~ N(u, 0?) are assumed.
_ l n

Consider X = — X..
i . Z:
X-EX) X-u

NS o/ n

That is, Vi(X —u) — N(0,0?).

— N, 1).

Remark 2: X, X, - -, X,, are mutually independent.

X; ~ N(u, 0?) are assumed.

Then, (X54) ~ 2ty ana Y (B2 < o
i=1

n Xi—i

. . . = 2 5
If u is replaced by its estimator X, then Z( = ) ~ x (n—1).

i=1
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Note:

X, - XY (0?2 O/ /X-X
n Y 2 X
X,_Xz Xl_X o Xl_X
Z( — ) - : : : ~ X =)
P (A : t. .
X,-x/)\o o2 X, - X
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In the case of GMM,

=

ziu; — N(0,%),

&l -

i=1

where ¥ = V(# i zl'-u,-).
i=1

Therefore, we obtain: (% i zfui),Z*(% i zl’»u,-) — X0).
p i=1

In order to obtain i;, we have to estimate 8, which is a k X 1 vector.

Therefore, replacing u; by i1;, we have: (% i z}ﬁi)’Z_l(% Zn: zgﬁi) — X*(r=k).
im1 i=1

Moreover, from ¥ — X, we obtain: (% i zgﬁi),ﬁ_l(% i z;ﬁi) — YA (r—k),
i=1 i=1

where X is a consistent estimator of X.
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4.3 Generalized Method of Moments (GMM, —fi%{cF& &%) II
— Nonlinear Case —

Consider the general case:

E(h(6; w)) = 0,

which is the orthogonality condition.

A k x 1 vector 8 denotes a parameter to be estimated.

h(8;w)is arx 1 vector for r > k.

Let w; = (y;, x;) be the ith observed data, i.e., the ith realization of w.

Define g(6; W) as:
1 n
8O W) = ~ Zl 76 wy),

Where W = {Wn’ Wn—l, Tt Wl}'

g(0; W)is ar x 1 vector for r > k.
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