STAT 442 Lecture 2

Model Duilding

Example: Diagnosing sleep apnea
Response: apneaScore = score on overnight sleep
test
Possible predictor variables:
Demographic characteristics. age, sex, DM
partgasp = partner report of gasping
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Pre/iminary examination

apneaScore vs. age

apneascore
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Additive model:

Im(formula = apneaScore ~ age

Coefficients:
Estimate Std.

(Intercept) -2.728733
age 0.025295
bmi 0.086577
gendermale 0.872773
partgaspSome 0.563673
partgaspFreq'ly 0.617452
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apneaScore vs. bmi
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apneaScore vs. partgasp
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Mewver Fradg'ly

partgasp

+ bmi + gender + partgasp)

Error t value Pr(>]|t]|)

.655531 -4.163 5.39e-05 ***
.009606 2.633 0.009378 **
.016566  5.226 5.96e-07 ***
252911  3.451 0.000733 ***
270722  2.082 0.039101 *
.266779  2.314 0.022056 *

Signif. codes: 0 0.001 0.01 0.05 0.1 1

Residual standard error: 1.312 on 144 degrees of freedom

Multiple R-Squared: 0.3259,

Adjusted R-squared: 0.3025

F-statistic: 13.92 on 5 and 144 DF, p-value: 4.269e-11
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(Intercept) -4.024438667 -1.4330269 38 )

age 0.006308605 0.0442807 \/O\(lﬁbl@S Orfice —
bmi 0.053832684 0.1193213 —

gendermale 0.372876253 1.3726699 alv (\
partgaspSome 0.028571533 1.0987748 - .

partgaspFreq'ly 0.090144115 1.1447603 Eqiantion d 6QP}

Rescaling for Interpretability

Im(formula = apneaScore ~ I(age/20) I(bmi/10) + gender +

> —
) G - (_e&ldwa\ (/AL ¢

Estimate Std. Erfor t value Pr(>|t

I(age/20) 0.5059 /1921  2.633 0.p€9378 ** (~ A
I(bmi/10) 0.8658 .1657  5.226 5796e-07 *x* G — . S AU Y
2.5%/ 97.5 %

I(age/20) 0.126172
I(bmi/10)

0.885614

L/\ﬁ(’Q_(ZZ_d‘{b:/‘
jcne(éx)z'/ 5>,Q . /\>

jage + bmi + partgasp))

td. Error t value Pr(z < ) < H
.99458 -1.351 Yo ‘ ;%— - =
.34082 -1. / YA d - @

Model with Interfiction sender

Im(formula = apneaSfore ~

rcept)
genderma
__age

bmi

-1.57477
0.01725
0.05007

.01703
.02773

rtgaspSome 0.38114 . 54444
__partgaspFreq'l . .6876

gendermale:age (//éfgiggaﬁ . 02600

gendermale:bmi . 0.05766 703626

.63188
. 75110

gendermale:partgaspSqme 0.33006 : ) . /ﬁ\\
gendermale:partgaspFrgq'ly : . /\ ~
Signif. codes: 0 0.00 0 0.05 0.1 1 é\“\é /A < k \g\‘ [
v (‘ \ )‘ Q‘ /
o

OCOPOOR_ALLORRO

. \
< Residual standard erroﬁ) 1.31 on 140 degrees of freedom
tiple R-Squared: 0.347, Adjusted R-squared: 0.305
F-statistic: 8.265 on 9 and 140 DF, p-value: 8.263e-10
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gender‘age effect plot gender*partgasp effect plot
Maver
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=ferfs into a nodd, the interpretation of
inmpossbe In e E=ne, oy the
s have trangaret inépreatios

% for genderage paranet

E]’ -
4S5 W dope is the sane far neEles and femeles
In this caxe, P=44, nonggnificant, 0 we have no

Comparing models: as?elgg%ps?a'lfisg;caa sighi ic:-angge Interaction

The F-test for nested models:

g repart Interaction,
Cgﬁg?crpmgpgmtamdy.

a nodification o the overall F-tes for sgnficance

Model 1: apneaScore ~ gender + age + bmI + partgas
Model 2: apneaScore ~ gender * (age + bmi + partgasp)

Res.Df RSS Df Sum

1l 2o 10 IMplEmEt this tes, we e the fits of two nodds
2 uezeaie 4 TTEGE i = odd with al the variables |
Reduced nodd = nmodd, with the variades to tet omtted

F gatidic Is refered to F digribution nurerator df =

# variades omtted, devommatar = df. for ero In ful
nda






Ths weeks dfice hour:
Thusday 11:12am
Office "308D

Rereview:
Ediantion o

\Ayhen we Inroduce interaction terns iIto a nodd, the iINterpretation

"lover arder terns’ Is aAnog inpoxsbde. In ome e, oy the
coefficets o the hgned ader terns have trangparet Intérpretations
ussfu far teging.

Can inerpret the ted for ganderage paraneter -
Teds whether the dope’is the sane far neles and females
~In ths caxe, P=44, non9gnficant, 0 we have no
evidence for a X - age Interaction

To ted the sx X partner ing r t Interaction,
we need to tapartwo an‘g?ilcqgertsepgnumlmﬂy.

need a nodification of the overall F-tes for sgnficance.
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Comparing models. assessing predictive utility

Modd hulding - t-teds are vary poar tod far nodd bulding (ie
chcmngpmmm :\/a[ esuho Use far prediction).
-teq IS In cofirmatary analyss
W|th a precoeC|f|ed hypathess of Inered.

BMI a predictor of apneaScore,
Mallow's C, sfahst@c Aéef LH for aje and XX aﬂj pal"[rEr

report o gas
ee%orcormm when we are e><p|or|é§ the paetia effects

ﬂc l%(i FVISI_(J%%’[O’??_I_ epdemdogical g udies
BEploatoy nodd bulding - differet kettle of fig!

For example:

Ilm(apneaScore ~ genQEaﬂ(M%rqasmrﬁ SEStG%S IS tm ddan d rn.jtllje talrg
Lm(apneaScore ~ gender * .(.ag + aé[alr? StEEBaS m rg W|” Fxp Lp as
statlstl ly sgnifi just by chance.
One last detail: wei h'l'ed-le s (Vm | err(]’ rate ar a|p|’ﬁ lavd IS (Iiy valid
s&rgl tes - when we we do mutiple teds

Homogeneous variance asst,lm:o»e‘f &yé I aror rate |S amo)qn‘a[ dy
%ﬁs@\/@gfdrred X "nomma" type | era rate

Unequal variances, lack of mdeperﬂ'enal ve lmj fd’ tI‘E |rﬂ|\/| lﬁl ta S

1 1
Weighted least squares estimate: X W X)) X'w- y
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gender‘age effect plot gender*partgasp effect plot )
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Comparing models. assessing statistical significance NN\ \% C‘A—‘ O A\f

Pell plaf = only ests one
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41 \/Mtab(u oﬂ&
Model 1: apneaScore ~ gender + age + bmi + partgasp L N L/d) : j
Model 2: apneaScore ~ gender * (age + bmi + partgasp) 'l dd, -
Ao The b

Res.Df RSS Df Sum of Sq F Pr(>F) S S \/5\/\( LYl
1 144 247.903 -
2 140 240.146 4 7.757 1.1305 0.3447
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Comparing models. assessing predictive utility

L2
MSE for prediction = E{Z(?}; — i)’}
i=1

1

SSE,
— FN+2p

=

Mallow's C,, statistic =

s

o

AIC = -2L+2u=n log((fsz) 1 Qv

— J P \l/lc\'¢<</(
\/(d/J ¢

For example:

lm(apneaScore ~ gender + age + bmi + partgasp)

aIC
7 515.0419
Ilm(apneaScore ~ gender * (age + bmi + partgasp)( 11 518.2734

' One last detail: weighted least squares

Var(y) = o1 k'\/\ O(r'r\

G
Var(y) = crf fff i‘ )

A= (X'W X)) X'w ly

Homogeneous variance assumls'l'ion :

Unequa/ variances, lack of inde/oendence:

Weigh'l'ed least squares estimate:

— L —

F-teds are better nodd bulding tod
than t-teds ]

- realdts of Sepwise variade
Hection procedures are nat
datigicaly regroducide.

-not a valid gatigica
or ocedur e,

- to decide on a valid approach,
firgly we need to have valid
meadares o the "perfamace’ o
a nodd.
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Amouncenets - udate to asgmeat - do Q. 1 oy

- carrection on data managenent part - Sep 1
- pleaze nate - killer tdmdo&daﬁarédeeg'ceScale:34

Amendnent to office hours TLe&tI%{s 10-11am
Thurays Ilamnoon
Room 30&d

Review: Fitting a r(ca(igron nodd - Y ad sore X's
- pld the data
- edinete the paraneters
- check the nodd for fit
- iInterpret the readts -
| - i looking at the beta hats and
P-values Is ot enough - dten need to pla the fit.

- esoecial{ljl logistic regresson - odds ratics
are nat always redly ndpfu in interpreting.

Maodd bulding!! - have Y oecified bu may have many X's to

chooe fram _

chooang X's

do we need to tradamyY o X
how about Interactions?




t

Maodd bulding is very challenging, process muet e informed our
iatific purgoae ardy by ba?:l.r%rrgrﬁr knowledge. Y

Maodd bulding tods - o _
- Individial tegs of codfficiets - 1e t-teds are nat rooud
oulding tods - cdlinearity (interpretation o a t-tex always
depends on what aher variddes are in the nodel).
- mutiplicty - if we do mutiple t-texs we loe the
methemetical properties o type | erar rate.
- can be be argued that t-teds doit redly amswer the

rea quesion - why P<(b 7?

F-teds far nodd conparisons hep to dleviate some of the Issues
Today look a a differet pergoective In creating a tod.













