2
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LINEAR
REGRESSION REGRESSION AND OTHER MODELS

Type of
Predictors
Type of Categorical Continuous Continuous and
Response KaTeropuanbHbii HenpepbIBHbIN Categorical
. : i L : :
Continuous Analysis of cs)riI::er:(:f;)t Analysis of Covariance
HenpepbiBHbIN Variance (ANOVA) q ) (ANCOVA)
Regression
Categorical Contm-gency Tgblg _ : _— :
. Analysis or Logistic | Logistic Regression Logistic Regression
KaTeropuasbHbii .
Regression

GSas | B,



LINEAR

REGRESSION -—-REGRESSIONS...

* linear / non-linear
* |ogistic

 OLS

* PLS

 LAR

 RIDGE

e LASSO

 LOESS

« ROBUST
 QUANTILE

GSas | B,



RELATIONSHIP HEIGHT-WEIGHT — CORRELATION???

3.0 * 34 *
. x X x x
- K 3 -
é 2.0 Mw 5 % x
= * B e *
S 15 © K
3 # e 3 g 14 **
104 x X * ,
05 % * o #
T T T T T T T T T T T T T T
-5 -50 -25 00 25 50 75 -75 50 -25 00 25 50 75 -
X X
3.0 3.0 14
25 * % 254 % « Top T Xy °
270 * M y ‘ " ’:‘,ax e o
= 04 i * * *
§ 1.5 *x’:i * *’%‘ Ny g 20 xt hﬁ **’:& ¥k .
S 5 KK " <z: 154 w % PR ok * .
© 104 * * e * i
1* ¥ 104 * ﬁ"&z 0 T T T T T T T
.5 * kK P *
05 0.5 R 75 50 25 00 25 50 75
0.0 % *
T T T T T T T T T T T T T T X
75 -50 -25 00 25 50 75 75 50 -25 00 25 50 75
X X
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MULTIPLE LINEAR REGRESSION Gsas

MHOXECTBEHHAA NMHENHASA PEFPECCUA THE POWERTO K




MULTIPLE LINEAR

REGRESSION MODEL

« O6bI4HO, Bbl MOAENUPYETE 3aBUCUMYIO NEPEMEHHYIO Y,

NUHENHYI0 QYHKLMIO OT K HE3aBUCUMbIX NepeMeHHbIX X, ... X;:

V=B X X e

Predicted Value of Oxygen_Consumption Predicted Value of Oxygen_Consumption

25
Performance Performance

Y=Po+B, X+, X, +e Y=Bo+B, X1 +B,X 2 +Bs X, + B, X, 2+
Linear? Nonlinear?

§gsas

THE
POWER
TO KNOW.




MULTIPLE LINEAR
REGRESSION SAS/STAT SYNTAX & EXAMPLE DATA

proc reg data=sasuser.fitness;
MODEL Oxygen Consumption = RunTime
Age
Weight
Run Pulse
Rest Pulse
Maximum Pulse

Performance;
run; quit;

GSas | B,



MULTIPLE LINEAR '\ 0| |CATIONS: MPECKA3AHME VS. UCCNENOBAHME

REGRESSION
/I‘Ipep,mmopbl, NX 3HAKN U \ /cboxycupyemcn Ha NOHMMaHUU \

CTaTUCTUYECKAsA 3HAYMMOCTb B3aMMOCBA3UN MEXKAY LeNeBOM

npeacTaBnAtoT (3aBMCMMOM) nepemMeHHOn n
npeanKTopamu (He3aBUCUMbIMN)

- PoKycupyemcs Ha NOCTPOEHUMU nepemMeHHbIMN,

MOAEeNN, IyyLleil C TOUYKU 3peHunnA - MosTomy, BaKHa CTaTUCTUYECKaA

npeacKkasaHua byaywmx sHaueHumn 3HAYMMOCTb NPEANKTOPOB, a TaKKe

Y, T.e. bonee To4HOM Mmoaenn. 3HaYeHnA N 3HaKN K03PPULMEHTOB B
MOAENMN.

Ki:,5’0+,31X1+...+,6A’k)(y Q:_/}O +£1X1+...+é<xy

GSas | B,



SIMPLE LINEAR

REGRESSION MODPEL
| Unknown * 7
Relationship —://
_ Y:BO+B1*X g x
/\
1 Y=Y

Residual

Response (Y)
|

\ AN A
Y=Bo+p, X

Regression
Best Fit Line

Predictor (X)

Gsas

THE
POWER
TO KNOW.




SIMPLE LINEAR

REGRESSION THE BASELINE MODEL - BA3OBAA MOAEJIb

X
X
* » N
i § . )
¥~ X
X
X b 3
X
- * X «
*
s ) x X —
t’ X X %
: i Y
g x
5 * X "
7y
)] *
o
X
* . % .
Kk
X
*X X
* x Ky X X
* *
N x
T
Predictor (X)

OSas | K.



SIMPLE LINEAR

REGRESSION VARIABILITY

Unexplained >

Obwas,
o Total 0ObSACHEHHAA U
o — HEeoObACHEHHas
2 Y BapUaTUBHOCTb
g -

Explained

Predictor (X)

GSas | B,



MULTIPLE LINEAR

REGRESSION HYPOTHESES

Null Hypothesis:

* The regression model does not fit the data better than the
baseline model.

* [,=B,=...=,=0 — F-statistic
* Also 3,=0 for each predictor — t-statistic

Alternative Hypothesis:

* The regression model does fit the data better than the baseline
model.

* Not all B;s equal zero.

Gsas | &,



MULTIPLE LINEAR MODEL DEVELOPMENT PROCESS

REGRESSION
Bbibop mogenen kaHanaoaTos
(1) (2)
NccnenoBsaHue Candidate
NaHHbIE Exploratory Data > Model
Analysis .
y Selection
(3)
(4) Model MNposepka
] . i npennornoXxXeHum
Collinearity and A\jsifg‘pj“on P
Influential alidation
Observation f
Detection
npoBepka Ha Yes
KOMNIIMHEeapHOCTb U (6) NccnepoBaHue
BINUATENbHbIE — Prediction 3Ha4YeHUNn
HabnaeHna No Testing npeackasaHHbIX
MoZernblo

nepecMoTp Moaenu

OSas | K.



(2) CANDIDATE MODEL SELECTION

MULTIPLE LINEAR REGRESSION




CANDIDATE MODEL

SELECTION MODEL SELECTION

ﬂ\/IODEL SELECTION OPTIONS

.

- The SELECTION= option in the MODEL statement of PROC REG supports

these model selection techniques:
- Stepwise selection methods

« STEPWISE, FORWARD, or BACKWARD
- All-possible regressions ranked using
« RSQUARE, ADJRSQ, or CP

- MINR, MAXR [home work]
- SELECTION=NONE is the default.

~

/

GSas | B,



CANDIDATE MODEL | o0ssiBLE REGRESSIONS

SELECTION

Variables in Total Number of

Full Model (k) Subset Models (2)
0 1
1 300 2
GSOoNE
¢ LI 18
HOODOOOL




CANDIDATE MODEL
SELECTION ALL-POSSIBLE REGRESSIONS

ods graphics / imagemap=on;

proc reg data=sasuser.fitness
plots(only)=(rsquare adjrsqg cp);
ALL REG: model oxygen consumption
= Performance RunTime Age Weight
Run Pulse Rest Pulse Maximum Pulse
/ selection=rsquare
adjrsqg cp best=10;
title 'Best Models Using All-Regression Option';
run;

quit;

GSas | B,



CANDIDATE MODEL

R-Square

SELECTION

=1

SSg SSum
SS+  SSr

~\

ALL-POSSIBLE REGRESSIONS

: RANK

Fit Criterion for Oxygen_Consumption

-4 W
0.4 - E E E 8
. g /‘
=]
=]
06 ©
MaKCMMYyM
0.4 -
(=]
8
(=]
(=]
0.2 -
o 8
(=]
(=]
0o °
: 3 4 ; : 7 :

Mumber of Parameters

+r BestModel Evaluated at Mumber of Parameters

2
RADJ

_,_(n=)(a-R?)

n—pP y

Adjusted R-Square

Fit Criterion for Oxygen_Consumption

0.8 - E g -] W
o
w g E °
[s]
o
064 o
MaKCMMYM
0-47 n for nygﬁn_%umpﬂnn
° |
6 L) |
0.2 - 8 L) B-5g = D E163
o Mumber of Parameters = 6
@ Model = RunTime Age Weight Run_Pulse
© Maarmurn_Pulse
00 o | |
2 3 4 a 5] T a8

Mumber of Parameters

<7 Best Model Evaluated at Mumber of Parameters
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MODEL SELECTION MALLOWS’C,

4 )

- Look for models with max p : C, < p, p = number of parameters + intercept.

(MSEp - MSEfull)(n —p)
MSEz,

Cp=p+

\_

/
/ HOCKING'S CRITERION VERSUS MALLOWS’ C, \
- Hocking (1976) suggests selecting a model based
on the following:
- C, < p for prediction

\ « C,<2p —pg, + 1 for parameter estimation /

GSas | B,



MODEL SELECTION MALLOWS’C,

Fit Criterion for Oxygen_Consumption

Mallows Cip)

Mumber of Parameters
Hocking < BestMaodel Evaluated at Mumber of Parameters

Mallows

OSas | K.




MODEL SELECTION ALL-POSSIBLE REGRESSIONS RANKED USING

ln‘::il Nvot;e;m C(p) R-Square :fjsj:ls‘;er: Variables in Model

1 4 4.0004 0.8355 0.8102 [RunTime Age Run_Pulse Maximum_Pulse

2 ) 4.2598 0.8469 0.8163  |RunTime Age Weight Run_Pulse Maximum_Pulse

3 5 4.7158 0.8439 0.8127 |Performance RunTime Weight Run_Pulse Maximum_Pulse

4 5 4.7168 0.8439 0.8127 |Performance RunTime Age Run_Pulse Maximum_Pulse

5 4 4.9567 0.8292 0.8029 |Performance RunTime Run_Pulse Maximum_Pulse

6 3 5.8570 0.8101 0.7890 |RunTime Run_Pulse Maximum_Pulse

7 3 5.9367 0.8096 0.7884  |RunTime Age Run_Pulse

8 5 5.9783 0.8356 0.8027 |RunTime Age Run_Pulse Rest_Pulse Maximum_Pulse

9 5 5.9856 0.8356 0.8027 |Performance Age Weight Run_Pulse Maximum_Pulse

10 6 6.0492 0.8483 0.8104 Perfgrmance RunTime Age Weight Run_Pulse
Maximum_Pulse

11 5 6.1758 0.8475 0.8094 Run_Time Age Weight Run_Pulse Rest_Pulse
Maximum_Pulse

12 6 6.6171 0.8446 0.8057 Perfgrmance RunTime Weight Run_Pulse Rest_Pulse
Maximum_Pulse

13 6 6.7111 0.8440 0.8049 Perfprmance RunTime Age Run_Pulse Rest_Pulse
Maximum_Pulse

GSas | B




MODEL SELECTION STEPWISE SELECTION METHODS

E FORWARD / FORWARD SELECTION \

SELECTION

E STEPWISE .

SELECTION \Smp
SLENTRY=value SLSTAY=value
SLE=value SLS=value

BACKWARD
ELIMINATION

> W NN - O

Y




MODEL SELECTION STEPWISE SELECTION METHODS

proc reg data=sasuser.fitness plots(only)=adjrsqg;
FORWARD: model oxygen consumptilon
= Performance RunTime Age Weight
Run Pulse Rest Pulse Maximum Pulse
/ selection=forward;
BACKWARD: model oxygen consumption
= Performance RunTime Age Weight
Run Pulse Rest Pulse Maximum Pulse
/ selection=backward;
STEPWISE: model oxygen consumption
= Performance RunTime Age Weight
Run Pulse Rest Pulse Maximum Pulse
/ selection=stepwise;
title 'Best Models Using Stepwise Selection';
run;

quit;

GSas | B,



(3) MODEL ASSUMPTION VALIDATION

MULTIPLE LINEAR REGRESSION




MULTIPLE LINEAR

REGRESSION ASSUMPTIONS

- The mean of the Ys is accurately modeled by a linear function of the Xs.

- The assumptions for linear regression are that the error terms are
independent and normally distributed with equal variance.

'\-\..\\.

] -

- Therefore, evaluating model assumptions for linear regression includes
checking for

g ~iid N(0,07)

v Independent observations — He3aBucMMble HabaOAEHUA

v" Normally distributed error terms — HOpManbHOCTb OLINBKK

v' Constant variance — noctoAaHHasa gucnepcuma (no scem
HabnogeHNAM)

GSas | B,



ASSUMPTIONS INDEPENDENCE

« 3HATb UCTOYHUK OAAHHbIX: aaHHble
cobpaHHble Mo BpeMEHU, MOBTOPHbIE 0\
N3MepeHnA, KNacTtepm3oBaHHble ASSUMPTION IS VIOLATED

AaHHbIE, laHHbIE SRCNEPUMEHTOB CO Use the appropriate modeling tools to account
CNOXKHbIMU NJIaHaMMU. for correlated observations:

« [nAa paHHbIX B popmaTte BpeMeHHbIX - PROC MIXED, PROC GENMOD, or PROC
PALOB UCMO/b30BaTh: GLIMMIX for repeated measures data

PROC AUTOREG or PROC ARIMA in SAS/ETS

/WHEN THE INDEPENDENCE

- [padunK OCTAaTKOB NO BPEMEHU UK for time-series data — [NEXT SAS COURSE]
APYron KOMMNOHEHTE, » PROC SURVEYREG for survey data
onpeaensaiowen NopsaaokK K /
HabnogeHUM

« Ctatuctmka Durbin-Watson wnwu
aBTOKOppenAauna nepBoro Nopaaka

THE
POWER
TO KNOW.

Gsas




ASSUMPTIONS NORMALITY

/WHEN THE NORMALITY o\

Check that the error terms are normally ASSUMPTION IS VIOLATED
distributed by examining: - Transform the dependent variable

- Fit a generalized linear model using
PROC GENMOD or PROC GLIMMIX with
the appropriate DIST= and LINK=

» a histogram of the residuals
- a normal probability plot of the residuals

- tests for normality option.

.

GSas | B,



ASSUMPTIONS NORMALITY

proc reg data=sasuser.cars?2 plots=all; Also, foormt':ﬂteSthF
model price = hwympg hwympg?2 horsepower; normality in
run; proc univariate

Distribution of Residuals for Price Q-Q Plot of Residuals for Price
40

Mormal 15

o
Kernel a
o
10

30 -

20

Percent

Residual
=
1

T T T T T
-18 14 -10 -6 -2 2 6 10 14 18 -2 -1 0 1 2

Quantile

Residual
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ASSUMPTIONS CONSTANT VARIANCE

Check f : £ th ﬂHEN THE CONSTANT VARIANCE 0\
eck Tor constant variance ot the error ASSUMPTION IS VIOLATED

terms by examining: Request tests using the heteroscedasticity-
consistent variance estimates.

Transform the dependent variable.

- plots of residuals versus the Model the nonconstant variance by using:

- PROC GENMOD or PROC GLIMMIX with the
appropriate DIST= option

- plot of residuals versus predicted values

independent variables

- test for heteroscedasticity - PROC MIXED with the GROUP= option and
- Spearman rank correlation coefficient TYPESSEE
« SAS SURVEY procedures for survey data
between absolute values of the - SAS/ETS procedures for time-series data

residuals and predicted values. XWeighted least squares regression modeI/

THE
POWER
TO KNOW.

Gsas




ASSUMPTIONS CONSTANT VARIANCE: PLOTS

Residual by Predicted for Price

Residual by Regressors for Price
15 - 51

15 —
o] 3 o ° ° ]
O 10 — e °
o 2] 2] o
46
10 ° s 5 %o 8° B
- =]
3 n_n_aig_a 8g° o . 8g° o o
43 w =1 go ] = o=
00 0 o Z . Dngg EDDE o . o
5 O o g Ec\ Bao® i&
o] s} -10 —
Q OO O 11 R | [=] [=]
= © ] 8 @ @ o o 12 T T T T T T T T T T T
o & o o
E 0 8?3 a7 0, 00 < -5 o] B 10 15 20 o] 100 200 300 400
g o 0% oo , ®o © Hwympg Hwympg2
o of o o o 2o
34 15 —
2o [s] o] & o " o
-5 o o] _ ]
o o s} o] 10 oo a o
fe] % o _ 5 | =] - Bo
o m
3 4 G50 8 o2 o8 o °
10 - 2 o Bgoot 0 poey
o 5 Dﬂ o Dc\ o
lﬁ g o9 ° Q O
024 10 —
-15 - . . | : 15 - ’
10 20 30 40 ' ' ' ' : '
50 100 150 200 250 300
Fredicted Value Horsepower
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ASSUMPTIONS CONSTANT VARIANCE: TESTS

Residual by Regressors for Price

CER ., model Y = X1 X2 X3 / white hcc hccmethod=0; 1
— 5-0 B: 90 tg:B
E ° "o B Bg° B o o i
8 eatgets F° Bl -y Parameter Estimates

R &

. : Heteroscedasticity Consistent

T e T e " Variable DF Para_\meter Standard t Value | Pr> |t

] Estimate Error Standard

N tValue | Pr> |t
10 Error
- 5 o @ Bo0
R Intercept 1,00 4,04 2,17 1,86 0,07 2,68 1,51 0,14
o Hwympg 1,00 -0,80 0,21 -3,76 0,00 0,19 -4,16 <.0001
e Hwympg?2 1,00 0,04 0,01 3,04 0,00 0,01 4,21 <.0001

Horssgonsr Horsepower| 1,00 0,10 0,02 6,03 <.0001 0,02 4,72 <.0001
Test of First and Second Moment
Specification
model Y = X1 X2 X3 / spec ; DF Chi-Square | Pr> ChiSq proc corr
8 16.49 0.0359 [next slide ..]

WARNING: The average covariance matrix for the SPEC test has been deemed
singular which violates an assumption of the test. Use caution when interpreting
the results of the test.

GSas | B,



ASSUMPTIONS CONSTANT VARIANCE

SPEARMAN RANK proc reg data=sasuser.cars2 plots (label)= all;
CORRELATION COEFFICIENT model price = hwympg hwympg2 horsepower /
. .. spec ;

- The Spearman rank correlation coefficient output out—check r—residual p—pred;

is available as an option in PROC CORR run;
- If the Spearman rank correlation data check:

coefficient between the absolute value of set check;

. . . b =ab idual) ;
the residuals and the predicted values is run? serror=abs (residual)

- close to zero, then the variances are
proc corr data=check spearman nosimple;
var abserror pred;

- positive, then the variance increases as title 'Spearman corr.';
run,

approximately equal

the mean increases

( Spearman Correlation Coefficients, N = 81 \

- negative, then the variance decreases O L e
abserror pred
. abserror 1.00000 0.60274
as the mean increases. 5001
pred 0.60274 1.00000
KPredicted Value of Price <.0001 /

GSas | B,



ASSUMPTIONS LINEAR RELATION BETWEEN E[Y] AND X

gse t:-e dlagnostlc]c ﬁ))l;(’t)sca&/:gable wa: the OES /WHEN A STRAIGHT LINE o\
rap |c§ output o to evaluate the IS INAPPROPRIATE
model fit: Fit | - : del
* Plots of residuals and studentized residuals I O
versus predicted values - Transform the independent variables to
* “Residual-Fit Spread” (or R-F) plot obtain linearity.
* Plots of the observed values versus the - Fit a nonlinear regression model using

predicted values

) , PROC NLIN if appropriate.
* Partial regression leverage plots

- Fit a nonparametric regression model

and... \\ using PROC LOESS. /

* Examine model-fitting statistics such as R2, adjusted R2, AIC, SBC, and Mallows’ Cp.

* Use the LACKFIT option in the MODEL statement in PROC REG to test for lack-of-fit for models that have
replicates for each value of the combination of the independent variables.

THE
POWER
TO KNOW.

Gsas




ASSUMPTIONS LINEAR RELATION BETWEEN E[Y] AND X: PLOTS

Plots of residuals and studentized residuals versus predicted values

Residual by Predicted for Price RStudent by Predicted for Price
15 051 %51 3
o ©
0" o”
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43 : 430
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ASSUMPTIONS LINEAR RELATION BETWEEN E[Y] AND X: PLOTS

“Residual-Fit Spread” (or R-F) plot

Residual-Fit Spread Plot
Fit—Mean Fesidual
20+
10 - oo
ood
U:;D
[a15]
feiieel
ol
=]
" Mﬁ
e =
o &
40
-10 o
| I | | | I I | I | I |
0.0 0.2 0.4 0.6 0.8 1.00.0 0.2 0.4 0.6 0.a 1.0
Froportion Less
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ASSUMPTIONS LINEAR RELATION BETWEEN E[Y] AND X: PLOTS

Plots of the observed values versus the predicted values

Observed by Predicted for Price
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o
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ASSUMPTIONS LINEAR RELATION BETWEEN E[Y] AND X

Partial regression leverage plots | model .. / partial
Partial Plots for Price
Intercept Hwympg
10 - ’ oo 10 Qo Dn
_ o o 5 . o . o n:E DD
0 GD_%I?_?:\Dﬁ_ .n‘l":'cFD'a' 1o g“"c‘ ..Df__:g._ 9 @ o
@ g nn%P ’ o %" ’ ° d-?& o © : 13 Oy
O og % a a oa a . a-
§-107 ° 10 - ° 5
residuals for the 3 ° | | | | | | o |
dependent variable are £ 05 0.0 0.5 6 4 2 0 2 6
calculated with the E
| o Hwympg2 Horsepower
selected regressor S 45 - -
Omltted FE; 10 . Dd:. o 10 - a o “
(W 5 o D.:E a 5 En%
o 95 . o @ unm.:..u__.‘.:!' .
0- ____q%%ﬁﬁaii . Y = L residuals for the selected
5% CU% e . mogl P . regressor are calculated
TR S from a model where the
[x] '1 U 1 a =] .
151 , , , , , , , , , selected regressor is
-50 0 50 100 150 200 -50 0 50 100 regressed on the remaining
Partial R Residual <
artia Eressor mesidua regressors

THE
POWER
TO KNOW.
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(4) COLLINEARITY AND INFLUENTIAL
OBSERVATION DETECTION Gsas

THE POWER TO KNOW.

MULTIPLE LINEAR REGRESSION




WHAT ELSE CAN

MULTICOLLINEARITY

HAPPEN...

CNOCObbl OBHAPYXEHWUA:
« Correlation statistics (PROC CORR)

- Variance inflation factors (VIF option in the
MODEL statement in PROC REG)

« Condition index values (COLLIN and
COLLINOINT options in the MODEL
statement in PROC REG)

NMPOBNEMBbI:

« HeKoppeKTHbI pe3ynbTaT NoLaroBbiXx METOA0B
BblbOpa nepemeHHbIX

« HekoppeKTHasa oueHKa 3HaYeHU Ko3adPULUMEHTOB
MOJeNun: o4eHb bonblune/MmaneHbKue 3Ha4YeHus,

HEeBEepPHbIN 3HaK

http://support.sas.com/documentation/cdl/en/statug/63033/HTML/default/v
iewer.htm#tstatug_reg sect038.htm

NONE3HbIA NPUMEP HA SUPPORT.SAS.COM: J

WHEN THERE IS MULTICOLLINEARITY

Exclude redundant independent variables.
Use biased regression techniques such as
ridge regression or principal component

regression.

Center the independent variables in
polynomial regression models.
PROC VARCLASS to select vars [next time]

4

—_

¢ 0OfracHbl, KOr4da uesib moaeimpoBaHnA —

nccnegoBaHue

° He 04YeHb BarkHbl, KOrga uenb moaenu —

npeacKasaHue (

)
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WHAT ELSE CAN

HAPPEN. .. MULTICOLLINEARITY

Parameter Estimates
Parameter | Standard Variance
Variable DF t Value Pr> |t
/Proc reg data=sasuser.cars?2 \ . ! i |
Estimate Error Inflation
plots (label)=all; Intercept 1,00 4,04 217 1,86 0,07 0,00
model price = hwympg Hwympg 1,00 0,80 0,21 3,76 0,00 4,07 #
hwymng Hwympg2 1,00 0,04 0,01 3,04 0,00 2,27 L, 10—
Horsepower 1,00 0,10 0,02 6,03 <.0001 2,37 nnioxo
horsepower
/ vif collin collinoint; Collinearity Diagnostics
run, . Condition Proportion of Variation
Number |Eigenvalue| .o A —
T R Index Intercept Hwym Hwympg?2 Horsepower
Seatter Plot e TR, 1,00 2}1‘8"‘ 1,00 0,01 0,00 0,03 0,01
0 orsmsos 5 e T Elee ] . I 2,00 ’,»-"“1,53 1,19 0,00 0,09 0,07 0,00
e v T T ; 300 | 027 2,85 /|§ 0,03~y 0,32 0,69 0,00
TG LN 400 | 0,03 9,25 ‘ 0,96 >05[ 0,58>05 0,21 0,99
) ° | ’ B 370/ Tabawue cBOBbAHBI wnen Okono 10 — nnoxo, 100 — coBcem noxo
2 ° .. 0l HEMCITOJTB3YETCA B PacyeTax . - - - - -
£ Ty ersepoar % [ Collinearity Diagnostics (intercept adjusted)
_— O W Az B0 Condition Proportion of Variation
o0 / e EiE : Number |Eigenvalue
o L ° | Index Hwympg [Hwympg2|Horsepower
o - fos 7o o’ . - 1;\* e mame 1,00 2,06 1,00 0,05 0,06 0,06
Hwympg ,Bﬂq,“m,u o gﬂﬁwﬁgfﬂ&ﬂ ‘e Lo 2,00 0,80 1,61 0,00 0,28 0,26
-5 0 5 10 15 20 0 100 200 300 400 3,00 0114 3'79 0’95 0,66 0,68
THE
POWER

TO KNOW.

Gsas




WHAT ELSE CAN

HAPPEN... MULTICOLLINEARITY: RIDGE REG

N p

. 2
Bridge — aromin E (yi — Bg — E Tij 33) .

B =1 j=1

:él‘idge _ (XTX 3+ )\I)_IXT}’

p
subject to ZJ? < t,
j=1

Ridge Regression Analysis for x4

proc reg data=acetyl outvif

outest=b ridge=0 to 0.02 by .002; .

model x4=x1 x2 x3 x1x2 x1x1;
run;

\_ J

25

0.0

-25—

Standardized Coefficient

I

5.0

T T T
0.000 0.005 0.010 0015 0.020

Ridge Parameter
x1 w2 =3 *1x2 ulxl
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WHAT ELSE CAN

HAPPEN... INFLUENTIAL OBSERVATIONS

Outlier Influential Observation

Price

Horsepower Horsepower

THE
POWER
TO KNOW.

Osas




WHAT ELSE CAN |\ £l UENTIAL OBSERVATIONS

HAPPEN...
h =(X (X"X) " X7),
RSTUDENT residual
measures the change in the residuals when RSTUDENT = i
S(i)ﬁ 1-— hi

an observation is deleted from the model.

Leverage
measures how far an observation is from the

cloud of observed data points

Cook’s D
measures the simultaneous change in the D — i ~Yie)?
: L ‘ p MSE '
parameter estimates when an observation is
deleted.
DFFITS
measures the change in predicted values —
L Yi =Y
when an observation is deleted from the DFFITS = ‘—(l)
S(i)\/h(l)

model. (...continued ...)
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WHAT ELSE CAN

INFLUENTIAL OBSERVATIONS

HAPPEN...

b; — by,
DFBETA, ;, =1
DFBETAs 6(b;)

measures the change in each parameter

estimate when an observation is deleted from
the model.

covmaio, - F0Xirku)
‘SZ(X X)) 1‘

COVRATIO

measures the change in the precision of the
parameter estimates when an observation is

deleted from the model

ﬂHEN THERE ARE INFLUENTIAL o
OBSERVATIONS

N

Make sure that there are no data errors.
Perform a sensitivity analysis and report
results from different scenarios.
Investigate the cause of the influential
observations and redefine the model if
appropriate.

Delete the influential observations if
appropriate and document the situation.
Limit the influence of outliers by

performing robust regression analysis
using PROC ROBUSTREG.
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WHAT ELSE CAN
HAPPEN... INFLUENTIAL OBSERVATIONS

IDENTIFYING INFLUENTIAL OBSERVATIONS — SUMMARY OF SUGGESTED CUTOFFS

Influential Statistics Cutoff Values

RSTUDENT Residuals  |[RSTUDENT]| > 2 support.sas.com on
P pProc reg
LEVERAGE LEVERAGE > 22
n
Cook's D CooksD > %
DFFITS IDFFITS| > 2\/%
DFBETAS IDFBETAS| > —
Jn
COVRATIO COVRATIO < 1-32 or COVRATIO >1+22

n n



http://support.sas.com/documentation/cdl/en/statug/66103/HTML/default/viewer.htmstatug_reg_details26.htm
http://support.sas.com/documentation/cdl/en/statug/66103/HTML/default/viewer.htmstatug_reg_details26.htm
http://support.sas.com/documentation/cdl/en/statug/66103/HTML/default/viewer.htmstatug_reg_details26.htm
http://support.sas.com/documentation/cdl/en/statug/66103/HTML/default/viewer.htmstatug_reg_details26.htm

INFLUENTIAL

OBSERVATIONS “CPE

proc reg data=sasuser.carsZ2 plots (label)=all;
model price = hwympg hwympg2 horsepower
/ influence;
1d model;
output out=check r=residual p=pred h=leverage rstudent=rstudent covratio=CVR;
plot COVRATIO.* (hwympg hwympg2 horsepower) / vref=(0.88 1.11) ;

run;
$let numparms = 4; Slet numobs = 81;

data influence;
set check;
absrstud=abs (rstudent) ;
1if absrstud ge 2 then output;
else 1if leverage ge (2*&numparms /&numobs) then output;
run;
proc print data=influence;
var manufacturer model price hwympg horsepower;
run;
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INFLUENTIAL _
OBSERVATIONS PLOTS: RSTUDENT & LEVERAGE

Outlier and Leverage Diagnostics for Price

RStudent by Predicted for Price
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INFLUENTIAL

OBSERVATIONS PLOTS: COOK’S D & DFFITS

Cook's D for Price Influence Diagnostics for Price
05 - Stealth s
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INFLUENTIAL

OBSERVATIONS PLOTS: DFBETAS & COVRATIO

Price = 4.0395 -0.8041 Hwympg +0.0435 Hwympg2 +0.0973 Horsepower

275
. . . N
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Intercept Hwympg i
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INFLUENTIAL

OBSERVATIONS “CPE

proc reg data=sasuser.carsZ2 plots (label)=all;
model price = hwympg hwympg2 horsepower
/ influence;
1d model;
output out=check r=residual p=pred h=leverage rstudent=rstudent covratio=CVR;
plot COVRATIO.* (hwympg hwympg2 horsepower) / vref=(0.88 1.11) ;

run;
$let numparms = 4; $let numobs = 81;

data influence;
set check;
absrstud=abs (rstudent) ;
if absrstud ge 2 then output;
else if leverage ge (2*&numparms /&numobs) then output;
run;
proc print data=influence;
var manufacturer model price hwympg horsepower;
run;
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HOME WORK

e Same as at lecture

POLYNOMIAL REGRESSION

PROC GLMSELECT

BOX-COX ETC. TRANSFORMATION
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