GENERALIZED LINEAR MODEL (GLM)

Problem: Target variable given feat. not always normally dist. ~+ LM not suitable

J © Target is binary (e.q.. disease classification)
~+ Bernoulli / Binomial distribution

® Target is eolnt variable
(e.g.; humber of sold produets)
~= Ppisson distribution

® Time until an event oeelirs
(e.g.. time until death)
~+ Gamma distribution LI

Nurtyer of biue rentibt peeday,
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GENERALIZED LINEAR MODEL (GLM)

Problem: Target variable given feat. not always normally dist. ~+ LM not suitable
J © Target is binary (e.q.. disease classification)

~+ Bernoulli / Binomial distribution

8 Target is eount variable
(e.g.. humber of sold products)
~= Poigson distribution

® Time until an event oecurs
(e.g.; time until death)
~+ Gamma digtribution

Nurtyer of biue rentibt peeday,

Tarpetdise b C

lSolutIon: GLMSs - extend LMs by allowing other distributiohs from expohential family

glEly | %) =%x"0 & Ey|%) =g7'(%"?)
Link function.g links linear predictor x ' # to expectation of distribution of y | x
~+ LM is special case: Gaussian distribution for y | x with g as identity function
Link function g and distribution need to be specified
High-order and interaction effects can be manually added as in LMs
Note: Interpretation of weights depend on link function and distribution
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JGEM-LOGISTIC REGRESSION

I ® " [ogistic regression = GLM with Berno ulli-distribution” and logit link function:
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JGEM-LOGISTIC REGRESSION

@ Typically. we set the threshold to 0.5 to predict classes, e.qg..
¢ Class 1if7(x] > 0.5
e Class 0if w(x) = 0.5
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JGEM=LOGISTIC REGRESSION - INTERPRETATION

® Recall: Odds is ratio”of two probabilities. odds ratio compares ratio of two odds

@ Weights ¢, are interpreted linear as in LM (but w.rt. log-odds)
~ difficult to comprehend

) _ g (B =

/Og-OddS log(m 0g \m) 0 ao+61x1+..+”po

\

Interpretation:
Changing x; by ene unit, changes log-odds-of class-t-compared toclass 0 by ¢,
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BGLM - LOGISTIC REGRESSION - INTERPRETATION

Recall: Qdds.is ratio of two probabilities, odds ratio compares ratio of two odds

Weights!i¢) aretinterpreteddinear as in LM (but w.r.t. log-odds)
widifficult to comprehend

T ’ P(y =1
Iog-odds-log(ii) '03( 4 ))=00+91X1+...+H,,xp

7 (x) P(y =0)
Interpretation:
Changing x; by one unit, changes log-odds of class 1 compared to class 0 by ¢,
@ Odds for class 1 vs. class 0: odds canrxloy exp(fo + 0 x;y + ... + bpxp)

1 — 7(x)

@ Instead of interpreting changes wir.t. log-odds-odds-ratio-is-more common

00dsy .1 exp(fo+bixi + ... +8(x+1)+ ...+ 0,%)
odds exp(fo+ Oyxy + ...+ 0+ ...+ bpxp)

exp(6))

Interpretation: Changing x; by one unit, changes the odds ratio for class 1
(compared to class 0) by the factor exp(;)
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BGLM - LOGISTIC REGRESSION - EXAMPLE

il o Createla binary target variable!for Bike rental data:
l e Class 1:*high) number of bike rentals” > 70% quantile (i.e., cnt > 5531)
| o Class 0:*lowto medium number of bike rentals” (i.e., ent < 5531)

I @ Fit a logistic regression model (GLM with Bernoulli distribution and logit link)

Weights SE p-value

(Intercept) 852 1.21 0.00
seasonSPRING 1.74 080 0.00
seasonSUMMER -086 0.77 0.26
seasonFALL -0.64 0.55 0.25
temp 029 004 0.00

hum -0.06 0.01 0.00

windspeed -0.09 0.03 0.00:
days_since_2014 0.02 - 0.00 0.00
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BGLM - LOGISTIC REGRESSION - EXAMPLE /710N

[ ' r
° éFéalte abinary target variable for bike rental data: ‘ ‘

,,.@ Class 1: “high number of bike entals > 70% quantile (i.e., cnt > 5531)
) CIassO “low to medium number of bike rentals” (i.e.. cnt - < '5531)

@ Fit alogistic regression model (GLM wnh Bernoulll distribution and logit link)

Weghh—se pvake | 1 |
(Intercept) 852 121 0.00 ELY
easonSPRING 174 060 0.00 53
Js&mam«énw 086 0.77 026 i3
FseagonFALLDY ong.eail. alsenges 025-0ddg:o] clas
temp 029 0.04 0.00 2F
hum -0.06  0.01 0.00 [
windspeed -0.09 0.03 0.00 »
days_since_2011 0.02 0.00 0.00 Tarrparstura in
Jll Interpretation

ll o If tempincreases by 1°C, odds ratio for class 1 increases by factor
| exp(0.29) = 1.34 compared to class 0, ¢.p. (= “high number of bike rentals”
| now 1.34 times more likely)
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GLM - LOGISTIC REGRESSION - INTERPRETATION

@ Recall: Odds is quotient of two probabilities, odds ratio compares ratio of two
odds

® Weights ¢, interpreted linear as in LM (but w.r.t. log-odds) ~- difficult to
comprehend

!Og-odds |Og (\1(%) |Og (\%) o+ Xy + ...+ Hpo

Changing x; by one unit, changes log-odds of class 1 compared to class 0 by ¢,

(X
@ Odds for class 1 vs. class 0: odds % exp(fo + & xy + ...+ Opxp)
@ Instead of interpreting changes w.r.t. log-odds, it is more common to use
odds ratio
odds, .y  exp(fh +xy + ... +&(x+1)+ ... +0x) (4)
€X fi
0d0s exp(fo + 01 + -+ 0 + . + Opxp) PA%

Interpretation: Changing x; by one unit, changes the odds ratio for class 1
(compared to class 0) by the factor exp ()

] Interpretation:
i
i
|
|
|
|
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GLM - LOGISTIC REGRESSION - EXAMPLE

@ Create a binary target variable for bike rental data: y;‘

e Class 1: “high number of bike rentals” = 70% quantile (i.e., cnt > 5531)
o Class 0: “low to medium number of bike rentals” (i.e.. cnt < 5531)

@ Fit a logistic regression model (GLM with Bernoulli distribution and logit link)

i Weights SE p-value
| (Intercept) 852 1.21 0.00
| seasonSPRING 1.74 060 0.00
l seasonSUMMER -0.86 0.77 0.26
l seasonFALL -0.64 0.55 0.25
] temp 029 0.04 0.00
l hum -0.06 0.01 0.00
] windspeed -009 0.03 0.00
] days_since_2011 002 0.00 0.00
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GLM - LOGISTIC REGRESSION - EXAMPLE

@ Create a binary target variable for bike rental data:

e Class 1: “high number of bike rentals” = 70% quantile (i.e., cnt > 5531)
e Class 0: “low to medium number of bike rentals” (i.e., cnt < 5531)

@ Fit a logistic regression model (GLM with Bernoulli distribution and logit link)

Weights SE p-value

(Intercept) -8.52 1.21 0.00
seasonSPRING 1.74 080 0.00
seasonSUMMER -086 0.77 0.26
seasonFALL -064 055 0.25
temp 029 0.04 0.00

hum -006 0.01 0.00

windspeed -009 0.03 0.00
days_since_2011 0.02 0.00 0.00

ll Interpretation

Margnad Effect on

b

byt of b rar

hghnurt

Clhox 1

Tarrparature in *C

Jl o If tempincreases by 1°C, odds ratio for class 1 increases by factor
| exp(0.29) = 1.34 compared to class 0, c.p. (= “high number of bike rentals”
] now 1.34 times more likely)
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