
Logistic regression
assumptions and diagnostics
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· HWY released on cause website, are nextFriday

· Exam Ireleased nextFriday (Feb.ld

· take-home

·closed notes

·covers HW 1-3



Multicollinearity
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Definition: Multicallinearityoccurs when one explanatory
~

variable can be approximated by a liner combination
of theother explanatory variables

E.g. Tim Bernoulli(pi)

log(v) =Bo +B,Xi +Befiz
+B3Xie

worst-case scenario:xii
=G2Xiz + a3Xiz Vj

=>log(vi) =10 +(B,22 +Bz)xiz

LB,93 +B3)Xi3

=> too many unknowns, can't estimateBS

more trable withestimation
higher multicalinearity =7

(e.g., higher variabilityin
estimates)



Class activity

https://sta711-s23.github.io/class_activities/ca_lecture_11.html

Simulate correlated data

Assess the impact on estimated coef�cients
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The impact of multicollinearity
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·standard error of is increases, i.e. variabilityof B ↑

Ifperfect collinearitybetweensome explanatory
variables, we can'testimate standard errors

Sneakpeeh: vcr(ip) =I (B) =(xTwX)
-

Multicollinearityalso movies ithard to interpretBS

oosingmulticallinearity
· Scatterplatmatrixofavantitative explanatory variables

17

correlation matrix
"

·Variance inflation factors



Variance in�ation factors
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lag(i) =B+

X: B =[Ba]i = (E1
VIF, =Var(B) using all explanatory variables in model
.

using only Xijs =

xxx]
1 R=22 for regression ofXijs

VIF, = iR2 on other explanatory variablesf

J

(true for bothlineerslogistic)

Threshdos: usuallyconcerned ifVIF
>threshold

- (e.g. a(0)



Addressing model issues

How should we handle each of the following issues in a �tted
model?

Violations of the shape assumption

An in�uential point with high Cook's distance

High multicollinearity in the explanatory variables

Discuss with your neighbor for 3--5 minutes, then we will
discuss as a group.
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Assumption Diagnostics Fixing violations
- --

-

· empirical logitplot transformations!
Shape

aventile residual plot different(more flexible

model

CLAMS, forest, NNS]

No cutliers
· Coon's distance remae crvars in data

Ce.g. negative SATscore)
· other related measures

·
Fitwithwithat, see if

(DFFITS, DFBETAS,etc) our conclusions change

ty transformationfor
snawed explanatory
variables

·remove some variables
No issues wh

· VIFs
·use adifferent model

multicollinearity ·Scatterplot(correlation
· A00 penalty terms

matrix
· combine variables

· Ignore!


