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Question 1:
This question is based on a statement made in Lecture Note 5. Consider the IV estimator of the form

By (1) = (fyzx)*l 2y

(1) Suppose that II 2 10y as n — oco. Provide the asymptotic distribution for v (f[) and the

asymptotic covariance matrix, say Ag.
Solution: We can rewrite the estimator as
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Assuming z;, x;, €; are i.i.d, we have that, by the weak law of large numbers, assuming the proper moment
conditions,
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By Slutsky’s theorem and the Mann-Wald theorem (combined and known as Jin’s theorem),
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By the central limit theorem for i.i.d. data, assuming the proper moment conditions, we have that
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Where V) = FE [ziai (zisi)/] =F [zzziaf] Once again invoking Slutsky’s theorem, we have
P - d
v (Bry (1) = 8) 4 N (0, 40)

Where
Ao = (I 2.0) ™ T VoIly (2L, 100)

(2) Suppose now that I Vo_lEzz, where V; and X, are defined in the lecture note. Provide the

asymptotic distribution for B v (f[) and the asymptotic covariance matrix, say A*.



Solution: Here, we have Iy = Volem. By the argument from part (1),
Vi (Bry (1) = 8) 4 N (0,4%)
Where
A= (L () Ba) S (V) Y e (LY )

= (ULVy'S)

(3) Show that the asymptotic covariance matrix in (1) is at least as large as the asymptotic covariance
matrix in (2) in the matrix sense, that is, show that Ag — A* is a positive definite matrix.

Solution: Recall that if A, B are positive semi-definite, we have that A — B is positive semi-definite if
and only if B~! — A~ is positive semi-definite. Let A = Ay and B = A*.
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Where C = ¥ 071/2 and D = V01/2H0. Thus, since W/'W is a positive semi-definite matrix, we have
that (A*)_1 - Ay 1 is positive semi-definite, and finally, we can conclude that Ag > A* in the matrix sense.



Question 2:
Consider the SUR model given by

yij = 2B+ ey, i=1,...,m; j=1,2,3,

with N
e "X D(0,%),

where ¢; = (5“752»2,51»3)/. Also, assume that E [z;;¢;] = 0 for j = 1,2,3. In the EXCEL file ps3q2.xls,
you are provided with the data for this problem set. There are 13 columns and 500 rows (i.e., observations)
in this file. The first three columns contain the data on y1,y2, and ys, respectively. The rest of the columns
contain the data on z1,...,219. In addition there is a matlab file called ps3q2.mat that contains the same
data in y1,y2,y3, and X.

Suppose now that the first equation has only x1,z9,x3, and x4 as explanatory variables, the second
equation has x5, xg, 7, and xg as explanatory variables, while the third equation has z1, xs, x5, xg, 9, and
T10 as explanatory variables.

(1) Provide the OLS estimate for the parameter vectors 3;, j = 1,2, 3.

Solution: Let

/
X, = [®a @i T3 2|

/

o= [ @5 wie mir Ts |

/
Xis = [2a w2 %5 T T Tio |

And stacking the variables,
Xia Xio Xis Yia Yio
Xl = 7X2 = : : 7Y1 = a)/Q :

A / /
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I

Our OLS estimates are therefore, using MATLAB,

[ 0.9897
1.0921
0.9505
0.9618

0.9872
0.9262
0.9983
1.0360

0.9836
1.0645
1.0269
0.8926
1.0550
1.0509
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2
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~OLS _
By = (X§X3) X4Ys =

(2) Provide a consistent estimate for 3 based on the regression estimates from (1).
Solution: Here, we have that
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The consistent estimator for this matrix is

~OLS ~OLS ~OLS
< %)1LS UIOQLS 0103LS
Y= 09 022 023
~OLS ~OLS AOLS
31 32 33

~OLS\' ~OLS
Where 6945 = 1 (Yi ~ X, ) (Yj — X5 ) Using MATLAB, we get

R 3.7251 0.0822 —0.1812
Y= 0.0822 3.5556  —0.1226
—-0.1812 —-0.1226 4.1731

(3) Provide the standard error estimates for each of the three vectors of coefficient estimates obtained
in (1).
Solution: Recall that the standard error estimates for the coeflicients are given by

(%) = o )7,

~OLS
Where 3;;  is the OLS estimate for the ith coefficient of the jth equation.
Using MATLAB, we thus have

se (Blofs) — 0.0464 ; se (3102“) — 0.0446 ; se (3?;5) — 0.0465 ; se (éff‘g) — 0.0453
se (Bffs) — 0.0428 ;se (BSQLS) — 0.0439 ; se (3;)3“) — 0.0419 ; se (BZLS) — 0.0427
se (B;LS) — 0.0497 : se (B?QLS) — 0.0477 : se (B%LS) — 0.0488 :

se (B?fs) — 0.0494 : se (Bfffs> — 0.0462 : se (BZ?GLS) — 0.0480

(4) Provide the GLS estimates of the parameter vectors B, 3 =1,2,3, using the estimate for ¥ obtained
in (2).
Solution: The variance-covariance matrix for the regression is

3 ® Is00
If we write our model as
Y1 X1 O 0 61 €1
Y, = 0 X O By | + | €2
Ki 0 0 X3 53 €3
Y = XpB+e¢
Our FGLS estimates will be
~FGLS
1 _
GOLS | = (X’ (2@1500)*1)() X' (9® Ise0) 'Y
. FGLS

3

Evaluating this expression in MATLAB gives us:

0.9842

0.9876 0.9859 1.0629

~FGLS | 1.0921 ~FGLS | 0.9271 ~FGLS | 1.0295
A T 09483 |0 2 ~ | 09970 | fs | 0.8895
0.9674 1.0380 1.0544

1.0529



(5) Provide the standard error estimates for each of the three vectors of coefficient estimates obtained
in (4).
Solution: As in part (2), estimate

6,FGLS &FGLS &P:GLS

]

) 11 12 13
$FGLS _ 6510LS a,gQGLS 6§3GLS
.FGLS ~FGLS A~FGLS
031 032 033
Where ) .
~FGLS ~FGLS ~FGLS
e Y, — X8,

Using MATLAB, we have:

A 3.7252  0.0842 —0.1844
NFGELS — | 0.0842  3.5556 —0.1235
—0.1844 —0.1235 4.1731

Defining the standard errors as in part (3), we have
~FGLS - _
Se (ﬂﬂ ) == \/Z%GLS [(X;X]) 1:|

Where BzLS is the OLS estimate for the ith coefficient of the jth equation.
Using MATLAB, we thus have

%

~FGLS ~FGLS ~FGLS ~FGLS
se (511 ) — 0.0464 ; se (512 ) = 0.0446 ; se (513 ) = 0.0465 ; se (ﬁM ) = 0.0453
~FGLS ~FGLS ~FGLS ~FGLS
se (521 ) = 0.0428 ;se (ﬂﬂ ) = 0.0439 ; se (ﬁ23 ) = 0.0419 ; se (ﬂM ) = 0.0427
~FGLS ~FGLS ~FGLS
se (,6’51 g ) = 0.0497 ; se (,6’52 g ) = 0.0477 ; se (53Fg ’ ) = 0.0488 ;
~FGLS ~FGLS ~FGLS
se (ﬂ34 ) — 0.0494 ; se (ﬂ35 ) = 0.0462 ; se (636 ) = 0.0480

(6) Briefly discuss the results obtained in (1) and (4) for the point estimates for 3, j = 1,2, 3.
Solution: The results in (1) and (4) are very similar.
(7) Briefly discuss the results obtained in (3) and (5) for the standard error estimates for 3;, j = 1,2, 3.

Solution: At the number of decimal points MATLAB has rounded off to, we do not see any difference
in the results for the standard error estimates. Presumably, since FGLS is more efficient than OLS asymp-
totically, we would expect that, with a large sample size (500 is probably sufficiently large), the standard
errors for the GLS estimators would be smaller than those for the OLS estimators.

(8) Suppose now that it was claimed that the coefficients on x; and x5 in the first and third regression
should be the same, and that the coefficients on z5 and x4 in the second and third equations should be the
same. Provide an estimate for all three parameter vectors that incorporate these constraints.

Solution: Here, insteading of writing our model as

Y, xf ay 25 2, 0O 0 0O O O O 0 0 0 O B4 €1

Y| = |0 0 0 0 2 2, 2, 25 0 0 0 0 0 0 By | + | e

Y3 0 0 0 0 O 0 0 0 i zf =zt =zz xy B €3
Y = XpB+e¢



we need only write our model as

Y xy x5 oz, 0 0 0 0 0 O
Y, = 0 0 0 0 af a5 2% zz 0 0 |[B+
Y3 p oz, 0 0 xf =z 0 0 axy =i

Y = Xfgfych

And compute 8 = (X'X)"' X’Y. MATLAB gives the following result:

0.9870

0.9870 1.0052 1.0782

~RB | 1.0782 ~R | 0.9072 ~B | 1.0052
b = 0.9576 |’ Bz = 0.9978 |’ Py = 0.9072
0.9673 1.0381 1.0510

1.0472

(9) Test the hypothesis of the claims made in (8).
Solution: To test the hypothesis

Hy: 51,1 = 53,17 51,2 = 53,27 ﬂz,s = ﬂg,sa 52,6 = 53,6
I will use the following test statistic:

Al A ~l ~ k
_ERER_EUREUR n —

F ——
EUREUR p
Where
A ~ R\’ ~R
dep = (Y—XRB ) (Y—XRB )
tvréur = (MxY) (MxY)
n = 500
kK = 14
p = 4

Using MATLAB to compute this F' statistic,
F =0.0598

Since
€5.05,F (4,486) = 2-39
We have that
F = 0.0598 < 2.39 = ¢ 5. p(4.456)

And we therefore fail to reject the null hypothesis.

€1
£2
€3



Question 3 (question 5, in Greene, page 423):
Consider the following model:

Yii = Y1Y2i + B11T15 + €145
Y2i = YoW1i + BooTa; + B3a3i + €2;.

All variables are measured as deviations from their means. The sample of 25 observations produces the
following matrix of sums of squares and cross products:

Y Y2 T1 T2 T3

yi [20 6 4 3 5
v | 6 10 3 6 7
x| 4 3 5 2 3
s | 3 6 2 10 8
z3 | 5 7 3 8 15

(1) Estimate the two equations by OLS.
Solution: Rewriting the two equations in a manner more amenable to OLS,

i = [V Xl}{gﬂﬂl
Y2

Y, = [V1 Xo X3 ]| By | +e
Bsa

First, estimating the first equation, we have that

(5] = (R ]es = {3

RACERESE }1[ Y3Yy ]

XY XX X
(10 3776 B
T3 5 4] | =
Similarly, for the second equation,
A [ vy Y
ﬂ32 L Xé Xé
VYT YiX, YiXs ][ YYa
= | Xtvi XiXo XhXs XY,
| X4y XIXo X4Xs X4Y,
- -1
20 3 5 6 2=
= 3 10 8 6 | = é%
| 5 8 15 7 2L

(2) Estimate the parameters of the two equations by 2SLS. Also, estimate the asymptotic covariance
matrix of the 2SLS estimates.

Solution:
Equation 1: Step 1: Regress all the right-hand side variables W = [ Yo Xi ] on all the exogenous

variables Z = [ X; X2 Xj3 ] and obtain estimates for the right-hand side variables w.

W=2z(22""2W



Step 2: Estimate, using OLS, the parameters { gl } of the model in which we replace the right-hand
11

side variables with the estimates from step 1. That is, estimate [ il } for

B

3 71
Yi=W
1 [511]+€

The estimator is

{ ﬁ1,2SLs } _ (W/W>7 W'Y1
Bi1,25Ls
-1
- (Wz@z) ' 722 2w) Wz(Z'2) 7
-1
_ ((Z’W)’ (z'z)™" Z’W) (ZWY (2'2)"" Z'vy
X! ' T X
= X, [ [Ya Xi] Xy [ X X X3 ] Xy | [Ya Xi]
X} X} Xs
X! ' XY
Xy | [V Xi] Xy [ X X X3 ] Xhy;
X} X} X3Y1 |
-1
X, xix, VT XX XX, XX ] X XIX,
= XoYs X5Xy X5Xi XoXo X5X3 XoYs X5Xy
X4, XiX, XiX, XiXo X4X, XLy X4X,
Xy, X{x; ][ XiXi XX X{X; ][ Xin
XoYs XXy X5X1 X5Xo X5X3 XoY
XLy X4X, X4X, XiXo X4Xs X5V,
5 2 37773 57\ 5 2 377'[4
:[25;}2108 6 2 {22;]2108 3
3 8 15 7 3 3 8 15 5
@
(g
667
Finally, for the estimated variance-covariance matrix of [ J1.25L5 } , note that
11,2SLS
) L
Var([ J1.2sLs ”W,Z) - Var((W'W) W'Y W,Z>
B11.25Ls

= (W) W var (v w2y W ()

If we assume conditional homoskedasticity, we have
Var ( { Y1,25LS HW’Z>
Bi1,25Ls

1,251 o (v
Var N = o (WW
(o ]) = o)

I
Q
[\v]
—
%\)
§>
SN—
|



Since this is not feasible, we estimate it using

—

%,QSLS A2 e\ 7L
var ([ 51, ]) = otus ()

Where
. 1 y ’ 3
Ugsw _ = <Y1—W{ T1,25L8 }) (Yl—W[ T1,28Ls ])
n /811,2SLS /611,28LS
1 . X .
= = <Y1/Yl - 2Y1/W[ J125L8 } + [ Y1,250s Bii2sLs ]W/W { J1,25L8 })
n 511,25Ls ﬂll,ZSLS
Yllyl —2[ YYYQ YYXI ] |: :Yl’QSLS :|
= 1 11,2SLS |
25 +{ 5 B } [ Y32 YiXa } { J1,25Ls }
1,2SLS 11,2SLS X{yz Xin ﬁll,?SLS
1 i 10 3 ][ 28
st [ ]t 20 [22][)
667 667
6788976.
= ———— ~0.6104
11122225 0.610
Also,
1 -1
-1 3 6 7 5 2 3 3 5
() = Sy g |2 1008 6 2
3 8 15 7T 3
235 _ 141
- | i ]
667 667
Therefore, the estimated variance-covariance matrix is
N 2 A, a1
Vo= 6sus (W)
235 141
— ooi01| S |
T 667 667

B 0.21561  —0.1290
- —0.1290  0.1995

Equation 2: Step 1: Regress all the right-hand side variables W = [ Yi Xo X3 ] on all the
exogenous variables Z = [ X1 X X3 ] and obtain estimates for the right-hand side variables w.

W=2z(22""2W

Y2
Step 2: Estimate, using OLS, the parameters | (55 | of the model in which we replace the right-hand

B3z
72
side variables with the estimates from step 1. That is, estimate | [y, | for
B3z
~ V2
Yo=W | By | +e
B3z



The estimator is

Y2,25LS
@22,2SL5
/632,2,SLS

Here, we have that

Z'wW =

Putting this all together,

() iy,

((Z’W)’ (Z'2) 7222 2)" Z’W) w22 2

((Z’W)’ (z'z)"! Z’W) L awy (z 2t 2y,

[ X X1V X|Xs X|Xs
Xy | [ Xo X3 |=| XoY1 X5Xo X5X3
_Xé XiYh X5Xo XiXs
(4 2 3
3 10 8
|5 8 15
[ X X|X, XX X|Xs
Xy | [ X1 Xo X3 |=| X5X1 X5Xo X5Xs
_Xé XiX: XiXo XiXs
5 2 3
2 10 8
|3 8 15
XY, 3
Z'Yo=| X5Ys | =| 6
XY 7

V2,251 L —1 1
Broasis | = (@W) (Z2)" z2w) (zW) (22) 2V
B3225Ls
~1
4 3 5 5 2 3174 2 3
= 2 10 8 2 10 8 3 10 8
3 8 15 3 8 15 5 8 15
4 3 5 5 2 37°°[3
2 10 8 2 10 8 6
3 8 15 3 8 15 7
31
_ | &
= 128
64
Y2,25L8
Finally, for the estimated variance-covariance matrix of | 8555555 |, note that
B3225Ls
:S/Q,QSLS N —1
Var | | Bososzs || W 2] = Var<(W’W) W'Ys W,Z>
B3225Ls

= () WVar (vi| W, 2) W (wa)‘l

10



If we assume conditional homoskedasticity, we have

Va

Y2,25L8

T @22,25LS

W, Z

Bs22sLs

Var

Y2,28LS
@22,2SLS
532,2SLS

Since this is not feasible, we estimate it using

:72,25LS , RN
Var B22,25L5 = 053518 (W/W>
B32,25Ls
Where
~ / ~
, 1 V2,25LS Y2,25LS
C}QSLS = ﬁ Yo—-W @QQ,QSLS Yo—W @22,2SLS
Bsz,25Ls Bs2,25Ls
ﬁz,zsLs X R :AVQQSLS
= - Y2/Y2_2Yz/W @22,2SLS +{’72,25LS BQQ,QSLS ﬁ32,25LS w'w @22,2SLS
Bs2,25Ls Bs225Ls
?2,2SLS
YViY, —2[ YaV1 YiXy, Y{X3 | B2225Ls
= Bsz2sLs R
25 . A Yl/Yl Y{XQ Y{Xd :72,2SLS
+[%,2SLS Baz2sLs ﬂB?QSLS} XoY1 XoXo X5X3 @22,25Ls
XgY1 X3Xp X3Xs Bsz25Ls
& 20 3 5 ol
1 9 31 47 7 4
=%10—2[667}@+[@@a 3 10 8 2L
51 5 8 15 a1
10993
= —— ~0.2684
40960
Also,
—1 -1
-1 4 3 5 5 2 3 4 2 3
(W’W) - 2 10 8 2 10 8 3 10 8
3 8 15 3 8 15 5 8 15
2021 _ 235 _ 611
_ | fes Sme Ty
THE B
L ~ 1096 8192 4096
Therefore, the estimated variance-covariance matrix is
A 9 aooa\ 1
Vo= o3sus (W)
2021. _ 235 611
40965 %égZ 409
= 02684 | -5 T —ios
_e 08 &
1096 8192 4096
0.1324 —0.0077 —0.0400
= —0.0077 0.0473  —0.0226
—0.0400 —0.0226 0.0433

11



(3) Obtain the LIML estimates of the parameters of the first equation.
Solution: The LIML estimates for the first equation can be computed as follows:

Wy = EY'E}
Where we define

Y10 = [ Y Y2 ]
E? = Mlelo = |:I — X1 ($/1£C1)71 5[,'/1:| Ylo
= [y -z @2) 2y e — a1 (2z) 2y |
[ y1— Puyr y2— Poyye |
= [ ]

This gives us:

WO_ 8?/8(1) 59/88
- 50/60 80/60
2°¢1 2 <2

Additonally, define

Wl =EVEL =YY [I —xX(x'x)" X’} Y0

Where
El = MyY? = [I—X(X’X)*X’} Y0
[ - X (X'X)' X o= X (X'X) ' X"y, |
= [wm—Pxy y2—Pxyz |
= [ & ]
And

X:[xl X2 xg]

Therefore, we obtain

1 — 17 .1 171

.1 1.1
W1{5151 5152}
€381 &3¢&9

Additionally, we need to define following eigenvalues

A1 = smallest characteristic root of (VVll)_1 wy

The estimator is then

’3’1,LIML = [(53/58) -\ (5;53)]_1 [5[1)’5(2J -\ (5%15%)}
Bl,LIML = (95/1951)71 1’/1 (Z/l - y2:71,LIML)

Using MATLAB, we get

A pmip = 0.3671
Bipmr = 0.5797

12



(4) Estimate the two equations by 3SLS.
Solution: In order to estimates the two equations by 3SLS we first need to estimate the variance-
covariance matrix using the coefficient estimates we acquired in part (2):

. Llgle, Léle
- [§ 4]
1Al A 1Al A
55251 55252
From part (2), we have that
1
~gh2; = 06104
n
1
~ghéy = 0.2684
n
We need only calculate 122,
1 1 A asLs ! V2,25LS
—gley = = (Yl - { J1,25L }) Yo —Wa | Basosrs
" " 11,25L8 332 2SLS
. ﬁms;:s
YiYs — { Y2508 Piieses ]W{Y2 - Y{Ws @22,25Ls
_ 1 A B32,25Ls
n A V2,25LS
+ { Y2508 Bi12sLs } WiWs @22,2SLS
Bs2.25Ls
A YiY, 72,2518
YiYz — { Yi2srs  Puizses ] [ X2£y2 ] - [ Y VX, VX3 ] Bazsis
= 1 R Bs2.25Ls
n +[ A R } Y VX YiXs g2,QSLS
Y1,2SLS 511,2SLS X{Y1 X{Xz X{Xg ¥22,25LS
Bs2,25Ls
31
10 i
246 386
NEN NERERERIE:
_ 2% g b o
L[ 28 36 [ 66 7 } pid
667 667 4 2 3 18
64
585449
—— ~ —0.274
2134400 0.2743
This gives us
o 0.6104 —0.2743
| —0.2743  0.2684
Now lets define the following variables:
Y2 X1 0 0 _ Xl 0 o Y1
X {0 Oyl 22 1’3:|_|:0 Xo ’Y_Yz
7 X1 2 0 0 0 o Z1 0 o= a1
0 r1 X2 I3 - 0 Z2 ’ o (%)
V = L®I,
X = X'zZ'2)7' 2 =X'P,



A -1
Then we can express the 3SLS estimator for a by:aszsrs = (X’V_1X> X'V-ly

After defining each element, we can find the estimator:

vl = S'wl,
r ~11 ~12
5]_1 _ g o
I (3'21 5_22

-y = sMXIX, 6VX|X,

T 6PXLX, 672 XX,
[ GUXI 20 (Z120) 20Xy 62X 20 (20 20) T 7] Xy
| 62X 20 (Z)20) T 20Xy 672X 20 (Z20) T 7] Xy

r ~11 v/

S o X1y
Xvly = &22)2}1]_{
L 2Y2

1 X12,(212:) 7 Ziy
X320 (23 70) " Ziys

Finally we obtain the 3SLS estimate, for which I used MATLAB:

Y1,35LS 0.36882
511,3SLS 0.57871
Q35LS = sz,gsLs = | 0.47151
Ba235L8 0.3104
Baz.35Ls 0.16439

(5) Estimate the reduced-form coefficient matrix by OLS, and indirectly by using the structural estimates
from part (2).
Solution: Solving for the reduced-form equations,
Yi = Yoy + Xufp + &
| Y17y + Xof9 + X303; + €2

Yi = (Yivyy + XoBgy + X3850 +2) 71 + X1811 + €1
= Y1771 + Xofoov1 + X383971 + X181y + €1 + €27y

Yi(1=7172) = Xoforyy + X3B3071 + X184y +e1 + €27y
Y, = X, B11 X, Baov1 + X, Baa1 4 €1+ €27,
T—=7172 T—=7172 T=7172 1=7v179
And
. €1t+e
Y, = <X2 Baam1 T Xs Bsam1 X, B + 1 271)72+X2622+X3[332+52
1 =717 1 =717 1 =717 T =179
15 +e
— X, B22V172 + X, B327172 + X, B1172 n 172 27172 + X999 + X3859 + €2
1 =179 T =179 1 =179 1 =179
5 +e€
- X, B1172 1 X, <622’7172 +522> + Xs <53271’Yz +532> T 172 27172 Ty
L =717 T—7172 =717 L=
£ +e€
- X B1172 + X, Bao X Bsa + 172 2
=717, T—717 =717 1 =717
That is,
€1+¢
v, = X, B11 + X, BasV1 + X B2 + 1 271
T =717 T =717 T =717 =77,
Y, = X, B1172 X Bas Bz €172 + €2

2 + X3
T =717 T =717 T =717 T =77,

14



Yi = Xymi+ Xomio + Xamiz +ug
Yo = Xymo + Xomao + X3mag + us

Estimating equation 1 using OLS,

1 X} b'd
fp | = X5 | [ X1 Xo X3 ] X5 v
#1s X X
(XX, X/Xo X(X3 ][ Xiv
— | X0Xi X4Xo XX X4
| X4X1 XEXs XX, X4v
(5 2 371°'[4 32
= |2 10 8 3= &
|3 8 15 5 =

Estimating equation 1 using the estimates from (2) for the structural model,

B G
7?'11 = — = =~ 0.7046
1=9% 1-28-%
) B4 47 | 246
Fig = 172%7{ = 128 56T ~0.1649
T172 667 64
A 4 7. 246
Ty = lﬁ_ 201 B 66T 0.0491
7172 667 64
Estimating equation 2 using OLS,
a1 X} Xy
s | = X[ X0 X Xs ] X | v,
o3 X4 X4
[ XX, X/Xo X!X;7'[ XV
- | XJX XJXe X)X X4Ys
| X4X, X4X, X)X X1Y;
(5 2 371 '[3 &
= 2 10 8 6 | = %
3 8 15 7 bt

Estimating equation 2 using the estimates from (2) for the structural model,

311:72 ggg ) %
o1 = 1_/\ — = 1_246.ﬂ z03413
Y172 667 ~ 64
322 14278
ﬁQQ = — Y = ~ 0.4471
1=419, 1-2%.%
B o
T23 = = 21651 ~ 0.1332

L=%% 1-G7 5

Quite surprisingly, the estimates of the reduced form parameters derived from the estimations of the
structural model are not very close to the OLS estimates.
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