240D Fall 2005 Solutions to Final Exam

1.(a) Suppose for model y; = exp(x;3) + u; we have E[u;|x;] # 0 but E[u;|z;] =0

Then Elz;u;] = Elzi(y; — exp(x,8))] =

There are m equations in only & unknowns (as m > k) so the model is overidentified.

This is a GMM setting so we minimize a quadratic form.

For this question the weighting matrix is the identity matrix and we minimize @)y (3) given in the
question.

(b) Differentiating yields

00D (2 (L utn-enixp))
59

Cancelling out the scalar multiple —2 gives the f.o.c. in part (b).
(c) Part (b) upon multiplication by v/N becomes
1 -~ 1 ~
N ZZ exp(x]B)xz, x VN Z z;(y; — exp(x;8)) = 0
orGN( ) x VNgn(B) = 0,
where Gy (8) = N7 32, exp(x;B)xiz; and gx(8) = N 32, zi(y; — exp(x;B).

(d) By an exact first-order Taylor series expansion

~ ogn(B)| 5
gn(B) = gn(Bo) + —og . (B —Bo)

= gn(By) + Gn (BB - By).

(e) Substitute this back in (c).

Gy (B) x [VNex(8,) + Gw(8 WW o
= VN(B - B,) = [ V(BYGN(BY)] Gu(B)VNon(By)
%Gy Go] [0780]
2 N([GyGo] ' G}, SOGO (G)Go] ]
where we assume v Ngy(8,) N N[0,S,] and plim GN(ﬁ)

(f) No, unless Sy = pI;, for some multiple p.
Optimal GMM minimizes

where S % Sy. For this example and with heteroskedastic errors S = > iz,



2.(a) In general for binary data

Ly(B) =TT, f(w:) = XiIn f(y:) = >, Infpy (1 — pi)¥] = 3, [y lnp; + (1 — g:) In(1 — py)].
Here p; = ®(x}8) = ®; since probit model.

Substituting and using ®'(x,3) = ¢(x;8) = ¢, gives f.o.c.

Yi L=y
E z'cI)iQsZX + 1—(I)Z¢IX

This is an adequate answer. It simplifies to ) _, %qﬁixi = 0.
(b) Pr(y =1) = ®(8, + B5x), so the marginal effect

0Pr(y =1)
Ox

when evaluated at the sample mean z = 0.3.

(C) PI‘[yl = 1] = Pl"[Uil > Ulo] = Pl"[X;,@l + &1 > X;,Bo + 62‘0] = Pr[(Eio — 5i1) < X;(,@l—ﬁo)].
Here g;; — g0 ~ N0, 2] since €9 and ¢;; are iid N[0, 1].
[Formally V[(‘Eil — 81'0] = V[521]+ V[(‘Eio] — QCOV[gio,Sil] =14+1-2x0= 2]

So
Pl"[% — 1] — Pr (€i1 - 52’0) S X;(BI_BO):| — @ (X;(/BI_BO)> ]
V2 V2 V2
(d) Let the ordered outcomes by y; = 1,2 and 3.
The latent variable is yf = x,3 + u;, where u; is logistic distributed.
Then In L = Hfil flyi) =22 In f(ys) = D2, In[plips; psd] = > v Inpus + yoi Inpa; + s In psy]
where y1;, y2;and ys3; are indicator variables with
p1i = Prly; = 1] = Pr[yf < aq] = Pr[x}B + u; < ay] = Prju; < oy — X,8] = Aoy — X3)
pai = Prly; = 2] = Prlon <y < agi] = Prly; < ag] — Prly; < ag] = Alae — xi8) — Alar — x;0)
p3i =1 —p1; —pau =1 — Ao — x;8)
If an intercept is included in x; then only one of a; and as are identified.
If an intercept is not included in x; then both a; and «y are identified.

= By0(B, 4 Box) = 0.20(0.4 + 0.22) = 0.2¢(1) = 0.2 x [(1/v/21)e~*"]0.048,

3.(a) We have
Elyld=1] =ExX'8+ad+¢|d=1]
=ExXB+ a+eld=1]
=x'B8+ a+Efeld =1]
=x'B8+a+ Efg|w~ +v >0
=x'B8+a+ Egjv > —w'y].
(b) Now suppose € = dv + u where u is independent of v and has mean zero
Elelv > —w'v] = E[év + ulv > —w'+]
= E[dv|v > —w'y] + E[ujv > —w'~]
= 0E[v|v > —w'y| + E[u] as u is independent of v
= 0E[v|v > —w'y] as E[u] =0
= 0p(w'y)/®(w'y)

where the last line uses the result given for censored standard normal. So

Elyld = 1] =x'B + o + dp(w'y)/P(W'y).



(c) From probit of d on w we get 4 and ¢p(w'v)/P(W'7).
Then for those with d =1 do OLS of y on x and ¢(w'%y)/®(w'7).

(d) No. x will also include an intercept with coefficient /3;, say. So cannot separately distinguish
between 3, and a.

[Aside: However, if we also have data on d = 1 then we can get similar expression for E[y|d = 0]
and estimate « using data on both those with d = 1 and those with d = 0.]

4.(a) The usual t or z test statistic is 5.664/1.741 = 3.253. This exceeds z 25 = 1.96 in absolute
value. So reject Hy.

(b) The bootstrap standard error is the standard deviation of B* which is 1.939.
This yields ¢t = 5.664/1.939 = 2.921. This exceeds z 25 = 1.96 in absolute value. So reject Hy.

(c) The bootstrap refinement is based on t* = (B* — B)/SE = (BZ —5.664)/1.741.
The 2.5 and 97.5 percentiles are -2.183 and 2.066 .
The original t-statistic of 3.253 falls outside these percentiles. So reject Hy.

5.(a)
Vit = 0 + X3 + €4
= Yi=a; +XB+E
= Vi — Ui = (X — X;)' B+ (e — &)
Do OLS on this equation

Ew = [Z Z(Xit — %) (%t — )_(i),] Z Z(Xz’t — %) (Yit — Ui)-

i=1 t=1 i=1 t=1

(b) Stack model as
yi = X;8 + &,
where y;, )N(, and €; have " entries y; — 7; and (x;; — X;) and (g5 — &;).

Then

N
By = [z xx] %5,
=1 =1

(c) By generalization of White (1980)
R N1ty oy !
v [ﬁw} - [Z XQXZ-] Y XEEX, [ X’X] ,
i=1 i=1 i=1

where gi is g; evaluated at B = Bw )

(d) No. It is consistent. But it is not fully efficient as this is the situation where the random
effects estimator is fully efficient.

(e) Yes. It is consistent. Furthermore it can be shown to be fully efficient in this situation.



The curve for this exam is only a guide. Course grade based on course score.

Scores out of 50

75th percentile 42 (84%)
Median 39 (78%)
25th percentile 38 (76%)

For course the curve is
A+ 92 and above

A 79 and above
A- 66 and above
B+ 53 and above

Comments on Exam

A 40 and above
A- 34 and above
B+ 28 and above

2. Very few got part 2(d) on ordered logit. I realize now that I did not cover this model in the
class, but it was on the reading list and it was part of assignment 4.

To not have too much weight placed on the ordered logit, I graded 2(d) out of 2 only; question 2
out of 10 not 12; and then added 2 points to get a score out of 50.

4. There was a typo. t; should have been t; = (BZ —5.664)/ St



