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1. These exercises show estimators which attain the Cramer-Rao lower bound.
(i). Let z1,....,z, be a random sample of size n from a Poisson distribution with pa.ra-] /
meter We are going to show that the MLE of A attains the Cramer-Rao bound.{__
First, we nced to show the entire expression of the lower bound of Cramer-Rao.
Let’s begin with the expression in the har{gipug‘;'
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Where C is positive definite. And __ha‘lééﬁ) I-1(6) -—6\1:91(99) is the Cramer-Rao bound.
: If C =0 then: ‘
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But in general T
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as states in Theorem 7.3.9 of Casella and Berger (CB). In some texts is common
to define the Cramer-Rao as follows
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Where 6 is an unbiased estimator and f is the true vector of parameter, thus

we evaluate E %%filgo in the true vector of parameters (see Chumacero 2003 and
o (f) .
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Mittlehammer, et. al. 2000). Where if the estimators are unbiased so

identity matrix, in this case V attains the Cramer-Rao bound. Constructing and
getting 7 (@) in terms of the problem:
y

where A refers to the true vector of parameters. We know that:
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Log-linearizing the above expression, we have:

N
log L = Z:}:ilog)\— n; — log z;!

i

And by taking the first and second derivatives:
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And the estimiorﬁ A is given by A= ‘T First at all, we need to know if the

estinTator is ﬁn‘mase Or not, so

7o) - e

= F(z;)

so, taking expectations to z

o0 A%
E(z) = Z-Ti‘;“i'exl)(_/\)
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= )\Z )
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Here you need to note that we refer to x; = 7. So we can conclude that: £ (5\) =
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E (z) = A. The above can be demonstrated in an elegant way as well:

Ez) = Z x,i—x; exp (—A)
i=0 v
g\f“" 9 N
(V\f\}\f‘ \ = VT
’—\_/ ) _ oo /\_1.‘ y B _
Fran P32 ‘oY=

And now for the variance:
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In the appendix we sho?vfan elegant (and matricial) way to derive V ()\) = 1—11)\. The
last equation is demonstrated as follows:

vy = E(3-BW)
- (-
2
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(ii).

As follows we demonstrate which E (z)? is equal to:

o0

> @) 2 exp (-

=0

E{z)® =

= Z wimix_i! exp (= A)
=0

> ATi-1
) Agmi (z: — 1)! exp (=)

oo AT 00 AT
= A(gmix—i!exp(—/\)+§$—i!exp(—)\))
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Given the last expression, we can conclude that:

V() E (z)? - A?
= M4a-X
A
SoI7' @<V
&log L Z Ty E(x;) A 1
1(9)__5( DA x) _E( 2o TTE TR
So: \
—1 —
re=2:
here we use A and A as the true value of parameter.
Let’s begin with the linear function
Y=Xf+¢
where:
5 11 Zi2 Tk B €1
7 T21 T Ba £2
y= . , X = , 8= : , E= :
n Inl Tn2 Tnk 6}&: En
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Assume that z;;’s are nonstochastic and € ~ N (0,0%I). Let 3 be the MLE of where
8 = (3,0%) .Does S attain the Cramer-Rao bound?. Now againg, we need to check
out if the estimators are unbiased or not:

P(2)6) = ﬁexp (-%)

We have that the likelihood is given by:
1 \" £?
1= (7o) = (-Za1)

And now, by taking logarithm: ok

2
&i

1
lOgL— nlog (-——2'\/_#_?) —Z—z'a_—z

'
log L = —nlog (\/ 21r02) - 25—6

o2

And matricial terms:

By knowing that e ~ N(0,02I) and replacing this into the last equation, therefore:

logL = —nlog{Varo?) - L =XB (¥ — X6)

202
YY-Y'XB-BXY + B’X’Xﬁ)
I
= n]og( Prides ) 553
YY-YXB-BXY +8X'XB
= -—nlog (v21ra'2) - ( . )
242
By taking first derivates, we have that:
dlog L (-2v'X +28'X°X)
5~ 507 =0or
dlog L (-2x'y +2x'xp)
- 202 =0
dlogl _ _n (¥ -XB) (Y - XB) _ o
80?2 202 204 -

So by reﬁlacing the estimators, we have the following expressions:
B = (XX)'x'vy
PR, -
. (Y -xB) (v-xB) o

a = =
n
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Are they unbiased?, let’s see;

g = (X ) X' (XB+e)
(x'x)"'x Xﬁ + (X X)X’
B+

( )
Ef(e)

o/
e
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S
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Where we must take into_account the k degrees of freedom of & and we see that 52
is a biased estimator, and on the other hand 3 is unbiased, but asymptotically they
are unbiased and consistent. Now getting:

_ log L
I6)=-E ( 8000’

)

We get the hessian as follows:
8% log L
apap’
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Where the inverse of the information matrix is given by:

ro- (e () - [0 ]

08068’
We show the variances of the parameters are defined as follows;

v(e) = 5(p-5)(F-0) ’
= (X'x)7 X'E (@)X (x'x)7
= (x'X)7 xi{e%) X (x'X) 7"
= S2(X'x)

where I is an identity matrix. In the case of o we have the following (see CB
appendix and verify that the variance of a chi-square variahble is 2p where p is the
degrees of freedom);
afa
- é
v (02) =2 (2)

n

ey - L)
n?/ (a?)
2(n—k)o?

n2
But, we need to show the variance of some unbiased estimator and do the comparison
with the Cramer-Rao bound. Thus, considering the bias-correction in (2)

afa

_~— EE
V(e*) = — (3)
- Vv (é'é‘/az)
V(E) = —
@) (n—k)?/ (0?)?
_ 2(n—-k)o*
(k)7
V(EY) = ngi

Thus, V (52) = ;12{—45 > 2{;, that means that & does not attain the Cramer-Rao

lower bound (CRLB), in fact no unbiased estimator for 0% attains this lower bound.
On the other hand the estimators § attain the CRLB. (see Chumacero, 2003).

2. Ac¢cording to wikipedia, in this exercise the phone calls arrive at a Poisson realization
.and at an average rate of A per minute. This rate is not observable, but the numbers X1,
..., Xn of phone calls that arrived during n successive one-minute periods are observed. It

is desired to estimate the probability e that the next one-minute period passes with no

7
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o
1)

phone calls. Wikipedia says that an extremely crude estimator of the desired probability
is

s _ 1 ifX1=0
7 0 ifX;>0
i.e E(bg) = Pr(dp=1) = Pr(X;=0). In fact Pr(z; =0|A) = 5-—8{\—0 = ¢~ *.We know |

that a 37 z; is a sufficient statistic for estimate X;"this because >_7* #; = nA. We construct
61 = E[60|Sn) is binomial, where Sy, = 37 z;. In those terms Pr (§o,= 1|S,) is equivalent
to Pr(z1 = 0|S,). Thus we have that z,]S, Binomial (S,,1). So,

\_\

_ (%)WU—H&
0+ ).

(1= P)5n

Pr (zy = 0/5,)

We know that P = L, thus we have Pr(z) = 0|5,) = (1- %)S" =(1- %)"’\. Since the
average number of calls arriving during the first » minutes is nA, we have

. In this question we use estiaméj_ons using logistic and normality assumptions.

(i). Let us use the radiotherapy data to estimate the logit and probit models. The binary
choice model in latent variable representation is specified by the following model

Y=Xf+¢
‘We show the estimations in the following table:

Table 3.1 Final Report
{convergence criteria le-5)

Probit

Algorithm  Logit

Conv/Non-conv  #lter Conv/Non-conv #lter

1 3.8192,-0.0865 2418  2.3017,-0.0522 1400

O'} \va"‘ 2 3.8194,-0.0865 951  2.3018,-0.0522 290

3 3.8192,-0.0865 2251 2.3017,-0.0522 1091

(L,a g \a L,\g 4 3.8194,-0.0865 3 2.3018,-0.0522 3
5 3.8192,-0.0865 2535  2.3017,-0.0522 1163

6 3.8193,-0.0865 2274 2.3017,-0.0522 1206

7 3.8194,-0.0865* 48 2.3018,-0.0522* 29

8 3.8194,-0.0865 13 2.3018,-0.0522 31

o

Cen V9T

—

Note 1. Algorithm: 1 (steep}, 2 (BFGS) , 3 (DFF), 4 (Newton-Raphson), 5 (BHHH)

(/}' A
5-8), & (DFP-8C)..
verge under rg USS5 code=0 (notinal convergence),
Numbet mum of iteration was fixed 1o 3000 iv arder to sveid possible divergences

Note 3: the starting values for BF(QS-5 were fixed to 0.20 and -0.005.
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(ii). Of course the coefficients of covariates z;;’s of the logit model do not directly com-
pare to the coefficients of covariates z;’s of the probit model. To make them compa-
rable, the marginal effects are computed. We derive the marginal effect; the logistic
function is (see CB appendix):

1 0 e~ (zf-u)8
f (-’rﬁl.u" a‘) = [l + e—(Iﬁ—p)ﬂ]z

In our case we simplify the expression fixing & = 0 and ¢ = 1. Then, we construct
the probability function

»

d _ e-.-; e—a:ﬂ d
Jreme = [
1

hen the marginal effect is computed as follows:

aF(Iﬁ) _ 1 -z
Oz T+ e—Iﬁ)Ze g
e e=*#

¥ ey’

= f(z6) B

In the case of the probabilistic function using a normal distribution we have the
same above steps and we define the marginal effects as follows:

OF (z8) _
or
where A is the normal distribution function. We report in the following table (%)

The marginal effect evaluated at the sample mean of x;;’s, (i) The mean of the
marginal effects of z;;’s.

A(zp)- B

Table 3.1: Marginal Effects in Logit and Probit models

Marginal Effect Logit Modgl  Probit Model
At the sample mean of z; -0,0207 -D\0202
Mean of 7j;; -0.0170 -0.0172
Median of 7;; -0.0175 -0.0177
Max of 7; -0.0091 -0.0101
Min of ‘ﬁij -0.0216 -0.6208

As we see in table 3.1 the marginal effects are similar across methods, we include
statistics for the median, maximum and minimum values of »;; for having an idea
of the ddistribution of 7;; in the sample. The mean and the median are similar but
they are greater than the marginal effect evaluated at the sample mean, the range
of the n;; across sample goes from —0.010 to —0.020, precisely the lower bound is
close to the marginal effect evaluated at the sample mean.

9
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4. We generate n = 1,000 random numbers from the Gamma(2,37!) distribution with the
density function We report the following;

(i). We get the log-likelihood function in the following steps (we assume independence
between realizations)
/\axa—le—/\z
['(e)
N A“:c?_le_’\“"

N
gf(mila:’\) = H [\(Q)

i=1"

flzla,A) =

d /\“x?_le‘)“"*
[ (a)

]

N
log [ f(zilewd) = log
=1

i=]

finally
logL = nalogh+ (o — I)ZI()g:ri - ,\Zm; —nl(a)

(ii). In graph 4.1 we show the gamma distribution with parameters & =2 and A = 3.

Histogram of Goammao{Z.37=1) distribyticn
A

- K S 4 B

i Froquengy

 ECI 1]

z
2

I

we calculate the exact mean-as follows:

0 yapa-lo-hz
E{z) = f 22 gr
0

g
o
&
5}
B3
-
+
-
@
g
o
N
N

2.6 3.2

I (@)
00 )OO, —AT
_ /‘ A%x%e da
o T
using the following rule wvlg® = fom udv 4+ f(;” vdu, being in our case u = ﬁ%m"‘ and
dv=e
0 \apog=AT A& gemAT o A®
___d — T e _ -z a—1 4
fo @ ¥ T T@ = 0 +)\f[‘(a)e z )
A :r:‘"e"‘“loo -
T T(e) -x T

10
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evaluating the limits in the following expression:

a o, —AT a-1 70 a—-1 o
T = T =
F(a) -2 ' (o) el I'(a) et
applying H'opital
/\a—l o Aa—l P /\a—l ara-—l

| = lim —

T (a) e zco T (a) e)° T eme0 T (a) Aer=
. X la(a—1)z*2
= lim —
gz—oo I’ (a)l Aerx

replacing the value of parameters we have W

/\a—l " |00 - lm q2-19 (2 _ 1) ri—2
' (a) e © z=oe [(2) 3edx
=0
thus we have
oo /\amae—/\z o
f K.

In the case of the (raw) s_ggohd moment

‘ 0o Acxma-le-,\x
2y _ 2
E(m)—/o m_I‘(a) dz

using the following rule wo|P = f;° udv + [ vdu, being in our case u = F)‘(%jx"“
and dv =e~

/~ )\a a+1 —,\xd Aa $°+1e- (a+1) /00 Pl
0

— —AZ, .
= T@ - l8° + 3 I1(&)(3 z%dr

Using the result in (4) and evaluating the first right-side expression at limit equal
to infinity

foo A potlg—Az . - A2 ma-l—le—r\xloo (a+1)2
0 T (a) T T{a) -x 1° XA
la+la

A
the variance is E (z?) — [E (z)]?, then:

V() = E(a*)-[E @)
fa+1)a a2
- e ()

) X

«
A2

The exact mean and variance are % and % respectively.

11
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(iii). The sample mean and standard deviation of data are 0.646 = % and 0.46 ~ \/g

(iv). The estimates and asymptotic standard errors of & and A are

Table 4.1

——a___\)
point estimateswg\&lﬁﬁ
standard errors 0.08 Oa.

(v). The algorithm I chose was the Newton-Raphson and I found solution in just 7
iterations (see the GAUSS code in the z}gper_]dix).
* W
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1 Appendix

1.1 Question 2.(a): An elegant way
We have the following

~ XN
=2t
n
the square of the estimator is -
~ XX
T n on
we can express the above identity as g
aé":‘ P
ot XHEX R
AN = ——
n n
e} X’JX
W= 2
T

where J = i’. Then, if we take expectations
1
E(3X) = B(X'JX) =
n
Using trace properties and doing some algebra
2

trE (Xﬁﬁ = trE (X'JX) ni

n 2
E(3X) = E(er(X'UX)) %
= B(sxr(XX'))
Using the interchangeable property between trace and expectation
E(A) = w(B(XX) % (5)
= w(J E(XX))

In this case B (X X') is

E(z}) E(mz2) E(mizs) ... E(z12za)
E(zem1) E (sc%) E(zex3) ... E(raxn)
E(XX')= | E(zsz1) E(zszs) E(23) ... E(z3za)
E (3:,,:1:1) E (:1’,'71:1’:2) E (In:r;;) Ve E ("EE@)
replacing by the known values
Ara A A2
PLED LTS NP SO
E(xx)=| » ) T (6)
AZ A2 A AT

13
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Then we replace matrix in (6) into tr (J - E (X X)) ;17 and perform the product J - E (X X')
J E(XX') = (n\+2A) Inxn

thus
E(’X’X’) = u-(('.:m2+,\)-In,ﬂ,,,);ll—2 ‘
1
= (X’ +3)
E(Y) = A2+—:- -

1.2 Question 3: GAUSS code

f*****************#*************************************************
Assignment 8
MLE of Logit model (Tanner p.14) also we add
probit model---
Program: c:\ec506\logitprob.pro@
code made by Professor Tsurumi bu? modified by Freddy Rojas Cama
********************#*******?@t*************************************/
new; ¥
library maxlik, pgraph;
#include maxlik.ext;
cls;

// Loading data

load z[24,21=C:\Users\Maro\Desktop\assignment_8\logit.dat;

// path where I save results

chDir C:\Users\Maro\Desktop\assignment_8;
path="C:\Users\Maro\Desktop\assignment_8" ;

// In this gquestion we need to

// Setting up the algorithm for seeking a local maximum

// Algorithm: =1 (steep) =2 (BFGS) =3 (DFP) =4 (Newton-Raphson)
// =5 (BHHH) =6 (PRCG) =7 (BFGS-S) =8 (DFP-8C)

maxset;

_max_Algorithm=4;

//_max_Algorithm=7;

_.output=1; /¥===If O, print out of each iteration is supressed;

if 1, print out of each iteration is given. =======x/
/#====MLE of logit and probit models using MAXLIK====;=*/
y=z[.,2];
n=rows(y);

x=cnes(n,1)~z[.,1];
/* logit & probit =*/

14
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yX=yTX;

k=cols(x);

start=y/x; /*===using OLS as the initial valaues ====x/
start_set=seqa(start[1],0.2,10) “seqa(start[2],0.2,10);
print;

print "Logit Model ";

=1

do while j <= B;

if j==5;

J=i*1; .

endif; “ow o
maxset;

-max_Algorithm=j;

_max_GradTol=1le-5;

_max_MaxIters=3000;

//_max_LlineSearch=5; //BHHH step

__output=0; /#===If {, print out of each iteration is supressed;

if 1, print out of each iteration is given. =======%/
field = 1;
prec = 0; 2

fmat = "%*.*1f"; 1

zz = ftos(j,fmat,field,prec);
max_al="Logit_algorithm_" §+ zz;

output fi1é=‘max_al reset;

--title="MLE Logit using " $+ zz $+ " Algorithm";
{coeff,f,g,c,ret}=maxlik(yx,0,%logit,start);

call maxprt(coeff,f,g,c,ret);

output off;

3=34

endo;

//calculating marginal effects for logit model
xb_bar=meanc (x.*coeff’);
f_xb_bar=exp(-sumc{xb_bar))/(1+exp(-sumc(xb_bar))}~2;
me_logit_coeffl=f_xb_barxcoeff [1];
me_logit_coeff2=f_xb_barxcoeff [2];
xb_bhar_i=x.*coeff’;
f_xb_bar_i=exp(-sumc(xb_bar_i’))./{1+exp(-sumc(xb_bar_i’})}."2;
mei_logit_coeffi=f_xb_bar_i*coeff[1];
mei_logit_coeff2=f_xb_bar_i*coeff[2];
mean_nu=meanc{mei_logit_coeff2);
median_nu=median(mei_logit_coceff2);
max_nu=maxc(mei_logit_coeff2);
min_nu=minc{mei_logit_coeff2);

ocoutput file=Logit_g3_marginal_effects reset;

15
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———————————————— Question 3 ——————=—=—————mmm

""Results in question 3.i, Logit ";

" AT the sample mean ";; me_logit_coeff2;

' The mean of the marginal effects of xij’s ";, mean_nu;

" The median of the marginal effects of xij’s ";; median_nu;
" The max of the marginal effects of xij’s ";; max_nu;

" The min of the marginal effects of xij’s ";; min_nu;

n 1 ; -

output off; Gow d

print;

print "Probit Model ";

i=1;

do while j <= 6;
if j==5 or j==3;
i=i+1;

endif;

maxset,
_max_Algorithm=j;
_max_GradTel=ie-5;
_max_MaxIters=3000;
//_max_LineSearch=5; //BHHH step

__output=0Q; /*===If 0,'print out of each iteration is supressed;

Wi

if 1, print out of each iteration is given. =s=====x/
field = 1;
prec = 0;
fmat = "Y%*.x1f";

zz = ftos(j,fmat,field,prec);
max_al="Probit_algorithm_" $+ zz;

output file="max_al reset;

__title="MLE Probit using " $+ 2z $+ " Algorithm";
{coeff,f,g,c,ret}=maxlik(yx,0,&probit,start);
call maxprt(coeff,f,g,c,ret);

output off;

NRAREY

endo;

//calculating marginal effects for logit model
xb_bar=meanc{x.*coeff?):
f_xb_bar=pdfn(sumc(xb_bar});
me_probit_coeffl=f_xb_bar*coeff[1];
me_probit_coeff2=f_ xb_bar*coeff[2];
xb_bhar_i=x.*coeff’;
f_xb_bar_i=pdfn(sumc(xb_bar_i’));
mei_probit_coeffi=f_xb_bar_i*coeff[1];

16
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mei_probit_coeff2=f_xb_bar_i*coeff[2];
mean_nu=meanc (mei_probit_coeff2);
median_nu=median{mei_probit_coeff2);
max_nu=maxc (mei_probit_coeff2);
min_nu=minc(mei_probit_coeff2);

output file=Probit_q3_marginal_effects reset;

---------------- Question 3 —=-~-———————————— o —m————————————

Results in question 3.ii, Probit"; =

" At the sample mean ";; me_probit_coeff2;y

" The mean of the marginal effects of xij’s ";; mean_nu;

" The median of the marginal effects of xij’s ";; median_nu;
" The max of the marginal effects of xij’s ";; max_nu;

" The min of the marginal effects of xij’s ";; min_nu;

n (LI
Ll

ocutput off;

// Procedures

proc logit(beta,dat);

local y,x,xb,p0,pl,logl; .é%g?
y=dat[.,1]; =
x=dat[.,2:k+1];

xb=x*beta;
pl=exp(xb)./(l+exp(xb));

p0=1-p1;

logl=y.*1n(p1)+(1~-y) .*1n(p0);

logi=sumc(logl); /*====log1 is nxl1 vector =====x/

retp(logl); /*=== returning logl as a vector rather than a scalar ====x/
endp;

proc probit(beta,dat);

local vy,x,xb,p0,pl,logl;

y=dat[.,1];

x=datf.,2:k+1];

xb=x*beta;

pl=cdfn(xb);

p0=1-p1;

logl=y.*1n(p1)+(1-y).*1n(p0);

logl=sumc{logl); /#*===logl is nxl vector ====x/
retp(logl); /*===returning logl as a vector rather than a scalar====x/
endp;
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1.3 Question 4: GAUSS code

/330K R sk ok s ok o o s ok e sk ook o6 KoK 3K K R S K ook o o o o o o oo o o ok oKk KR ok ok ok ok ko o e ok ok o ok ok o o o o
Assignment 8
MLE of Logit model (Tanner p.14) also we add
probit model---
Program: c¢:\ec506\logitprob.pro®
code made by Professor Tsurumi but medified by Freddy Rojas Cama
st o R s Ao K ORI K A K KK KR o K Rk

new;
library maxlik, pgraph; ”
cls; JK@'

// path where I save results
chDir C:\Users\Maro\Desktop\assignment_8;

maxset;

_max_Algorithm=4;

_max_GradTol=1e-5;

Jmax_MaxIters=1000;

//_max_LineSearch=5; //BHHH step

__output=1; /x===If 0, prinffout of each iteration is supressed;

if 1, print out of each iteration is given. =======x/
/*
field = 1;
prec = 0;

fmat = "%*.x1f";
zz = ftos(j,fmat,field,prec);
max_al="_" $+ zz;
*/
// generating data from Gamma distribution alpha=2, theta=3"-1
x=rondgam{1000,1,2)*3"~1;
//describing the data (mean and standard error);
mean_x=meanc (x) ;
std_x=stdc(x);
_pcolor = { 5}; /#* Colors for series */
_pmcoler = {1, 8, 2, 8, 8, 8, 8, 8, 15 };
/*Colors for axes, title, x and y labels, date, box, and background */
-plwidth={12}; /*Controls line thickness for main curves*/
// _paxht=0.20; /+Controls size of axes labels*/
_ptitlht = 0.18; /*Controls main title size */
_pltype={6 3};
//_plegctl = { 1 7 0.04 13.5};
//_plegstr="Data Coming from Gamma distribution";
xlabel("Bins");
title("Histogram of Gamma{2,3"~1)} distribution");
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{ b,m,freq }=hist(x,100);

output file=q4 reset;

start=0.2[|0.3;

__title="MLE of Gamma Distribution";
{coeff,f,g,c,ret}=maxlik(x,0,&gam,start);
call maxprt(coeff,f,g,c,ret);

output off;

// Other Stuff

// calculation of asymptotic standard errors

proc gam(beta,dat); .
local x,L,logL; T
x=dat;

L=beta[1] "beta[2]*x." (betal2]-1).*exp(-beta[1].#*x)./(gamma(beta(2]));
logLl=sumc{1n(L});

retp(logl);

endp;

1.4 Question 3: GAUSS code by using MAXLIK library with 7 algorithms

/#***#**********t**t***********ﬂ;&;*****#***************************
Assignment 8 M
MLE of Logit model (Tanner p.14) also we add
probit model---
Program: c¢:\ec506\logitprob.pro@
code made by Professor Tsurumi but modified by Freddy Rojas Cama
******************#*************t**********************************/
nevw;
library maxlik, pgraph;
#include maxlik.ext;
cls;

// Loading data

load z[24,2]=C:\Users\Maro\Desktop\assignment_8\logit.dat;

// path where I save results

chDir C:\Users\Maro\Desktop\assignment_8;
path="C:\Users\Maro\Desktop\assignment_8" ;

// In this question we need to

// Setting up the algorithm for seeking a local maximum

// Algorithm: =1 (steep) =2 (BFGS) =3 (DFP) =4 (Newton-Raphson)
// =5 (BHHH) =6 (PRCG) =7 (BFGS-3S) =8 (DFP-5C)

/*====MLE of logit and probit models using MAXLIK======x/
y=z[.,2];
n=rows(y);

x=ones(n,1)"z[.,1];
/* logit & probit */
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yx=y"X;
k=cols(x);
start=y/x; /*===using OLS as the initial valaues ====%/
start_set=seqa(start[1],0.2,10) "seqa(start[2],0.2,10);
start=0.05*(3.8192%0.0895);
print;
print "Logit Model ";
J3=3;
do while j == 3;
if j==3; b
/7j=3+1; Uy 4,
enii;; "
maxset;
_mlalgr=j;
_mlgtol=le-5;
_mlmiter=3000;
__output=1;
//_mlstep=3;
/*===If Q, print out of each iteration is supressed;
if 1, print out of each iteration is given. =======#/
field = 1; ¥
prec = 0;
fmat = "¥%*.¥1f";
zz = ftos{j,fmat,field,prec);
max_al="Logit_algorithm_" $+ z=z;
output file="max_al reset;
__title="MLE Logit using " $+ zz $+ " Algorithm";
{coeff,f,g,c,ret}=maxlik(yx,0,&logit,start);
call maxprt{coeff,f,g,c,ret);
output off;
j=j+1;
endo;
//calculating marginal effects for logit model
xb_bar=meanc(x.*coeff’);
f_xb_bar=exp(-sumc(xb_bar))/(1+exp(-sumc(xb_bar}))"2;
me_logit_coeffi=f_xb_bar*coeff[1];
me_lopgit_coeff2=f_xb_bar*coeff([2];
xb_bar_i=x.,*coeff’;
f_xb_bar_i=exp{-sumc{xb_bar_i’))./(1+exp(-sumc(xb_bar_i’))})."2;
mei_logit_coeffi=f_xb_bar_i*coeff[1];
mei_logit_coeff2=f_ xb_bar_i*coeff[2];
mean_nu=meanc(mei_logit_coeff2);
median_nu=median(mei_logit_coeff2);
max_nu=maxc{mei_logit_coeff2);
min_nu=minc(mei_logit_coeff2);
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output file=Logit_qd_marginal_effects reset;

" Results in question 3.i, Logit “;

" AT the sample mean ";; me_logit_coeff2;

" The mean of the marginal effects of xij's ";; mean_nu; ,

" The median of the marginal effects of xij’s ";; median_nu;
" The max of the marginal effects of xij’s ";; max_nu;

" The min of the marginal effects of xij’sw";; min_nu;
" on. -

; DR
output off;
print;
print "Probit Model ";
j=3;
do while j == 3;

if j==3;
/13=3+1;
endif;
maxset; -
_mlalgr=j; gﬁﬂ

_mlgtol=1le-5;
_mlmiter=3000;
__output=0;
field = 1;
prec = 0;

fmat = "¥*.*¥1f";
zz = ftos(j,fmat,field,prec);
max_al="Probit_algorithm " $+ zz;

output file="max_al reset;

__title="MLE Probit using " $+ zz $+ " Algorithm";
{coeff,f,g,c,ret}=maxlik(yx,0,&probit,start);
call maxprt{coeff,f,g,c,ret);

output off;

=3+t

endo;

//calculating marginal effects for logit model
xb_bar=meanc(x.*coeff’);
f_xb_bar=pdfn(sumc(xb_bar)) ;
me_probit_coeffl=f_xb_bar*coefffl};
me_probit_coeff2=f_xb_bar*coeff[2];
xb_bar_i=x.*coeff’;
f_xb_bar_i=pdfn(sumc(xb_bar_i’)});
mei_probit_coeffl=f_xb_bar_i*coeff([1];
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mei_probit_coeff2=f_ xb_bar_ixcoeff[2];
mean_nu=meanc (mei_probit_coeff2);
median_nu=median(mei_probit_coeff2);
max_nu=maxc{mei_probit_coeff2);
min_nusminc(mei_probit_coeff2);

output file=Probit _gq3_marginal_effects reset;

nwon, ra
---------------- Question 3 - —mmm e el
" Results in question 3.ii, Probit"; N

" At the sample mean ";; me_probit_coeff2;" "

The mean of the marginal effects of xij’s ";; mean_nu;

" The median of the marginal effects of xij’s ";; median_nu;
The max of the marginal effects of xij’s ";; max_nu;

The min of the marginal effects of xij’s ";; min_nu;

output off;

// Procedures

proc logit{(beta,dat);

local y,x,xb,p0,pl,logl; g

52
y=dat[.,1];

x=dat[.,2:k+1];

xb=x*beta;

pl=exp(xb)./(1+exp(xb));

pO=1-p1;

logl=y.*1ln{p1)+(1-y).*1n(p0);

logl=dumc{logl); /*====logl is nxl vector =====x/

retp(logl); /*=== returning logl as a vector rather than a scalar ====x/
endp;

proc probit(beta,dat);

local y,x,xb,p0,pl,logl;

y=dat[.,1];

x=dat(.,2:k+1];

xb=x*beta;

pi=cdfa{xb);

pO=1-p1;

logl=y.*1n(p1)+(1-y).*1n(p0);

logl=sumc(logl); /*===logl is nxl vector ====#/
retp(logl); /#===returning logl as a vector rather than a scalar====x/
endp;

22

ol |



