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Table 14.1. Four commonly used binary outcome models

Model Probability p = Pr(y = 1|x) Marginal effect dp/dx;
Logit A(X'B) = P /(1 +ex'P) A('B){1 — A(X'B)}B;
Probit o(x'B) = [* P ¢(z)dz o(x'B)3;

Linear probability F(xX'B)=x'p Bj

Complementary log-log  C'(x'B) = 1 —exp{—exp(x'B)}  exp{—exp(x'B)} exp(x'B)s;

o & = E =

DA




KEHE

g S AR probit; logit; cloglog
S5 2% Probit #i7 hetprobit

VESE N A AR Y Probit A% ivprobit; eprobit

TR FEHLRL Y Probit #5i7d xtprobit, re

T M FENLRL Y, Logit A7 xtlogit, re

T AR [ B R, Logit A# 7Y xtlogit, fe
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HIRERG]: RRRE

O 1Exs: BERRK

DA



HIRERG]: RRRE

HdE: 2000 4 HRS, 50-86 ZFEA ., ins=1 FRIHFANEERLRE:

use muslé4data.dta, clear

describe ins retire age hstatusg hhincome educyear married hisp

summarize ins retire age hstatusg hhincome educyear married hisp

bysort ins: summarize retire age hstatusg hhincome educyear married hisp, sep(0)

ins=1 HHA[REIRIR, AFRHON. @ERROUEL . HEH. XEAFEL . CIRHIENIETE.




HIRERG]: RRRE

Prly; = 1| x;] = A(X/8) =

exp(X;5)
IR0 <Pr[y; =1]x;] <1, MLE S i j& —F &1

1+ exp(x;ﬂ)

D i = AKX =0
i=1
KT B ALY, FEAKAE.

R (R

el
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HIRERG]: RRRE

logit ins retire age hstatusg hhincome educyear married hisp

Iteration @: Log likelihood = -2139.7712
Iteration 1: Log likelihood = -1996.7434
Iteration 2: Log likelihood = -1994.8864
Iteration 3: Log likelihood = -1994.8784
Iteration 4: Log likelihood = -1994.8784

Logistic regression

Log likelihood = -1994.8784

Number of obs
LR ¢hi2(7)
Prob > chi2
Pseudo R2

= 3,206
- 289.79
= 0.0000
= 0.0677

ins | coefficient std. err. z P>|z]| [95% conf. interval]
retire .1969297 .e842e67 2.34 e.el9 .0318875 .3619718
age -.8145955 .0112871 -1.29 ©.196 -.0367178 .8075267
hstatusg -3122654 .0916739 3.41 @.001 .1325878 .491943
hhincome .0023036 .e00762 3.02 °.003 .00081 .0037972
educyear .1142626 .9142012 8.95 ©.000 .0864288 .1420963
married .578636 .0933198 6.20 ©.000 .3957327 .7615394
hisp -.8103859 .1957522 -4.14 ©.000 -1.193973 -.4266387
_cons -1.715578 .7486219 -2.29 @.022 -3.18285 -.2483064

DA




HIRERG]: RRRE

pi =Prly; = 1] x;] = ®(x;8)

D(2) = [°¢(s)ds AARHETERS c.df., FH D' (2) = ¢(2) = 7= exp(=2*/2) AFRHETLAS p.d.f.

27r
55 logit [, probit ) MLE — [ 5% #FT REMIL -
S , P(x;3)
;(yi - (I)(Xlﬁ)) (I)(X:ﬂ)(l CI)(X/ﬂ)) =0

FEITEER S logit RIEARF, {H 1 GEiTEAM.
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HIRERG]: RRRE

probit ins retire age hstatusg hhincome educyear married hisp

Iteration @: Log likelihood = -2139.7712
Iteration 1: Log likelihood = -1994.4552
Iteration 2: Log likelihood -1993.624
Iteration 3: Log likelihood = -1993.6237
Iteration 4: Log likelihood = -1993.6237

Probit regression Number of obs = 3,206
LR chi2(7) - 292.30

Prob > chi2 = e.eeee

Log likelihood = -1993.6237 Pseudo R2 = ©.0683
ins | Coefficient std. err. z P>|z| [95% conf. interval]

retire .1183567 .0512678 2.31 e.e21 .e178736 .2188397

age -.0e88696 .206899 -1.29 e.199 -.0223914 .ee46521

hstatusg .1977357 .8554868 3.56 2.000 .8889835 .3064878
hhincome .001233 . 0003866 3.19 0.e01 .e004754 .0019907
educyear .e707477 .0084782 8.34 0.e00 .e5413e8 .e873647
married .362329 .8560031 6.47 e.000 .252565 .4720931

hisp -.4731099 -11e4393 -4.28 0.000 -.689567 -.2566529

_cons -1.069319 .4580794 -2.33 0.020 -1.967139 -.1715e02

DA




HIRERG]: RRRE

quietly logit ins retire age hstatusg hhincome educyear married hisp
estimates store blogit
quietly probit ins retire age hstatusg hhincome educyear married hisp
estimates store bprobit
quietly regress ins retire age hstatusg hhincome educyear married hisp
estimates store bols
quietly logit ins retire age hstatusg hhincome educyear married hisp, robust
estimates store blogitr
quietly probit ins retire age hstatusg hhincome educyear married hisp, robust
estimates store bprobitr
quietly regress ins retire age hstatusg hhincome educyear married hisp, robust
estimates store bolsr
estimates table blogit bprobit bols blogitr bprobitr bolsr, ///

stats(N 11) b(%7.3£) t(%7.2f) stfmt(%8.2f)

pm =
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HIRERG]: RRRE

quietly logit ins retire age hstatusg hhincome educyear married hisp
predict plogit, p

quietly probit ins retire age hstatusg hhincome educyear married hisp
predict pprobit, p

quietly regress ins retire age hstatusg hhincome educyear married hisp
quietly predict pOLS

summarize ins plogit pprobit pOLS

Variable 0obs Mean std. dev. Min Max
ins 3,206 .3870867 .4871597 e 1
plogit 3,286 .3870867 .1418287 .0348215 .9649615
pprobit 3,206 .3861139 .1421416 .0206445 .9647618

poOLS 3,206 .3870867 .1400249 -.1557328 1.197223
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AR R BN RE R LU, HEBGA PRk -

AKX'B)(1 - AX'B))Bj, logit
=F' (X'B)Bj = {6(XB)B;, probit
B;. OLS

ME, = BPr[)(;;jl | x]
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O FIyhiFraL. (AME):

1 < 1< s
AME; = ;ME,- =~ ;F (xiB)B;
Q WEHAL MBS, (MEM):

MEM; = ME;(x = X) = F'(X'B)S;
Q I RILERY. (MER):

MER; = ME;(x = x*) = F'(x" B)8;

el

DA



g2 s v

HAEYM F(XB) =x'B (LML) Bf=FHME, =FAREFERILEANF LPEE F().
Stata fjy%~: margins, dydx(x) (AME). atmean (MEM), at() (MER)

quietly logit ins retire age hstatusg hhincome educyear married hisp

margins, dydx(x)

margins, dydx(*) atmean

O T H



. margins, dydx(*)

Average marginal effects Number of obs = 3,206
Model VCE: OIM

Expression: Pr(ins), predict()
dy/dx wrt: retire age hstatusg hhincome educyear married hisp

Delta-method
dy/dx std. err. z P>|z| [95% conf. interval]
retire .0427616 .018228 2.35 0.019 .0070354 .0784878
age -.0031693 .0024486 -1.29 8.196 -.0079686 .00163
hstatusg .0678058 .0197778 3.43 0.001 .0290419 .1065696
hhincome . 0005002 .0001646 3.e4 e.eez2 .eeel1777 .2ees228
educyear .0248111 .00297e5 8.35 e.eee .0189891 .@3e6332
married .1256459 .e1982e5 6.34 e.oe0 .0867985 .1644933
hisp -.175951 .8421962 -4.17 e.e00 -.258654 -.8932481
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g2 s v

. margins, dydx(*) atmean

conditional marginal effects Number of obs = 3,206
Model VCE: OIM

Expression: Pr(ins), predict()
dy/dx wrt: retire age hstatusg hhincome educyear married hisp
At: retire = .6247661 (mean)

age 66.91391 (mean)

hstatusg = .7e46163 (mean)

hhincome = 45.26391 (mean)

educyear = 11.89863 (mean)

married = .733eeee (mean)

hisp = .@726762 (mean)
Delta-method

dy/dx  std. err. z P>|z| [95% conf. interval]
retire .e460479 .8196856 2.34 0.019 .0074648 .884631
age -.0834129 .8026389 -1.29 0.196 -.ee8585 .8017592
hstatusg .e73e168 .821412 3.41 0.e01 .831e499 .1149836
hhincome .2805386 .eee1785 3.e2 0.003 .0001888 .2008885
educyear .08267179 .ee33e25 8.e9 0.000 .0202452 .8331907
married .1353e2 .8217469 6.22 0.000 .08926789 .1779251
hisp -.1894732 .845563 -4.16 0.000 -.2787749 -.lee1714

o F = E DA




— B, ME; = F/(X'B)B;-
o OLS: ME, = 4;;
e Logit: ME; <

0.253;, HN

@ Probit: ME;

F'(X'B) = AX'B)(1 - A(X')) < 0.25
0.408;, BN

1

F'(X'B) = ¢(x'B) <
HHJH’;T%‘@J BLA‘(%)\]J IBLoglt
Xt logit,

~ 0.40
2
4BoLs,
Tuﬁu Bl ME; ~ (1 - y)B;.

ﬁ|

Bprobit = 2.5P0LS» BLoglt
BEFE (EFRL

1. 6,BProblt

DA
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JLELE (oddsratio): p/(1 - p) &y = LRIXFT y = 0 BURRE. Bty = 1 FoR4E47.
y=0FIRIETS, JLRION 2 FoR B LARZIET- A% . Logit 171

exp(x’p) P

- 1 +exp(x’B) 1-p = exp(X'f)

d(p/(1-p))

_ ‘g = P 5.
ax; =exp(xX'B)B; = 1 —-pl%

Bj = 0.1 F7R x; Bfim 1 FALH LR LT DA exp(B)).

logistic ins retire age hstatusg hhincome educyear married hisp

logistic ins retire age hstatusg hhincome educyear married hisp, coef
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WA BRI
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quietly logit ins retire age hstatusg hhincome educyear married hisp

estat gof, group(4)

note: obs collapsed on 4 quantiles of estimated probabilities.

Goodness-of-fit test after logistic model
variable: ins

Number of observations = 3,206
Number of groups = a4
Hosmer-Lemeshow chi2(2) 14.04
Prob > chi2 = @.eees

DA
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Angrist et al.(1998)
o TEFELRIG S5 EEITHK: @Han2019
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#R: EARAIE

FEBEHUIAT T ECAR 5 BT ACR (Pooled) SHHIIHEAY Logit I A5 (ORI
SOSNE, DAR I — - AAE AR LS SR LA
Jb: ST ARG OLS + BARL (R L.

logit y x, vce(cluster id)

SEFH /M) 224 (Equicorrelation / exchangeable ) AR R T [H]— AN [F] B 7] (4 AH 56
PREER,  BIMEAR [a] — AN A AT 7 AN S [R] s [) A 18 22 TRH o R BRER 2 w40
Corlyir, yis | Xits- . xit] = E[(yir = AX[,8)) (vis = AX[B)) | Xit, ..., xir] =p

R SN TLRIERA R FT) R/ —3ik (Feasible GLS) + FRRBARIED.

[
‘xtlogit y x, pa corr(exch) vce(cluster id)
L

o F = = £ DA
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”—(— 10g1t *%_ﬁéqjé'l)\/\ﬁ:xj’lr . @; - PI‘ ylt =1 | al,xlt] -
T
F it

Syt | @i X,

Elyir | @i, Xi] = Aai + X, )

xir) = [ | Alai +x],8)" [1 = Ala; +x],8)]'
t=1
ik a;

Elyir | xit] = E[E[yir | @i, xi]] = / A(a; +x;,8)g(a;) da;
~ N[0,02], 5 HA i

Fits - yir | Xty - Xi1) = /

o Stata iy

t=1

[ [AGi + X8 [1 = Alai +x,8)]' " | g(ai) da

xtlogit y x, re
BT (EREHH
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Prlyir = 1| @i, Xi] = E[yir | @i, xi] = Al +x],8), Hir o 5 xi MK
AREBAMRBUIEERXS yir KT X3 TN DRSS B logit;
o MEPAVHZ ai (— W ZE4rTCRL)

o (HAINE: &MEMLE M f(its ... vir | 212y yie) s
e Stata fji%: xtlogit y x, fe

R (R

el
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iR EAREEE

E%&im%%4ﬁﬁ$, @i& a; = i:ﬂ- + i, ni ~ N[O’ 07%]7 Ijl\u

xtlogit y x xbar, re

Prlyi; = la;, Xir] = Elyirlai, Xir] = AXj7 +n; + X, 8)
Xt yir 2T xi A X EEHLRLY. logit:

el

DA



#R: EARAIE

Prlyi = 1] @i, xi] = P(a; + X;tﬁ)
S BB, probit, a; ~ N[0,02], AJUERA:

Elyir | xa] = / O(a; + X, Bg(ar) das = D(x,B), B =

\/1+0’§

RS (G

B
(X1 RE probit () ZEATfERE, HIZ2IR G probit B[y | xi] = ©(x],8) REWHEEL.
[ E RV, probit ToIEIHE @i, PIILECA xtprobit, fe.

DA
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HERG: REEEL

Witk #EA0 Rand HIS 3-5 4FY{EPAIiAR . dmdu=1 FoRid K 4FF L EE.

use musl8data.dta, clear

summarize dmdu lcoins ndisease female age lfam child id year

xtset id year

xtdescribe

xtsum dmdu

xttrans dmdu

corr dmdu L.dmdu L2.dmdu

xtsum dmdu lcoins ndisease female age 1lfam child id year

RS e — BN T, HEEHTCHHNZE S/ 1coins, ndisease, female ZE[H4H
WSS A ZEAR DN, X5 FE Alitt. oy > <%

ul
i
S
el
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HERG: REEEL

global xlist lcoins ndisease female age lfam child
quietly logit dmdu $xlist

estimates store

WRONGSE

quietly logit dmdu $xlist, vce(cluster id)

estimates store
quietly xtlogit
estimates store
quietly xtlogit
estimates store
quietly xtlogit
estimates store

estimates table

POOLED

dmdu $xlist, pa corr(exch) vce(robust)
PA

dmdu $xlist, re

RE

dmdu $xlist, fe

FE

WRONGSE POOLED PA RE FE, ///

equations(1) se b(%8.4f) stats(N 11) stfmt(%8.0f)

DA




By

REBESE

Variable WRONGSE POOLED PA RE FE
#1
lcoins -8.1572 -0.1572 -8.1683 -0.2404  (omitted)
0.0078 ©.0109 e.0108 ©.0163
ndisease 0.0503 @.@503 ©.0515 @.0782  (omitted)
0.0027 0.0840 ©.0039 0.0055
female @.3092 @.3e92 ©.2977 @.4631  (omitted)
©.0318 ©.0446 ©.0438 ©.0663
age ©.0043 0.0043 ©.0046 0.0073 -9.0342
0.0017 0.0022 ©.0021 0.0032 ©0.0184
1fam -8.2048 -0.2048 -8.2044 -0.3022 ©.4788
0.0324 0.0470 ©.0455 ©.0645 0.2597
child ©.0922 ©.0922 ©.1185 ©.1935 @.2705
.8553 ©.0728 0.0674 0.1002 ©.1685
_cons 0.6039 0.6839 @.5777 0.8630
0.0799 @.1108 ©.1066 0.1569
/1nsig2u 1.2257
0.0491
Statistics
N 20186 20186 20186 20186 9025
11 -11973 -11973 -10879 -3396

Legend: b/se
[m] = =
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HIRRG: REBEELE
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HERG: REEEL

Q2. £ Logit Bl , R4 B = 0.8 MIEHIMR IR (147

A.
B.

Xic i LR, Y = 1ROARRIE I 0.8 (B 80 ANE 73 4%)

Xi 350 1AL, XHEULE (log-odds) HYMN 0.8; FFEAELAR LKA £(XB) J5 A eI
RRAEA

Xy S 1 RRAL, Y UG 0.8

Xic (bR AR 0.8, 5 X HHUETC X

o < =) «2» T WAX

RET (B PRE T2 RT) B 2 et



HERG: REEEL

Q3. FESLEH, Logit 1 Probit A5 | 24 41{A] 5457

A.
B.
C.

AT PO B RT L BL SR A R 400 & B A B

JUASARIE R ZE T L5247 (Logistic BUIERS) #$

T AME RUBE FRiE LT B2 AR SE e, e 5 Zlig 4R 6 (4551w Probit,
NI A Logit)

Probit Sue T Logit, PINIEZR/HTEH L

o = = = E DAl




HERG: REEEL

O i Python 5§ Stata = ii— " JC AR S BIUAIEEE . 4 3 H LPM. Logit il Probit
flivt, H:
o REMIFF S M E R
o AME 2 4Eir?
o LPM Pl 2t BAE [0, 1] 2507
@ X LR, 7 Logit B 58 FI SR AME, JHHE AME 4/ MIETF.
WIRASAZ BEAEARR R L Rsgm o R? 5 B B Logit R ECR/ MY HER A AN E]?
O i i} Python 5 Stata (1) ELSCEUBUENE, M— o8B0 ok
o 1z4T Logit £l Probit
o IR MER AME
o [N EHAR R TIIAE AR P (TR AP 12 R Ae e th £6)
o ALY IER 732 F0 ROC il £k

m] =2 = = E DA

R (EFRZE BT O T R 2



HERG: REEEL

O RARHIT R RN TR, fRiHZRR “ THOREE T 5000 557 (=
JUALHE) o A ALHTR NSRBI LPM, PN R B EE”. ARS Il 27 FEff

ZIEOLT LPM #i st — B (SEEPEERRY) Meds?
O TEBEHMASL TSGR, Logit MRS RIEH ALAE (OR) KITEHRE AT+

R BREUY. (AME) . SHEX AR FIEE; i 4fE 25524 OR Hif &
BRFEGRITIR?

Or «Fr <=r» <> = DAl
BES (EFRZEFUET) X
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