Assumptions

Ass 4.1: Linearity

[ y1 ] Z, [ &1 ] [ &1 ]
nx1 n x Ly L;x1 nx1
= +
Ym ZM 6M EM
[ X 1] i nx Ly | [Lm X 1] [n X 1]
Ass 4.2: Jointly Ergodic Stationarity
{Wz} = {yil, ey YiMsZily ooy B M, XLy e e ,xZ-M}

Ass 4.3: Orthogonality
We don't assume cross equation orthogonalities.

Ass 4.4: Rank condition
E(ximz,,) is full column rank.

Ass 4.5: g; is a m.d.s with finite second moments

gi~m.d.s
E(gig;) is nonsingular.

Ass 4.6: finite fourth moments
E[(zimk2;,)?] exists and finite.

Ass 4.7: conditional homoskedasticity
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MEGMM estimator:
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SEGMM versus MEGMM
SEGMM is a special case of MEGMM when:
W = diag(wu, “e ,WMM)

Efficient MEGMM is equivalent to Efficient SEGMM when:

1. Each equation is just identified.
2. At least one equation is over-identified but S is block diagonal.

Elgimgy,] = Eleimein Timzy] =0 forallm # h



Mulitiple-Equation GMM
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To go from the second-to-last to the last line, use formulas (A.6) and (A.7) of
the appendix on partitioned matrices. If you find the operation too much, just set

M =2
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Table 4.1: Multiple-Equation GMM in the Single-Equation Format

Sample Analogue of

Orthogonality Conditions:
GMM Estimator:

Its Sampling Error:

Asymptotic Variance of

Optimal GMM:

Its Estimator:

J Statistic:

—

Avar3(S1)) = (=S
Avar(8(S—1)) = (S8,
JESE™H, S =n 06 )8 18,08

B (S) = Sxy — szS =0
§(W) = (S, WS,,)"'S,, Ws,,
(W) — 8 = (S,,WS,,) 'S, Wg

—lzxz)—-l

18w

Single-Equation GMM
applied to the Multiple-Equation GMM
equation in question
8 X; - & (414)
5 s 4.1.6)
1 n
Sxy =Y %y 4.2.2)
nliz,l.
Syz - Zl X7, (42.2)
Size of W K xK Y Kmxd Kn
Yz E(xiz}) 4.1.9)
S (= Avar(g)) E(e?x;X}) (4.1.11)
- 1<
S - > ek (43.2)
i=1
Estimator consistent
under which 3.1-34 4.1-4.4
assumptions?
Estimator asymptotic
normal under which 3.1-3.5 4.1-45

assumptions?

S —p S under

which assumptions?

3.1, 3.2, 3.6, E(g;g;) finite

4.1,4.2,4.6, E(g:g;) finite

df.of J

K-L

Zm(Km - Lm)




Special Cases of MEGMM: FIVE, 3SLS and SUR

efficient equation-by-equation GMM| | efficient multiple-equation GMM

conditional homoskedasticity — -U ~Ur

equation-by-equation 25LS FIVE

SUR assumption (4.5.18),
i.e., endogenous regressors U U
satisfy “cross” orthogonalities

equation-by-equation OLS SUR

Figure 4.1: OLS and GMM

Full-Information Instrumental Variables Efficient (FIVE)
Under Ass 4.1-4.5 and 4.7,
E(eimé€in|Xim, Xih) = Omh
UllE(xilx;l) U1ME(Xi1X;M)
S = ElximX;imein] = omnB[XimX;) =
o B(xirxyy) .. oumB(XinX;y)
52, 5 02 (E(zim2y,) exists and finite), 2 Y zimal, & BE(zimzl,), S = 8
Large-Sample properties:
1. 8pve = 6(S1) is consistent, asymptotically normal, and efficient with Avar(5(S1)).
Avar(dprve) = (2,8 ' 8..)

2. @(SFIVE) is consistent for Avar(épvp):

—_—

Avar(6prve) = (85,8 1 Sa:) !

3. Sargan’s Statistic:

JGrve,S™) =n-9.(0r1vE)' S 90 (6r1ve) = X2(Z(Km — L))



Three-Stage Least Squares (3SLS)

Under Ass 4.1-4.5 and 4.7 + same instruments for all equations:
Xil =X 2= ... =Xim = X4

moment conditions:

Xi€i1 €i1
g = =€g;®x;, with ;=
XiEiM EiM
Efficient Weight matrix:
[ JllE[xix;] Ule[Xix;] e JlME[XlX;] i
Ule[Xix;] ang[xix;] e O'QME[XiX;] ,
SasLs = _ _ _ . =X Q Elxx,]
_JlME[xix;] agME[xix;] . JMME[xix;]_
011 012 . O1M
012 022 cee O2M

with X = Ele;e;] =

O\M O2M ... OMM
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Il
I
S|+
S)>
m,

&Ml oo OMM
Large-Sample properties:

1. 83515 is consistent, asymptotically normal, and efficient with Avar(ggng).

2. Avar(3s515) is consistent for Avar(8ssz.s).

3. Sargan’s Statistic:

~ . ~ . ~ d
J (3518, S7") = n - gn(d3s15)'S " gn(d3515) = X* (MK — Y L)

m

Seemingly Unrelated Regression (SUR)

Under Ass 4.1-4.5 and 4.7 + same instruments for all equations + the predetermined
regressors satisfy "cross" orthogonalities: E[z;nein] = 0 (without endogeneity)

Efficient Weight Matrix:



i allE[ziz;] ale[ziz;] e alME[ziz;] |
UlgE[Ziz;] 022E[ziz;] . O'QME[ZiZ;] ,
Ssur = _ . _ . = XY ® Elz,z,]
_alME[z,-z;] O'QME[ZZ'Z;] e UMME[ziz;]_

Large-Sample properties:

1. dsur is consistent, asymptotically normal, and efficient with Avar(SSUR).

2. @(SSUR) is consistent for Avar(dsur)-
3. Sargan’s Statistic:

- . . . - d
J(bsur, S™) = n - gn(bsur)'S ' gn(dsur) = X* (MK — ) L)

m

SUR versus OLS
the same as SEGMM versus MEGMM:

1. Each equation is just identified.
2. At least one equation is over-identified. Need assumption that

omnB(ziz}) = 0 for allm # h



Table 4.2: Relationship between Multiple-Equation Estimators

Multiple- FIVE 3SLS SUR Multivariate
o equation GMM regression
A i -4, jons 4.1-4. A jons 4.1-4.5,
. Assumptions 4.1-4.5, ssumpt10n§4 1-4.5, Assumptlon's 1-4.5, ssumpt10n§ 1-4.5
Assumptions . Assumption 4.7 Assumption 4.7 Assumption 4.7
The model Assumption 4.7 p .
4.1-4.6 , ) E(Zimz;;,) finite Xim = X; forall m Xim = X; forall m
E(zimz;;,) finite ! .
! X;m = X; for allm X; = union of zj1, ..., Zim Zim = X; forall m
S (= Avar(g)) 4.1.11) “4.5.2) X @ E(x;x)) T ® E(xix;.) irrelevant
o~ ¥ -ly . v.y/ ¥ ~1y.v.x
3 4.32) (4.5.3) _ 2@ (LX) _Z® T Exix) irrelevant
¥ from 2SLS residuals ¥ from OLS residuals
3(§_1) no simplification no simplification ) (4.5.12) ‘ 4.5.12) equation-by-equation
with (4.5.13), (4.5.14) with (4.5.13'), (4.5.14) OLS
Avar3S1)) (4.3.3) (43.3) @5.15) (@.5.15) OLS formula
| with (4.5.16) with (4.5.16")
Avar3S1)) (4.3.4) (4.3.4) @.5.17) (4.5.17) OLS formula
| with (4.5.13) with (4.5.13)
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