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Simple case : 4 = { 1
"

success
"

PL4= 1) = -11
0 " failure "

Predictor:S : ✗ = § to 2- = { to
⇒ Can display /Summarize data in 2×2×2 table

.

Addel : log / %-) = ✗ + fix + pit
-

LEA :

I
Covwiaupaton : Logit

✗=o 7--0 2
"

baseline group
"

✗ = 0 2- = , ✗ + Bz

✗=L 7=0 ✗ + pl

✗=L 2- =)

ds-pitpzexpornn.am→ odds (¥)
Condihoral odds ratios ; of each group .

If 2--0 : OR for ✗=L compared to 4--0 :

-

Lcondition) et 'T ' =⑤ eg
e-

If 2--1 : OR for ✗= , compared to X=o :

et-M-rsyea.ir -⑤



Since Oddsx 2- - some fun -2--0

Odds 11=017 S 2-=L

⇐ no interaction between X - Z

⇒ homogeneous associations (3-way table)

Interactions : log /¥, ) = ✗ + Pix +pit +

fzx-zcovan-ate-patemlogitx-oz.co
a

✗=o 2- =\ ✗ + fsz

✗ =/ 2=0 d + B ,

✗= I 2--1 2 tpitpztfz

When 2--0 =) OR ✗=L us . ✗=o : ed 'T '

g-
= eh

Pitts
when 7=1 ⇒ OR ✗= , us ×=o :

e✗+PHPztB3
#

⇒
-
- e
-

=eB!eP3
→ Model allows for non-homogeneous assoc .

Cinteraction )

1¥43 ? EPs = Multiplicative effect on the
odds ratio of ✗=L compared to X=o
when Z= changes from 0 to I



Categorical predictors w/more than 2 levels :

K level (categories) e.g. Program
(Berkeley dated(Code K- s indicator variables A

, Bic , DE ,
F

lost ,¥) =

=L 1- f , B + Bzctp> ☐ + put + psf

Program PL P = } f else

→ Program A is baseline
.

Wore If nor specified , baseline category in R will

]be 1st category in alphabetical order .[
To specify :

" relent
"

function

Each category has a unique combination of

indicator variables .

.

Variables : B C D E F G

Coleson A o o o o o o

category D o o I o o o

Exempt: ② Additive : Sext Program

① Interaction : Sex * Program

② Fitted model : log ( I÷) = 0.676 - 0.099 -M

- 0.046 B - 1.287C - 1.271 D - 1.725£ -3.301 F

where I = probability of admission ,

M- { 1 male p= { I Progrmp F- B.GD,
0 female o else C-IF



① Tilted interaction model :

log ( ) = 1.844 -1.057M -0.790 B -

-
. - -4.12s F

b-0.8295 M . B +1.182M - C t -
- +0.8683M - F

Ing : Within female applicants (M=o)

OR Rog .

CIM -0

FAl-o
- 1.257

Aeldihve : exp(ozS7) = e

exp (0-676) = 0.284estimated
For female applicants, theyodds

of admission in

Program C are 72% lower than that of program
A.

differwhat abor OR ¥Yµ, → 0.284
→

in ivovachin

model → check



(Not in textbook)
(asymptotic)

Confidence Intervals for linear combinations
of Coefficients

General form Ct for d- :

É ± (critical value) ✗ SECÉ)

where the critical value is taken from the

asymptotic distribution of Ég-¥, or §j¥g
- Got → Std.

normal

what if wewanna ce for EMP
-

?

① Ct for p , trpz D-=p , tfz
② Exponential endpoints .

= pitp, ⇒ sc-CEI-tsc-cp.is + Scipio)

since § ,
- § are correlated

covcpi.ph) to

PÉnd : Properties of variance =

Two random variables I - 4 : ( pi o §)
Vala# + BY + c) = aZVarCx⇒
←
Scalars (known coughing)

+ b2VanC4)
+ zab Cor# Y)



Examples : Var ( Itu) = Vali) +Varlet)
+ ZCOVCXJY)

Vali-4) = Vali) + Varlet )
- 2CovCE,Y)

MahixRrm
In practice : § = ( ¥ )E-- ( ¥÷ ) :

BK- sL Ik
random
vector kxl I 2 3 .

- - k

ETE) -- ( 9.*
)

⇐*,
) v•¥Hµ¥EÉ¥×⇒ .

,

*iskxl kxk
score

,# ,
.

.

. §÷ :

cov¥,☒ ) Vater

dher A beam m×k matrix
-

Ci,jj cell =← mxl

⇒ ECA#-) = AELE) Cove#i , #j)

* VarCA¥) = A Varlet) At

☒
mxk kxk kxm

MabiusinR

To create a matrix : matrix ( cc - - - -
)
,

arrow -_

]
Matrix multiplication : ncol =

,

byron = TRUE )
% - %



Applied to logistic Regression :

Ex BitBe - Additive

E- ( ¥÷) ñ+ñ=°¥¥
8ECÉ+p,) = fÉ§E


