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MlaLs10a9lY Binary regression?

* [Wosnlunangn1sAne11I9918 Aausnuvse Y Tuunnsalidnue
nlulgaidusiavdunsemiasnily wu nsAinwtadeiidiasianis
dndulaze Fansalil Y Ao ¥ was laiwe wA 2 nuden

* fatiuanwazdaya Y killdnwauziuudoiias ¥39 dnuaLLUULINkIIUNF
(distributed normally)

* Aaludiwls Y Jalidnvaziludayadenunin ey 19deswastoyaillv
aglusUrasiay (s dummy) wu @e (Y=1) L@ (Y=0) 1Jusu
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X
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EVAC PETS  MOBLHOME TENURE EDUC
0 1 0 16 16
0 1 0 26 12
0 1 1 11 13
1 1 1 1 10
1 0 0 5 12
0 0 0 34 12
0 0 0 3 14
0 1 0 3 16
0 1 0 10 12
0 0 0 2 18
0 0 0 2 12
0 1 0 25 16
1 1 1 20 12



Mlasaladlawuuanaas Linear regression ?

* HuUNFAALITANNSONDDULTILEU LAZUTZUIUATNITITLANDS L UL UUTIED
Iaely OLS

* uRnISUTEINALUUSIa0391 v*= (0,1)
y =xP +e
o auilnAndaymaweluil
* AANuLUTUTINVOY error Tifle -> 1Antleyim Heteroskedasticity
* Error fianadsliivindu 0 wazldfinnsuanuasuuuund
° Ay ﬁwmmaﬁ%lﬁﬁmagﬁwm 0 &9 1 Fsluimsaumnunduais

® Guass Markov assumption 13JL°‘1‘;Juaﬁ<ﬂwmsJ€]6’ﬁa ilin1suszanaaay OLS
lana Bias



Comparing Linear Regression and Binary
Regression Models

Linear Regression Model

1 D

Binary Regression Model

Nonlinear models for binary response



Logit and Probit models for Binary
choice Model

* JagUunuudnaas Binary choice regression 4 2 Luudnaes A9
® 1) Logit regression

2) Probit regression
P(y = 1|x) = G(Bo+B1z1+. . .+ Brzr) = G(xB)

\
| anuagluagay (cumulative
Aatasdud distribution function : CDF) aidutleAtud
=1 yilaunseglutae 0-1 thuesiliiia
anansaUszanmAn Yaeglutas 0-1

0<G(z) <1



Logit and Probit distribution

® Cumulative Distribution Function : CDF 984 Logit k&g Probit
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Logit and Probit Models for Binary Response

® Cumulative Distribution Function : CDF 984 Logit Lag Probit

Probit: G(z) = ®(2) = [z #»(v)dv (normal distribution)

Logit: G(z) = A(z) = exp(z)/[1 + exp(z)] (logistic function)
whereas z = x5
® PUUUANNITUUUINGDY Logit Lay Probit

v =xB8+e and y=1[y > 0]

= P(e > —z8) =1 - G(—x8) = G(zP)



LNIILEIAL:

logistic kag normal distribution ViMlALs@U150851981NT probability 1a
Fadumadenvila v eglugig 0-1

1 X =0, Asilu p = .50
" faAn BX @y, p awdnlngd 1 unau

" H9An X 6T, p Aztlng 0 annd
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N15Us2u10d

= 1199910 VO AUYAVD Gauss Markov Taigluasaluvansdo o SRILTIRG
UszanaIae OLS asfnaatiulumsilssusiuusiasd Probit tas
Logit m@mﬂﬂfmsﬂsw1muumumﬂﬂa Maximum Likelihood

Estimation (MLE)

= Taof likelihood function (L) ﬂ?)ﬂ”lﬂdﬂ“]fuﬂ’J”IjJu”Ii]“’!,ﬂu‘Vlﬂ”IGl’J!l,ﬂ‘i Y
wmﬂﬂamfaSqwiammuﬂumuﬂa Y mﬂuﬂaumamwmm (pf, P>,
oy D)), 1Y D ﬂumﬁﬂ@mu Y=0 ﬂ‘L!‘VItT?NG]?)‘U Y=1 @N‘L!‘L!p] o
ﬂ'ywum‘:u}u‘rmumﬂmay Y=0 I,I,E‘]wpz, ﬂaﬂu‘nﬁm@mu Y=1
VTER C]Nﬂﬂ@l!‘i"l"l]wl,ﬂﬂ“llﬂuﬁ N 979814 @N‘L!‘L! function likelihood A®

L =Prob (p,*p,* * *p,)

Y d

dd
= anlumsyszanainah qmwamm % ﬂﬂﬂ"l‘i‘ﬁ”lﬂ”l % fr 1A L gange

q
0.)

U199 M5 12N L ey aaremanuthsufiseznemsaii Y
andenga



* Maximum likelihood estimation ¥84LUU1@BY Logit Lag Probit

................................................................... «— Muhezduresauiiney y,

f(yZ|X’Lr B8) = [G(Xzﬁ)]yz [1 — G(Xz/@)]l y@ =0 Iﬂaﬁmﬁmauﬁuﬁuagﬁu
/7

———————————————————————————————————————————————————————————————————

Uady x aneqlunuuinass

anunaziluresnuniney y, =1 laein1sneu
TuAuegiulade x sieqlukuudnaes

® FItULIIEINNT0ET9EUNNS Llog-likelihood lagadl

log L(B) = log | || fwilxi; B) | = D_ log f(yilxi; B)
i—1

=1

E = max Z logL; () —
i-1



N1sUsZUU

B = max ) logL; (§)
i=1

n

log L(3) = log (ﬁ f(yi|xi;/8)) = Z log f(yilx;: B)
FOC - -
dlogL(B) _ 0
ap
SOC

dlogL(B)
0B

<0



A29g149Na (STATA)

bvap; is black voting age population

. probit black bvap

Iteration 0: log likelihood = -735.15352
Iteration 1: log likelihood = -292.89815 Taalbrd
Iteration 2: log likelihood = -221.90782 Max!mlz_lng the
Iteration 3: log likelihood = -202.46671 |og-||ke||hood
Iteration 4: log likelihood = -198.94506 f . |
Tteration 5: log likelihood = -198.78048 unction!
Iteration 6: log likelihood = -198.78004
Prcbit estimates Number of obs = 1507
IR chi2 (1) = 1072.75
Prob > chi2 = 0.0000
Log likelihood = -198.78004 Pseudo R2 = 0.72%96
black | Coef 5td. Err z P>|z]| [95% Conf. Interval]
_____________ +________________________________________________________________
bvap | 0.092316 . 5446756 16.95 0.000 0.081641 0.102992
cons | -0.047147 0.027917 -16.89 0.000 -0.052619 -0.041676
Coefficients are
significant
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Interpretation (nN1sudana)

[}
=

a . . =) 9/ 1 ~ == 7]
o ITasdnam3sutlawaduns linear regression Ao nuszlanana1 B BINA X

wasuld 1 wide Y azlasuudasldmny .

1 o . = .
e U lUUVIAB probit 130 logit

o s1zudanan a1 x Waesull 1 wide Pr(Y=1) vxlasuutasliiminy 3 .

] ] < gw = 1 1A < ~ ~ 1 A 9 ~
Lmaﬂ‘m"lﬁﬂm‘mn‘lmﬂawmmuuﬂamauﬂwmaag osnndumsudananasnaaea ll nainae a1 x 1asu 'l
[ H 1w ~ 2 1 a o ] o . . = 3’/

1 wu2e Pr(Y=1) widasuuadldininy g aaea 91195981150 uuus1aed logit 11ag probit FINIa09
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Uuvv09an1suanakuuLhl

o A 2 & 0 Y A 2 v 1
A98NB Y MINNVUVITATIU BVAP 910 0.2 11/ 0.3 uA MIINNYUVBITATIU BVAP 910 0.5 1/
o ' < 4 & & =~ o ) IR~ ~
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nazwnbutdywniloenals: Marginal Effects

® gaium [ fvesnuudiaes Probit uaz Logit vuiianwaeiilu partial effects aaiiusy
' ay A T oA = o 2 Y] ) = A ' Y ) =
azudaeendlsadr [ uasnuuuil mneune sidedinamasves § lundazsiaiiues Feaanse
ld 2 38aaiu

¢ Partial effects at the average: whasdtls x Megluaunde x (lunsdiziifayiod

= v a - 1 = = 1 1 -
wls x Bawilu 1 waz 0 mazAunaseziluogizrig 0-1

PEA] — g(.’E‘/@)ﬁj <€ weFanouiiey laztouminies weadunls)
- Average partial effects: lunsalfifevAadenad partial effects Wianun
n o.ll leJd 1 YV a 1
e . 1 AL LAY UULDN (LL‘U‘U‘UWﬂ'ﬂqLLangﬂiUﬂﬁqﬂJugﬂJN']ﬂﬂqq)
APE; =n E Q(Xiﬁ)ﬁj «—

Z:]. o £ [l ]
=1 == [T | -] - o’ I =
e 1INVSLIYNIADTONIILUATUIINITIN Marglnal effect HuLBY LWi’J“ﬂﬁ]ﬁﬁ"lﬂJTﬁﬂlLﬂﬂ

watuIlaed Logit wag Probit &

17



Marginal effect (continuous data)




Multivariate test

* Hypothesis testing (113U maximum likelihood estimation)
* t-tests and confidence intervals fau1salalunsal univariate test
* uwailunsdlves multivariate hypotheses test az14358uY 1
® Lagrange multiplier or score test
® Wald test

* Likelihood ratio test (AaMAUNITYIN F-test )
5 e— Chi-square distribution with

LR = 2(logLyr —10gLy) ~ Xgq q degrees of freedom
Ho:f3=0,84=0,05=0 == |LF

H{ : Hg is not true == Lur

19



® Goodness-of-fit measures for Logit and Probit models

® Percent correctly predicted

_ :{ 1 if G(xiB8) = .5 <

Individual i‘s outcome is predicted as one if
UY; . the probability for this event is larger than .5,
= 0 otherwise g y :

then percentage of correctly predictedy =1

and y = 0 is counted

® Pseudo R-squared - .
Compare maximized log-likelihood of

E 2 — 1 — l{]g L_u,r,f ng LCI < the model with that of a model that
only contains a constant (and no

explanatory variables)

® Correlation based measures

~ 2 €——— Look at correlation (or squared
COTT(yi’ yZ)’ COT‘T‘(yi, G(X'LB)) correlation) between predictions or

predicted prob. and true values



18351 LAAS B8 Maximum Likelihood fatiuLs198i1n1sNad@auananiy
Likelihood
N15NAFBUANNAFIY

HIdeannsanaaauLuuaadladniaslnsinlaiwuudteeussanale
Tuanunsnedutenginssulasgsiitsdrdguiala Taeiaisanainal Likelihood
ratio statistic FHANJUFDATINVRIEIUAURIAT log-likelihoods fail

LR = 2(Lyr — Ly)

danuunln Ly, AoA log-likelihood Wsuuudnaasliiivadnia
(Unrestricted Model) tag Ly Anan log-likelihood Wiauwuuidnassiivednnn
(Restricted Model) 189310 Ly — Ly t@ue fstiuan Likelihood ratio statistic 2

= [~
ALUANUUUINLEUD
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LR insnseangkuulaawads (Chi-square distribution) Aelavaauumgiu
wan Hy fi1uuuitasslianunsneiuienginssuvesiudsaiule Feuile
ABINITNAADUILUUINRDIAIUITDBSUIENANTIUVRIF U TA1uLanTalal
fidudadeafiansanainal LR Sraumisiifudsdase g f (bisfuAaed) dn LR
efinsnsereuuulaawnIsiisl degree of freedom (D) windu q d1eAnada LR
NTudAny A 5EAU 5 % wanwigideaunsaujiasteanungiuvan (Hy) way
gaUFUIMUUIIABIAINIT0RTUIENgANTTUVRIAILUTAULe TagUsnAua?
Tusunsumeyiiumeiiiendestuimsusiifiaemuine LR uay pvalue nnass

LN USLUNUANNSLANLLAL LN UR



n15uvsuavasarivszialdsainuuudiassladnuasz Insis

lUsunsupoNmmesazAUIANEUUTEENS A1 standard error
VYOIFUUTTANS warAUealendu Log-likelihood Aduyseansaziduan
UaNTiANIweINANIENUTELUTRasETuY (X) Tifnelonalunsiie
wansal (V) findudseandiduuinmneanuindiuusdase il
Tonafigiinuenisal fanarafiutu sssfuduiimdulssandiduay
mneaMEIvulBassiuililentafios Anmansnifnananas
A" standard error WsdNUSEaANS Ui muaa1tad1Atneans
VIIUUT Xj Upiazin %aﬁzé’uﬁaéﬂ YAz UaN AT LA
Ufesannigiuman (Ho) Mrardudszansvos X winugud
(HO: B; = 0) lansely
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ANuaInsavesuuUTaesilszinaldlunsfiaynensaimanuiiasdy
voanguineeeiedienit Goodness-of-fit dufeiesidudiuuusianssneinsal
iﬁgﬂé’aqmmmﬁwmmﬁﬁﬂﬁ vnnuIAmeInsal G(Bo + X;B) > 0.5 AUsEaw
lanalunsiiawnnisal Y=1 wagymnnuinaneinsal G(By + X;B) < 0.5
AUszanadenalumsiiamnnisal Y=0 Wedidudnuuudasmeinsaliviifuaiass
ymnefauuiasmensaigndes tuAenennsalin Y=0 ielifinmnisal ¥ uay
nensait Y=1 defivanisnl Y \fatu uinsAnuedidusisufensasihlugdoasy
laignéasld wu windidegneviavan 100 au Tasnguiesnsdidl Y=1 S51uam 10
AU waglnonguieeeiil Y=0 i1y 90 Au fausHuuudiassaynensal Y=0
dnundusiegieais 100 au Weddud Anuuiusvesuuudaeaviiiy 90 % i 1
fuuudtasanennsainguietnefidan v=1 ligndeas Feunsuansnuing1ds
Arsueniuszisaessadwssauandlunmasiolud



A1579% 8.2 A19E19N15S1Y9TUAIULNUGIVDINDYNILUVINADY

ANWEINS | AWeINsad

(Yi=0) | (Yi=1)

A1939 (Y; = 0) 90 0 90
A139 (Y; = 1) 10 0 10

37U 100 0 100
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McFadden (1974) giauslifinnsld Pseudo R-squared Liiafiansauuuusnass
lneA1 Pseudo R-squared AgiAUKLIEARIEIUAT R-squared Tun15UTEUN
AUN1T0R0RYTNEU (Linear Regression) Au3adlaan 1 — Ly, /Lo AWUALA Ly, A8
A log-likelihood wWawuusiasdlififodidn (Unrestricted Model) wag Ly Aamn
log-likelihood Wlawuusadiiiiesr1ni (Intercept) iietagaufien duuusiasdl
A1015003UNEMANIIALA Ly /Ly = 1 v11% Pseudo R-squared Wiy 0 nsafiu
U110 Ly, = 0 A1 Pseudo R-squared W1AU 1 BU18ATILILUUIIADEINIT
asuBwAnIsallaRuIn

anuflvidoin1sussunaLrasNansaous (=1 Weidusosudnisseine, =0 o
Fusaousuanluuszne) andnwasnslindsnureszezne (mpe) tminsaus
(weight) wazdnILNY3 (gear ratio)

*Augilurgegaues Log-likelihood ratio wilunnauluaier Ly lansadugudlaluiuuinaedadnvialnsde



A29819N15LLENINATDINISUSTUIULLUUINADILaIN

logit foreign mpg weight gear ratio

Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration

ook wNRE O

log
log
log
log
log
log
log

Logit estimates

Log likelihood =

Number of obs

69
53.82
0.0000
0.6347

mpg
weight

gear ratio
_cons

5.

likelihood = -42.400729
likelihood = -21.25145
likelihood = -16.956941
likelihood = -15.692303
likelihood = -15.495945
likelihood = -15.488658
likelihood = -15.488644
-15.488644
Coef Std. Err
-.2524188 .1167192 -2.
-.0033825 .0013854 -2.
543769 1.856432 2.
-3.43858 7.283729 -0.

fneg19a1nAla STATA 8.0

LR chi2 (3) =

Prob > chi?2 =

Pseudo R2 =
P>|z| [95% Conf
0.031 -.4811843
0.015 -.0060978
0.003 1.905229
0.637 -17.71443

-.0236533
-.0006671
9.182309
10.83727
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A29819N15LENINATDINISUSTUIULUUINADIINSUR

probit foreign mpg weight gear ratio

Iteration 0 log likelihood = -42.400729
Iteration 1 log likelihood = -20.721735
Iteration 2: log likelihood = -16.38795
Iteration 3: log likelihood = -15.284765
Iteration 4: log likelihood = -15.148649
Iteration 5 log likelihood = -15.145575
Iteration 6 log likelihood = -15.145573

Probit estimates Number of obs = 69

LR chi2 (3) = 54.51

Prob > chiZ2 = 0.0000

Log likelihood = -15.145573 Pseudo R2 = 0.6428

foreign | Coef Std. Err z P>|z| [95% Conf. Intervall]

_____________ +________________________________________________________________

mpg | -.1487816 .0694506 -2.14 0.032 -.2849022 -.012661

weight | -.0019479% .0007826 -2.49 0.013 -.0034817 -.000414

gear ratio | 3.279957 1.054985 3.11 0.002 1.212224 5.34769

_cons | -2.182765 4.259567 -0.51 0.608 -10.53136 6.165832

note: 1 failure and 0 successes completely determined.
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A19819LaZN1SLIUSIUNEUNAN15USZU14N
LUUINADIN)

F19819: Married women’s labor force participation

TABLE 17.1 LPM, Logit, and Probit Estimates of Labor Force Participation

LPM = linear Probability model or linear regression model

Dependent Variable: inlf
Independent Variables LPM (OLS) Logit (MLE) Probit (MLE) & ;
nwifeinc — 0034 —.021 —.012 VIENUITNANTT
(.0015) (.008) (.005)
educ 038 221 131 BTt
S o oo UTLUIULANFINNU
exper .039 .206 23 I
(.006) (032) (.019) DU INUTNLLASLEINVS
exper’ —.00060 —.0032 —.0019
(.00019) (.0010) (.0006) Lﬁ DALY g\i’,]a 9 \‘119]
age —.016 —.088 —.053
(.002) (.015) (.008) & A o
Kidslt6 — 262 —1.443 — 868 NRIDLVBLLUUINN DN
(.032) (.204) (.119)
kidsge6 .013 .060 .036 1@] ?
(.014) (.075) (.043) :
constant 586 425 270 £
(.152) (.860) (.509) g
Percentage correctly predicted 734 73.6 734 ;f
Log-likelihood value — —401.77 —401.30 8
Pseudo A-squared .264 220 .221 =

29



Logit and Probit Models in R

* 1% Package ‘mfx’ Tun19%1 Marginal Effects uag Odds Ratios
. ﬁaaehai’iauaﬁl%’

AnunareItaTuawa lULNNsan 1A AUl ANEIRD LUSE AU
Ugnfne) Usenaune

admit  fe fuUsAudanwaidu Binary responses
1oy 1 = 191998 wag 0 = binsau
gre fo pzuuuasuauataTly (General Test Score)
opa Ao wansiSuuAazay (Grade Point Average)
rank Ao FolduswasunnInends TnedaSesdiusening 1 8 4
Tag 1 vneds SPedeanniian uay 4 vaneds $3edetiosdian

30




* Install package Wazlsen Library (mfx)

* Judvoyalag

data <-read.csv("https://stats.idre.ucla.edu/stat/data/binary.csv")

* AuunliuuINaes Ae admit = gpa + gre + rank

* Tun1suszunel Logit model T4#9neu glm (generalized linear model)
m1=glm(admit~gpa+gre+rank,family=binomial(link = "logit"))

summary(m1)
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Call:

glm(formula = admit ~ gpa

Deviance Residuals:

Min 1Q Median
-1.5802 -0.8848 -0.6382
Coefficients:

Estimate S5td.
(Intercept) -3.449548 s
gpa 0.777014 0
gre 0.002294 B
rank -0.560031 0
Signif. codes: 0 ‘ww¥/ (

(Dispersion parameter for

499.98
459.44

Null deviance:
Residual deviance:
RIS

467 .44

+ gre + rank, family = binomial (link = "logit"))

LLAMINTITLLANLLAIUDY residuals
d1915U individual cases

Max
2.1732

3Q
1.1575

Error z value Pr(>|z]) NAFwUSHUE RN
132846 -3.045 0.00233 ** L oY
.327484 2.373 0.01766 * dam t JsnuULAALY
001092 2.101 0.03564 ~*~ LLgm(;if]qﬁJuvLﬂ
.127137 -4.405 1.06e-05 #*#*=
.001 ‘**’ 0,01 ‘*’ 0.05 ‘.” 0.1 * "’ 1

binomial family taken to be 1)

on 399 degrees of freedom
on 396 degrees of freedom

ANINAD 1519 UANARINANS1ULaEUSD LY ?

} 24
= =
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Y |

. mmau A9 1s/ \ilpsanausifiussunadlaien
sy Fodldnaeasvanuiiluudazyig

® LuvauAly 2 38

1. Odd ratio
logitor(formula=admit~gpa+gre+rank, data=data)
2. Marginal effect

logitmfx(formula=admit~gpa+gre+rank, data=data)

lupeituLpazyg

33



Odds ratio

* Odds ratio (OR) %32 Exp(B) %30 e®
n1suUang
* d1A1 Odds ratio = 1 wansinsasuLUaswes X Lifinase v

* 4@ Odds ratio >1 LLammma X meu YIMllan1ausInising
mmmimmmu (ﬂ’]ﬁﬂJU'iuﬁ‘WﬁﬂﬂﬂE]EJ 2zl nduuln)

LLﬂﬁNﬁiﬂ’)’] LEJE] X LUaEJ‘Lﬂ,‘U 1 %178 I@ﬂ’]ﬁ%f\]”LﬂﬂmmﬂﬂﬁfMWﬁﬁLﬁ] ﬁ]”L‘WﬂJ‘?Ju
........ W1 WBNEUAUANLANUBY X

* 41A1 Odds ratio <1 wa@nIInile X [NYY M1 llan1aveanisiin
wANIsalanas (ANdudszavsannes azdanluav)

wlanaladn e X wWasuly 1 vidle lananaziiawnnisalitaula azanas
......... 91 BEUAUAANYBY X



call:

logitor (formula = admit ~ gpa + gre + rank, data = data)
Odds Ratio:
OddsRatio Std. Err. z P>|z]
7

gpa 2.1749672 0.7122667 2.372 0.01766 *
gre 1.0022966 0.0010943 2.1010 0.03564 *
rank 0.5711911 0.0726195 -4.4049 1.058e-05 w#*w

SAgnit: coaes: O “TEEY QL0001 TEWS g.01 YT .00 Y. 8.1 T T 2

-
Z I
-

Gpa = 2.17 @9 > 1 #u1e89 1l x wWasulu 1 wiae A1 odds Wsealanianaziie
WMANTA) ANUTY 2.17 WINLBBUNUALANYDY X

U = a dy 1 = Y = 1 a dy 1

WUAD 18 gpa WMNATY 1 e lan1aNazidnANWIRBINNAIY 2.17 Wi

rank = 0.57 &4 < 1 ¥u18A9 Wa x Wasull 1 wide A1 odds w3slenianasiin
winn13al azanadld 0.57 WinlagunuAaNYas x

= A v o v a X o Y = Y = ' '
TuAD WeduauNABNgIIudn 1 seau lanianasitidnyisiaazanadly 0.57 winan
SEAULAL
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Marginal effect

NNFIRUHTYE AN 19adia o
srautrdAuANA9AUlY

Calls
logitmfx (formula = admit ~ gpa + gre + rank, data = data)
Marginal Effects:
dF/dx Std. Err. z P>|z|
gpa 0.16240171 0.06811125 2.3844 0.01711 *
gre 0.00047945 0.00022724 2.109895 0.03486 *
rank -0.11705079 0.02609555 -4.4855 7.275e-06 **w
Signif. cofdea: 0 “weed H.N01 YesY .01 YT 805 . D2 Y 1

Gpa = 0.1624 U189 NN nsUagunUas (meu) ¥4 gpa 1 wu2e i lianuu1azdu
FandhAnurelussrutudfinAneiuty 16.24%

Gre = 0.0004 %318 N9 NsUABULUAY (WNUY) vas gre 1 e virlianuiazlu

Nz AnE i lussAUUMNANANBIANLIUL 0.04%

rank = -0.117 na18ds 109 MsUAsULUAPBUAUYBINMNIABIUDN 1 WY vinlv
anuunazilunazidtfnesalussiuiudinfnuianas 11.7%

36




* Tun1sUsen Probit model TNt glm LU

m1=glm(admit~gpa+gre+rank,family=binomial(link = “probit"))
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Results of Probit model

Call:
glm(formula = admit ~ gpa + gre + rank, family = binomial (link = "probit"))

Deviance Residuals:
Min 1Q Median 3Q Max
-1.5626 -0.8%20 -0.6403 1.1631 2.2097

Coefficients:
Estimate Std. Error z wvalue Pr(>|z])
(Intercept) -2.0915037 0.6718360 -3.113 0.00185 ==

gpa 0.4643598 0.1950263 2.381 0.01727 =
gre 0.0013982 0.0006487 2.156 0.03112 ~
rank -0.3317117 0.0745524 -4.449 B8.61e-06 =**«

Signif. codes: 0 ‘***’ (_001 ‘**’ Q.01 ‘** 0.05 ‘." 0.1 ¥ " 1
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 499.98 on 399 degrees of freedom

Residual deviance: 459.48 on 396 degrees of freedom
AIC: 467.48
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Marginal effect

Cail:
probitmfx (formula = admit ~ gpa + gre + rank, data = data)

Marginal Effects:
dF/dx Std. Err. z P>|z|
gpa 0.16183104 0.06784070 2.3855 0.01706 *
gre 0.00048729 0.00022568 2.1592 0.03084 ~
rank -0.11560270 0.02581064 -4.4789 7.504e-06 **¥*
Si?nif. Sopess O “wRer J.001 eRr gl e 505 "o P v 3}
>
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Let’s Practice



