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choice binary revised.do

log using cholice_binary revised.log, replace
use choice binary.dta
set more off

list Jjob age school gender

regress job age school gender
predict p lpm, xb

regress Jjob age school gender, robust

logit job age school gender
predict p_logit, p

mfx compute

*dlogit2 Jjob age school gender

logistic job age school gender
predict p logistic, p
mfx compute

probit job age school gender

predict p probit, p

mfx compute

*dprobit job age school gender

list p_lpm p_probit p logit p_logistic

* WLS

gen sigi sgri{p_lpm* (1-p lpm))
gen jobl = job/sigi

gen agel = age/sigi

gen schooll = school/szigi

gen genderl = gender/sigi

gen sigi inv = 1/sigi

{

regress jobl agel schooll genderil sigi_inv, noconst

regress job age school gender [aw = 1/sigi]
wlsQ job age school gender, wvar({sigi) type(abse) noconst graph
wls0 job age school gender, wvar({sigi) type(e2) noconst graph

/* WLS: example of Greene chapter 12 */
use http://www.ats.ucla.edu/stat/stata/examples/greene/TBLS—1, clear

rename x1 age
rename x2 income
rename x3 exp
rename x4 ownrent
rename x5 selfemp

generate incomesg = incomen?2
drop if exp== :
save chapterl2, replace

/* summary check */

gen agel = age /[ income~0.5
gen incomel = income / income”0.5
gen expl exp / income”0.5

ownrent / income~0.5
selfemp / income~0.5

gen ownrentl
gen selfempl

i

8/26/2007

1O



choice_binary revised.do 9/26/2007 (‘

gen incomesqgl = incomesg / income~0.5
gen constl = 1 / income”(.5

wls0 exp age ownrent income incomesq , wvar{income) type (abse) noconst
/* 12.3a */

regress exp age ownrent income incomesq [aw = 1/income)

regress expl agel ownrentl incomel incomesgl constl, noconstant
regress expl agel ownrentl incomel incomesqgl

/* end of checkup */

log close



choice binary revised.log 8/26/2007

log: choice_binary revised.log
log type: text
opened on: 26 Sep 2007, 01:21:59%9
use choice_binary.dta

set more off

list job age school gender

1.1 1 31 16 0 |
2. | 1 34 14 1
3.1 1 41 16 1]
4. | 0 67 9 0 |
5. | 1 25 12 0 |

S L |
6. | 0 58 1z 1]
7.0 1 45 14 0 |
8. | 1 55 10 0|
9. | 0 43 12 0|

10. | 1 55 8 01

| == |

11. | 1 25 11 0 |

iz, | 1 41 14 0 |

13, | 0 62 12 1]

14. | 1 51 13 1]

15. | 0 39 9 1]

| == e r

16, | 1 35 10 0 |

17. | 1 40 14 1 |

18. | 0 43 10 1

19. | 0 37 12 1]

20. | 1 27 13 0 |

e |

21, 1 1 28 14 01

22, | 1 48 12 1]

23. 1 0 66 7 1|

24. 1 0 a4 11 1|

25. | 0 21 12 11

| = e |

26. | 1 40 10 1

27, | 1 41 15 0|

28. | 0 23 10 1

29. | 0 31 11 1

30. 1 1 44 12 i

e ——— +

regress Jjob age school gender

Source | 383 df MS Number of obs = 30
————————————— o F( 3, 26) = 4,96
Model | 2.62055889 3 .87351963 Prob > F = 0.0075%
Residual | 4.57944111 26 .17613235 R-squared = (.3640
————————————— o e Adj R-squared = 00,2906
Total | 7.2 29 .248275862 Root MSE = .41968

job | Coef. Std. Err. t P>|t] [95% Conf. Interwval)]
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.012801
.1684052
-.0591602
1.042132

30
106.49
0.0001
0.3640
.41968

LI | ¢

.0122237
.1532795
-.0480881
.8655384

30
13.89
0.0031
0.3440

14 0.886 -.0147373
42 0.023 .0138312
43 0.022 -.7014612
36 0.720 -1,487541
Number of obs
B 3, 26)
Prob > F
R-squared
Root MSE
t P>|t| {95% Conf.
.15 0.881 -,0141601
01 0.006 .028957
.35 0.026 -.7125334
42 0.677 -1.310948
Number of obs =
LR chi2(3) =
Prob > chi2 =
Pseudo R2 =
Z P>lz| [95% Conf.
25 0.800 -.0862564
10 0.036 .043888¢6
.17 0.030 -4.959935

0.201 -13.34283

1.30444
-.2570198
2.810168

+
age | -.,0009682 .0066986 -0,
school | .0911182 .037599¢6 2.
gender | -.3803107 .1562374 -2.
_cons | -.,2227047 . 6153338 -0,
predict p lpm, xb
regress Jjob age school gender, robust
Regression with robust standard errors
t Robust
job | Coef. Std. Err.
_____________ +
age | -.0009682 .0064178 -0
school | .0911182 .030241 3.
gender | -.3803107 .1616239 -2
_cons | -.2227047 .5294223 -0.
logit Jjob age school genderx
Iteration O: log likelihood = -~20.19035
Iteration 1: log likelihood = -14.08727
Tteration 2: log likelihood = -13.333675
Iteration 3: log likelihood = -13.246511
Iteration 4: log likelihood = -13.244612
Iteration b5: log likelihood = -13.244611
Logit estimates
Log likelihood = -13.244611
job Coef 5td. Err
age -.0098882 .0389641 -0.
school .6741644 .3215752 2,
gender -2.608477 1,199745 -2
_cons -5,266331 4.120738 -1.
predict p_logit, p
. mfx compute
Marginal effects after logit
y = Pr{job) (predict)
= .69517648
variable | dy/dx Std. Err. z
————————— -|-—-——-——-—-—-—————-———-—-—-----.---—————-—-——-—————---—--——-—————-———-—-———
age | -.0020954 .00821 -0.26

2

41.3333

(3
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school | .14285%6 .06298 2,27 0.023 11.8333 IL#
gender*| -—.4849757 .16352 -2.97 0.003 566667

(*) dy/dx is for discrete change of dummy variable from 0 to 1
*dlogit2 Jjob age school gender

logistic Jjob age school gender

Logistic regression Number of obs = 30
LR chi2 (3} = 13.89
Prob > chi2 = 0.0031
Log likelihood = -13.244611 Pseudo R2 = 0.3440
job | Odds Ratio Std. Err. z P>lz]| [95% Conf. Interval]
_____________ +_.——-—..—.-.-....--—-..._——--—-——_-———-—..-....——--—__—-——-—_._——.-..-.__--..___._.——._._._—-.-..._..._
age | . 9901606 . 0385807 -0.25 0.800 ,917359 1.06874
school | 1.962392 .6310567 2,10 0.036 1.044866 3.685625
gender | .0736466 .0883572 -2.17 0.030 .0070134 . 7733529
. predict p logistic, p
. mfx compute
Marginal effects after logistic
y = Pr{job} (predict)
= ,69517648
variable | dy/d= Std. Err Z P>|z| X
————————— +————————-——-———-—-—————-—--—-—-—————-———-—————-—------————-———
age | ~.0020954 . 00821 -0.26 0.799 41.3333
school | .1428596 . 06298 2.27 06.023 11.8333
gender*| -.4849757 1.19975 -0.40 0.686 .566667
(*) dy/dxz is for discrete change of dummy variable from 0 to 1
. probit ‘job age school gender
Iteration 0O: log likelihood = =-20.,19035
Iteration 1: log likelihood = -13.937494
Iteration 2: log likelihood = -13.305501
Iteration 3: log likelihood = =13.267639
Iteration 4: log likelihood = -13.26742
Probit estimates Number of obs = 30
LR ¢hi2{(3) = 13.85
Prob > chiZ2 = 0.0031
Log likelihood = -13.26742 Pseudo RZ = 0.3429
job | Coef. 5td. Err. z P>lz| [95% Conf. Interval]
————————————— e e R E— e e EE—— e ———
age | -.0061331 . 0237865 -0.26 0.797 -.,0527538 .0404876
school | . 3869652 1759277 2.20 0.028 .0421532 L7317773
gender | -1.45382 . 6299747 -2.31 0.021 -2.688547 -.2190919
_cons | -3.047916 2.399211 -1.27 C.204 -7.750285 1.654452

predict p probit, p

. mfx compute
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| (4
Marginal effects after probit
y = Pr(job) (predict}

= ,67502799
variable | dy/dx Std. Err 7 P>|z] X
_________ +——_..___—-.-.-.-.-...--——-.--.._._.---——_.__.-..—..-._._..._.__.__...._—__._.__.._.._.._._
age | -.0022073 .00854 -0.26 0.796 41.3333
school | .1392695 .06012 2.32 0.021 11,8333
gender*| -—.4692287 . 16282 -2.88 0.004 .566667

{(*) dy/dx is for discrete change of dummy variable from 0 to 1
*dprobit Jjob age school gender

list p lpm p probit p logit p logistic

1. | 2.205173 . 9984285 . 9945883 .9945883 |
2. | .68397215 . 7602951 . 77334438 . 7733448 |
3. 1 .8151807 .9248186 . 9245898 .9245898 |
4. | .532491 .5095153 .5346048 .5346048 |
5. | .8465095 . 9253966 . 9293296 . 9293296 |
| == e e |
6. | .4342487 .4153232 .4113591 .4113591 |
7. | 1,009382  ,9818525  .9765006  .9765006 |
8. | .6352275 . 6859546 . 7173721 7173721 )
9. | .8290821 . 9085606 .9167091 . 9167091 |
10. | .452991 .3860938 .3972671 .3972671 |
| e |

11. . 7553912 .8543728 .87014856 .870148%6

12, 1.013255 .98290184 . 9773914 . 9773914

|
I
13, | .4303759 .4057835 .4018164 .4018164
I
|

4. .5321442 . 5855156 . 5950862 .5950862
15. .1792894 .1041526 .1003838 .1003838

| = e o |
16. | .6545911 . 7281004 . 7556962 . 75506962 |
17. 1 .6339124 . 7487157 L1627772 1627772 |
18, | .266535 .185178 .1738827 .1738827 |
19. | .4545805 .4660999 . 4623967 .4623967 |
20. | .9356914 . 9653944 .961978 .961978 |

| = e e |
21. 1.025841 . 9860208 . 9800642 . 9800642
22, . 44358305 .4393799 .4354945 . 4354945

I
|
23, | -.029088 .013983 .0217048 .0217048
I
I

24, .356685 .3032854 .2902687 .2902687
25. .4700715 .5052068 .5018782 .5018782
___________________________________________ l
26. .2694395 .1901327 .1781852 .1781852
27, 1.104373 . 9938793 . 9883499 .9883499

I
|
28. | .2858986 .2197184 .204144 .204144
I
I

29. .3692714 .33168926 .3174461 3174461
30. .4478032 .4480708 .4452417 . 4452417
e +
* WLS

gen sigi = sqrt(p_lpm* (l-p lpm})
{6 missing values generated)

gen jobl = job/sigl
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(4=2

{6 missing values generated)

gen agel = age/sigi
(6 missing values generated)

gen schooll = school/sigi
(6 missing values generated)

gen genderl = gender/sigi
{6 missing values generated}

gen sigi_inv = 1/sigi
(6 missing values generated)

regress Jjobl agel schooll genderl sigi_inv, noconst
Source | 885 df MS Number of obs = 24
————————————— o e F( 4, 20) = 12.50
Model | 53.56152 4 13.39038 Prob > F = 0.0000
Residual | 21.4168641 20 1.0708432 R-squared = 0.7144
————————————— it et bl b Adj R-squared = 00,6572
Total | 74.9783841 24 3.12409934 Root MSE = 1.0348
Jjobl | Coef. Std. Err. t P>|t| [95% Conf. Interval]
uuuuuuuuuuuuu +__...._.._.._.._.._._.______._.__.._.__.___..__.__._.______._..............__......_._.._.___._________.__.
agel | -.0021052 .0080463 -0.26 0.796 -.0188894 .014679
schooll | .1128579 .0529995 2.13 0.046 .,0023028 .223413
genderl | -.401973 .1913488 -2.10 0.049 -.8011197 -.0028263
sigi inv | -.4112543 .71492448 -0.55 0.589 -1.974151 1.151643
regress Jjob age school gender [aw 1/sigi]
(sum of wgt is 5.4335e+01)
Source | SSs df MS Number of obs = 24
————————————— Fom e F{ 3, 20) = 2.51
Model | 1.62003772 3 .540012574 Prob > F = 0.0876
Regidual | 4.29587769 20 .214793884 R-squared = (.2738
————————————— Fo e e Adj R~squared = 0.1649
Total | 5,91591541] 23 .257213713 Root MSE = 46346
job | Coef. Std. Err t P>|t| [95% Conf. Intervall]
_____________ +-..-...-..-.-.-..-..-...............-....—..-..-...-....._..__———---.---.---.-_._.____.__._._...._.._._....._._____..._.__...._.
age | ~-.0014612 .0080317 -0.18 0.857 =-.018215 0152926
school | .1148828 L0557078 2.06 0.052 -.0013215 .2310871
gender | ~.4295052 .20350091 -2.11 0.048 -.8540177 -.0049927
_cons | -.4355718 . 7657082 ~0.57 0.576 -2.032811 1.161667
wls0 job age school gender, wvar{sigil) type(abse) noconst graph
(6 missing values generated)
WLS regression - type: proportional to abs(e)
(sum of wgt is 6.1313e+01)
Source | 58 at MS Number of obs = 24
————————————— B il F{ 3, 20) = 2.51
Model | 1,62003773 3 .540012577 Prob > F = 0.0876
Residual | 4.29587767 20 .214793883 R-squared = 0.2738

5
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————————————— Fm e e e Adj R-squared = 0.1649
Total | 5.9159154 23 ,257213713 Root MSE = .46346

job | Coef. Std. Err. t P>lt| [95% Conf. Interval]
————————————— e e e E———— e ———— e ———
age | -~-.0014612 .0080317 -0.18 0.857 -.018215 .0152926

school | .1148828 .0557078 2.086 0.052 -.0013215 .2310871
gender | -.4295052 .2035091 -2.11 0.048 -.8540177 -.0049927

_cons | -.4355718 . 7657082 -0.57 0.576 -2.032811 1.161667

wls0 job age school gender, wvar(sigi) type(e2) noconst graph
{6 missing values generated)

WLS regression - type! proportional to e”2

(sum of wgt is 1.2977e402)

Scurce | 55 af M3 Nuimber of obs = 24
————————————— F o e e e e F( 3, 20) = 2.51
Model | 1.6200377 3 .540012566 Prob > F = {.0876
Residual | 4.2958717 20 .214793885 R-squared = (,2738
————————————— Fom e e Adj R-squared = 0.1649
Total | 5.9159154 23  .257213713 Root MSE = ,46346

Job | Coef. std. Err. t P>t [95% Conf. Interval]

_____________ +__———————_-..._.———..-..-._.-_.....-_.___._._._.._._————_.___._.........-__......__.__.......___._.___

age | -.0014612 .0080317 -0.18 0.857 -.018B215 .015292¢6

school | .1148828 .0557078 2.06 0.052 -.,00132106 .2310871

gender | -.4295052 .2035091 -2.11 0.048 -.8540177 -.0049927

_cons | -.4355718 . 7657082 ~0.57 0.576 -2.032811 1.161667

/* WLS: example of Greene chapter 12 */

use http://www,ats.ucla.edu/stat/stata/examples/greene/TBL5-1, clear

rename x1 age
rename x2 lncome
rename X3 exp
rename x4 ownrent

rename x5 selfemp

generate incomesqg = income”?2

drop if exp==0
{28 observations deleted)

save chapterl2, replace
file chapterlZ.dta saved

/* summary check */
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gen agel
gen incomel
gen expl
gen ownrentl
gen selfempl
gen incomesql
gen constl =
. wlsO exp age
/% 12.3a */
WLS regression
(sum of wgt is
Source

[

+

Model |
Residual |
.|.

|

il

age / income”0.5

income / income”0.5

exp / income”~0.5

ownrent / income”0.5
selfemp / income”™0.5

= incomesqg / income”0.5

1 / income”0.5

ownrent income incomesq , wvar{income}

type: proportional to abs (e}

5,7161e-01)

1266234.75
3703808.1

4 316558.686
67 55280.7179

Number of obs

B

Prob > F
R-squared

Adj

Root MSE

type (abse)

4, 67)

R-scguared

L T I

9/26/2007

nocenst

72
5.73
0.0005
0.2548
0.2103
235.12

I
_____________ +
age |

ownrent |
income |
incomesq |
_consg |

-2.935011
50.49364
202,1694

-12.11364

~-181.8706

4.603331
69.87914
76.78152

8.27314
165.5191

.148

0
0
0.010
0
0.276

-12.1233
~-88.9857
48.91285
-28.62689
-512.2481

6.253276
189.973
355.426
4.39962

148.5068

regress exp age ownrent income incomesq [aw
2,4956e+01)

(sum of wgt is

Source

[

+

Model |
Residual |
+

|

1266234.79

3703808.18

4 316558.697
67 55280.719

1/income)

Number of obs

E(
Prob

4, 67) =

> F

R-squared =
Adyj R-squared =

Roct

MSE

72
5.73
0.0005
0.2548
0.2103
235.12

I
uuuuuuuuuuuuu +
age |

ownrent |
income |
incomesq |
_cons |

-2.935011
50.49364
202.1694

-12.11364

-181.8706

4,603331
69.87914
76.78152

8.27314
165.5191

-12.1233
~88.9857
48.91285
~28.62689
~512.2481

6.253276
189.973
355.426
4.39962

148.,5068

regress expl

Source |

_____________ e ———————_———_———_—
5 303600.953

Model |

agel ownrentl incomel incomesgl constl,

1518004.77

noconstant

Numper of obs

F(

5, 67)

Prob > F

72
15.84
0.0000

Y=Y
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Residual

1283774.35

R-squared
Adj R-squared

9/26/2007

0.5418
0.5076
138.42

agel
ownrentl
incomel
incomesqgl
constl

Interval]

~2.935011
50.49365
202.1694
-12,11364
-181.8706

4.603331
62.87914
76.78152

8.27314
165.51921

Root MSE
P>t [95% Conf
0.526 =12,1233
0.472 -88.9857
0.010 48.91284
0.148 -28.62689
0.276 —-512.2481

6.253275
189,973
355.426

4.399621

148.5068

regress exp

Source

Model
Residual

1

216096.606
1279473.4

Number of obs
F( 4, 67)
Prob > F
R-squared
Adj R~squared

72
2.83
0.0313
0.1445
0.0934
138.19

agel
ownrentl
incomel
incomesql
_cons

Interval]

-2.647726
48.1849
311.11¢98
-16.40469
-271.2822

4.616128
69.89543
148.1804
10.50467
231.3404

Root MSE
P>|t] [95% Conf
0.568 -11.8615%6
0.493 -91.32696
0.040 15.35038
0.123 -37.3721
0.235 =739.0396

6.566103
187.6968
606.8892
4.562719
184.4752

/* end of checkup */

log close

log:
log type:
closed on:

choice binary revised.log
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1 Logit : I

logit fits maximum-likelihood logit models. depvar==0 indicates a negative outcome;
depvar!=0 & depvar!=, (typically depvar==1) indicates a positive outcome.

Also see help logistic; many users prefer the logistic command to logit. Results are the
same regardless of which you use, but logistic reports odds ratios rather than

coefficients by default and some people simply prefer the name logistic to logit. In Stata,
both are the maximum-likelihood estimator. A number of commands are documented
under help logistic that may be run after logit or logistic.

If estimating on grouped data, see help glogit.

| Logistic

logistic fits maximum-likelihood logistic regression models. depvar==0 indicates a
negative outcome; depvar!=0 & depvar!=. (typically depvar==1) indicates a positive
oufcome.

logistic reports odds ratios. You can type "logit" after logistic estimation to obtain the
coefficients. In addition, there are a number of other commands that can be
used after logistic to explore the nature of the fit:

help Ifit Perform goodness-of-fit tests

help Istat Report summary statistics including classification table
help Iroc  Graph the ROC curve

help Isens Graph sensitivity and specificity vs. P cutoff

| probit ~ J

probit fits maximum-likelihood probit models.

dprobit also fits maximum-likelihood probit models. Rather than reporting coefficients,
dprobit reports the change in the probability for an infinitesimal change in each
independent, continuous variable and, by default, the discrete change in the probability
for dummy variables. probit may be typed without arguments after dprobit

estimation to see the model in coefficient form. '

depvar==0 indicates a negative outcome; depvar!=0 & depvar!=. (typically depvar==1)
indicates a positive outcome.

If you are estimating on grouped data, see help glogit (sic).
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| blogit, bprobit, glogit and gprobit ]

blogit and bprobit produce maximum-likelihood logit and probit estimates on grouped
("blocked") data; glogit and gprobit produce weighted least-squares estimates. In the
syntax diagrams, pos_var and pop_var refer to variables containing the total number of
positive responses and the total population.

See help logit and help probit for obtaining maximum-likelihood estimates on ungrouped
(individual or micro) data.

xtprobit

xtprobit fits random-effects (re) and population-averaged (pa) probit models for cross-
sectional time-series datasets.

For the random-effects model, the likelihood (for an independent vnit i) is expressed as
an integral which is computed using Gauss-Hermite quadrature. After fitting your
final model, you may want to run quadchk to check the numerical soundness of the
Gauss-Hermite quadrature approximation; see help quadehk and [XT] quadchk for
details.

By default, the population-averaged model is an equal-correlation model; that is, xtprobit,
pa assumes corr(exchangeable). See help xtgee for details on how to fit other
population-averaged models.

| Xtlogit I

xtlogit fits a fixed-effects (fe), an random-effects (re), or a population-averaged (pa) logit
model for cross-sectional time-series datasets. Whenever we refer to a
fixed-effects model, we mean the conditional fixed-effects model,

For the random-effects model, the likelihood (for an independent unit i) is expressed as
an integral which is computed using Gauss-Hermite quadrature. After fitting your
final mode!, you may want to run quadchk to check the numerical soundness of the
Gauss-Hermite quadrature approximation; see help quadchk and [XT] quadchk for
details.

By default, the population-averaged model is an equal-correlation model; that is, xtlogit,
pa assumes corr(exchangeable). See help xtgee for details on how to fit other
population-averaged models.
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Review Questions on Binary Choice Models

1. What are possible limitations of using the OLS estimator when the dependent variable
is a dummy variable? Why is it called the LPM?

2. Discuss about how we use each of the LPM, Probit and Logit models, for the
following. '

(i) prediction equation
(ii) marginal effect (Is it constant over different individuals? If not, what is the term

for this?) .
(iif) testing hypothesis (Which tests can be used?)

3. Using the estimation result of the example on labor participation, for each of LPM,
Probit and logit models, :

(a) What is the predicted probability of labor participation for a 34 years old man with
14 years of education? '

(b) If he is not employed, what will be the marginal effect on the increased
probability of labor participation when he receives two more years of education?



Exercise on Choice Models
Objectives: Analyze Qualitative Choice Models using the aacsb.xls file (web site).
Data Background:

The data file aacsb.ixt contains data for 404 graduate business school programs on six
variables, the names of which are contained in the first row of the file. The variable
AACSB is a 1,0 dummy variable that indicates whether or not the American Assembly of
Collegiate Schools of Business (AACSB) accredits the business school program, Three
other variables indicate the number of students enrolled (SEZE), the average GMAT.
score of enrollees, and the proportion of faculty with doctorates (FACPHD). Two
additional 1,0 dummy variables indicate whether the program granted a doctoral business
degree (PHD), and whether the program was a public university (STATE). The data for
this file come from a study of accrediting practices published by Jantzen and Pendleton
("Preferences of the American Assembly of Collegiate Schools of Business," Journal of
Education for Business, Vol. 70, Sept/Oct 1994, pp. 6-11). About two-fifths of all
graduate business programs were accredited at the time the data were collected (1992).

Assignment:
(a) Read the data in. The appropriate STATA command is:
insheet using aacsb.ixt (saved as a text file at the right folder)

(b) To examine how the probability of being accredited is likely to be affected by a
graduate business program's size, student GMAT scores, faculty doctorates, the
presence of a doctoral business program, or being a publicly funded program, run the
following ordinary least squares (OLS) regression:

regress aacsb size gmat facphd phd state
Interpret the regression coefficients, and conduct appropriate t-tests.

(¢) For how many observations, will the predicted probability lie outside the bound or 1
and 1?7

redict pred lpm, xb
list pred Ipm
(d) Estimate a logit regression model explaining which schools became accredited by the

AACSB and which were not. Then, conduct appropriate t-tests on the logit
regression coefficients. Repeat for probit models.

logit aacsb size gmat facphd phd state
probit aacsb size gmat facphd phd state

(e) Conduct a likelihood ratio test on whether or not the coefficients on the FACPHD and
the PHD variables are both zeros each of the logit and probit models.

logit aacsb size gmat state
probit aacsb size gmat state

36
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() Using the marginal effects at means, determine which variables significantly affect the
probability of being AACSB accredited in each of the LPM, logit and probit models.

dlogit2 aacsb size gmat facphd phd state '
dprobit aacsb size gmat facphd phd state

[Note: dlogit2 needs to be installed. Help-search-all-dlogit2-install]

(g) Find the partial effect of PHD, at means of regressors, each of the LPM, logit and
probit models.

dlogit? aacsb size gmat facphd phd state
dprobit aacsb size gmat facphd phd state

Suppose that one has collected the following data for Greene University:
SIZE GMAT  FACPHD PHD STATE
300. 540. 90 0 1

(h) Using each of the LPM, Logit and Probit models, find the probability that AACSB
will accredit the business school program of the Greene University.

(1) Using each of (i) LPM and (i) Logit and (iii) Probit models, determine how much the
probability will be changed if the Greene University implements a Ph.D. program.
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Problem Set (FE logit)

Q. A FE logit model is based on the following probability.

exp(oitXiiB)

PO 1R =T exp(ort Xi)
(a) Consider the following sample with N=4 observations, and T=2,

Yit
=1 t=2
i=1 1 0
i=2 0 0
=3 0 1
i=4 1 1

Find the conditional likelihood function of this FE panel logit model.

(b) Suppose that T; = 3. Find the contribution of the i-th observation to the conditional
likelihood function L;, when

Yit
t=1 =2 =3

1th 1 0 0

37



FAQ: Advantages of the robust variance estimator - Page 1 of 4

GO

Statistical Software for Professionals—

>> Home >> Resources & Support >> FAQs >> Advantages . " e 5 g ey Caarnh
of the robust variance estimator : Products  Resources & ort Company  Search

What are the advantages of using the robust

variance estimator over the standard maximum- Fags
likelihood variance estimator in logistic Statistics
. ata mar
regress ion? Graphics
Programi
) . . Resource
Title Advantages of the robust variance estimator Internet c
Author Bill Sribney, StataCorp Stata for
Date  January 1998 ' Stata for
, Stata for
- . . Technica
| once overheard a famous statistician say that the robust variance estimator for (unclustered)
logistic regression is stupid, His reason was that if the outcome variable is binary then it's gotto be a
Bernoulli distribution. It's not like linear regression with data that stands a good chance of being T
nonnormal and heteroscedastic.
Resourc
Well, it's not as simple as this; there's a bunch of subtle nuisances here. Let me lay them out here. gxpport
I'm sure that the famous statistician is aware of them, but they don't necessarily lead to his Qs.
conclusion ' Technica
’ NetCours
. . . Cy . Short col
It's true that it's got to be a Bernoulli distribution. That is, if Y, is a random variable for the outcome of  |jgarg gre
the i-th unit, then Statalist
Links
P(Y,,) = p; Software
Software
. Custome
or equivalently, Manuals
suppleme
E(Y;) = p, Stata Jou
STB
Stata Nex
, . . . i . Plugins
This has to be true. Note how | indexed the RHS by i. The term p, is dependent on i. It's certainly Stafa cor
not true in general that P(Y ) = p, where p is a constant independent of i.
' Site ovei
In logistic regression, we model p, with a likelihood that assumes ' Products
. Resource
Company
logit(p;) = x;*b : Site inde;

So these are our assumptions:
1. That the logit link function is correct.

2. That logit{p,} = x;*b; i.e., that the relation is linear and all necessary predictors are in the
model; i.e., that the model is correctly specified.

3. That the i=1,..., N observations are independent.

http://www.stata.com/support/fags/stat/robust_var.html 10/21/2004



FAQ: Advantages of the robust variance estimator Page 2 of 4

The robust variance estimator is robust to the assumptions (1) and (2). It does require (3), but you
can specify clusters and just assume independence of the clusters if you wish.

The MLE is also quite robust to (1) being wrong. If the link function is really probit and you estimate
a logit, everything's almost always fine, :

Now if (2) is wrong, strictly speaking, you are in trouble with the interpretation of the point estimates
of your model, never mind the variance estimates. Imagine that logit(p,) is truly quadratic in x;, but

you fit it linear in x,. What's the interpretation of the coefficient? It's the best fit of a straight line to
something that's not straight! It's got some meaning, but it's somewhat problematic.

Well, the robust variance estimator will do a good job of giving you variance estimates and
confidence intervais for this problematic case of a misspecified model. That is, if one imagines
resampling the data and each time fitting the same misspecified model, then you get good coverage
probabilities w.r.t. the "true" population parameters of the misspecified model, i.e., the besting fitting
straight line in the poputation to something that's not straight.

On the other hand, if you have confidence that your model is not misspecified, then the ML variance
estimator is theoretically more efficient.

Advice

In summary, my personal advice {and | have respect for conflicting opinions) is
= | never worry about whether (1) is true. | assume the logit link is OK.

» [f| think that the model is reasonably specified, | use the ML variance estimator for logistic
regression. '

n Only if | have good reason to believe that the model is poorly specified would § use the robust
variance estimator. That is, if the model fails goodness-of-fit tests, etc. Sometimes one just
has to live with missing predictors and badly fitting models because data was only collected
for a few predictors. In this case, I'd use the robust variance estimator,

And, obviously, I'd use the robust variance estimator if | had clustered data.

This is in contrast to the advice I'd give for linear regression when |'d say always use the robust
variance estimator.

The robust variance estimator is only approximate for ML models

Note that there are also other theoretical reasons to be keener on the robust variance estimator for
linear regression than for general ML models. The robust variance estimator uses a one-term Taylor
series approximation. in linear regression, the coefficient estimates b are a linear function of y,
namely,

-1
b= (X'X) X'y

Thus, the one-term Taylor series is exact and not an approximation.

For logistic regression and other MLEs, the ignored higher-order terms in the Taylor series are
nonzero. S it's fruly an approximation in these cases.

¢/

http://www.stata.com/suDport/faqslstat/robust_var.htmi 10/21/2004
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One can come up with a robust variance estimator that uses a second order correction. It's been
worked out for logistic regression, and it will likely be implemented in Stata at some point in the
future.

Follow-up question

What are the "true" population parameters for which the robust variance estimator gives good
coverage propertles’-’

Linear regression model
First let me assume a linear regression model, then later I'll discuss MLEs.

Consider the entire population from which the sampie is drawn. Let X be the matrix of independent
variables and Y the vector of dependent variables for the entire population. Then consider

B= (X'X)*-1 X'Y

The parameter B is the coefficient vector for the linear model for the entire population. Y may be
linear in X or it may not. B is simply the best least-squares coefficients for the entire population. B is
what | was referring to when | said "the 'true’ population parameters” in my above explanation.

The parameter B is what the robust variance estimator considers you to be estimating. The sample
estimate is

b= (x'x)"-1 z'y

where x is the matrix of the sample values of the independent variables and y is the vector of
sample dependent variables. If there were sampling weights, the above equation would have
weights added in the appropriate places.

Anyhow, b is an estimate of B. The robust variance estimator estimates V(b) such that nominal (1-
alpha) confidence intervals constructed from it have B in the interval about (1-alpha) of the time if
one was to repeatedly resample from this population.

If Y is not linear in X due to incorrect functional form or missing predictors, then the interpretation of

- B is problematic. B can be considered to be the best least-squares linear fit for this set of predictors.

b and V(b) are "robust to misspecification” in that b estimates B and that V(b) is a valid estimate of
the variance of b even though misspecification is present,

Note that this theory requires no assumptions about the distribution of Y.

Contrast this to the case of OLS estimates, which do not give valid variance estimates, in general,
under misspecification, and which do require distributional assumptions on ¥ — i.e., normality and
homoscedasticity.

ML Models

For ML models, consider L{B; Y, X), an arbitrary likelihood function with data Y, X for the entire
poputation. Let B* give the maximum of L(B; Y, X). The sample estimate b* is the maximum of L{b;
¥, X). If there are weights, we add weights to the likelihood function so that L{b; y, x) estimates L(B;
Y, X). Because L(b; y, x} estimates L{B; Y, X), b* estimates B*. The robust variance estimator
produces correct variance estimates V(b*) for b* in the same sense discussed above: nominal (1-
alpha) confidence intervals constructed from it have B* in the interval about (1-alpha) of the time if
one was to repeatedly resample from this poputation.

http://www.stata.com/support/fags/stat/robust_var.html 10/21/2004
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FAQ: Advantages of the robust variance estimator | Page 4 of 4

Note that L(B; Y, X) is not necessarily the true likelihood for the population; i.e., it is not necessarily
the correct distribution of Y{X. The theory doesn't require it; it can be any function,

Standard MLE theory, on the other hand, requires L(b; y, x) to be the true distribution function for
the sample.

Note that when there are sampling weights or clustering, L(b; v, x) is in no sense a valid likelihood:;
it's clearly not the distribution of the sample when thers are weights or cluster sampling. L(b; v, x)
merely has to estimate the arbitrary L(B; Y, X) for our theory to hold. This is why the survey
theorists call L(b; y, x) a pseudo-likelihood, and it's also why you can't do standard likelihood ratio
tests with it.

However, if L(B; Y, X) is not close to the true distribution, its interpretation is problematic, just as in
the case of a misspecified linear regression.
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