Class 17: Sleuth Ch10-11

Slide 1 Ch 10 Inferential tools for multiple
regression

Ch 10 Inferential tools for
multiple regression Chapter 11 Model Checking & Refinement

Chapter 11 Model Checking
& Refinement

Class 17: 4/13/09 M NOTES:

Slide 2 HW 12 due Friday 4/17/09

HW 12 due Friday 4/17/09

Submit as Myname-HW12.doc (or *.rtf)

e HW 12 10.28: El Nifio and Hurricanes
» Due Friday 4/17/09 Noon NOTES:

® Read Chapter 11: Model Checking and
Refinement
» Read chapter 11 conceptual problems & solutions

» Post a question or response about Chapter 11
conceptual problems

e No Class Monday 4/20: Patriot's Day

Slide 3 Case 10.2

NOTES:

Case 10.2

Energy of echolocating bats:

Do they require more energy than non-
echolocating bats or birds, after accounting for
the effects of body mass on energy

consumption?

EEOS611
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Class 17: Sleuth Ch10-11

Display 10.3

Mass and in-flight energy expenditure for 4 non-echolocating bats {Type =
1}, 12 non-echolocating birds (Type = 2), and 4 echolocating bats {Typ

Flight Energy
Mis Tipe Expeaditure (W)
: | 3
1
1
1
T8 2
120 2
13 2
275 2
370 2
384 2
442
412
330
450
a3
8
6.7
77 I

code.

Slide 4 Display 10.3

NOTES:

rte that \

al type is
tegorical

ble with 3
jories. It
need 2

1only 2)
dicator
ables to

Display 104

Slide S Display 10.4

Lo ling seatterplot f in-Might emergy evpeasdiiure verss bady mass for 4
i [k g b 1

i | T
| g

Enersy
Eapenditure (W)
hag scabe)

Energy Expenditure (W)

8

NOTES:

oy Mass () {log seale) Body Mass (g)

Note log-I

In (energy)

intercept

=020+059 imass
osi

In (mass)

the 3 fitted lines have
the same slope & Y-

difference between bats
& birds?

og plots: Do

. Isthere a

Display 10.5

The parallel regression lines model for the bat echolocation data

Echolocating bats

Energy
Expenditure (W)
(log scale) Birds
Non-echolocating bats
Bo+ Bs
Bo+ B2

Ba

Slide 6 Display 10.5

NOTES:

Body Mass (g) (log scale)

1) Test whether the 3 slopes
differ (2 interaction terms)
2) Test whether 3 Y-
intercepts differ

In(mass)
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Class 17: Sleuth Ch10-11

Display 10,12

The extra sum of squares F-test comparing the separate regression lines
model to the parallel regression lines model: bat echolocation data

The models differ

e =) in 2 interaction
ms

Source of Variation  Sum of Squares  df  Mean Square  F-Statistic  p-value

Regression 2946993 5 5.509399 163.4 00|

Kesidual SO4KT, 14 LN 03606

Total 2997480 19 Fxrimate of o
( Resichual 55) ( f
@ FIT REDUCED MODEL: pt{lemergy | fness, TYPE}
\_ o+ Pylmass < Pobind + frebar
Source of Variation Sum of Squares  df  Mean Square  F-Statistic  p-value
980716 2 0001

03458

Slide 7 Display 10.12

NOTES:

Display 10.12

The extra sum of squares F-test comparing the separate regression lines
model to the parallel regression lines model; bat echolocation dats

The extra sum of upweres

ference benween | Extra 88 55332 - .50487 4845
residual sims of squares

Numerator df - mmber of
s i fauld moched mimus )
\ snnber of [V's b rediucedd model)

4845

# F-Staistic
3606

ook up PriFs 1y = 0.6 —  p-value = 0.53

Conclusion: There is no evidence that the association between energy
expenditure and body size is different for the three types
af flving vertebrates (p-value = 0.5

Slide 8

NOTES:

t tests: Are interaction terms zero?

Parallel slopes model, Can’t rely on the t statistic
alone to judge whether both interaction terms can be
ped

Unstandardized Standardized

Coefficients Coefficients 95% Confidence Interval for B

Model B Std. Error Beta t Sig. Lower Bound  Upper Bound
1 (Constant) -1.468 A37 -10.705  3.1E-009 -1.76 -1.18
In (mass) 809 027 990 30127 7.4E-017 75 86

2 (Constant) -1.576 287 -5.488  5.0E-005 219 -97
In (mass) 815 045 998 18.297  3.8E-012 T2 9

Birds 102 114 041 896 384 -4 34
Echolocating bats 079 203 026 388 703 -35 51

3 (Constant) -.202 1.261 -161 875 -2.91 2.50
In (mass) 590 206 122 2.861 013 A5 1.03

Birds -1.378 1.295 -552 -1.084 305 -4.16 1.40
Echolocating bats -1.268 1.285 -414 -.987 341 -4.03 1.49

Intxn (Mass, Birds v. Bats) 246 213 536 1.151 269 =21 70
ot 215 224 204 %1 53 -26 69

a. Dependent Variable: In (energy)

Two 1-coefficient-at-a-time t tests can have p values > 0.05,
but both together can have p<0.05. Need extra Sum of
Squares F test with combined df in numerator.

Slide 9 t tests: Are interaction terms zero?

NOTES:

Page 3 of 25




Class 17: Sleuth Ch10-11

Extra sum of squares F test (=Partial F
test) for both interaction terms

Model Summany

a. Predictors: (Constant), In (mass)
b. Predictors: (Constant), In (mass), Birds not Bats, Bats (echo) v. Bats (non-echo)

d. Dependent Variable: In (Energy) Sum of
Sauares

Mode! a
1 Regression 20392 1
Residual 583 8
" 20975 19
2 Regression 29421 3
Residual 553 16
Total 20075 19
3 Regrsson 29470 5
Residual 505 14

Total 20075 19

Change Statistics

Adjusted  Std. Error of R Square

Model R RSquare RSquare the Estimate Change FChange  dfi dr2

1 9902 981 979 17995 981 907.638 1 18
2 991 982 978 18596 001 428 2 1%
3 992¢ 983 o17 18990 002 672 2 14

df  Mean Square

Sig. F Change
000

859
527

c. Predictors: (Constant), In (mass), Birds not Bats, Bats (echo) v. Bats (non-echo), Intxn (Mass, Twobats), Intxn (Mass, Birds v.
ANOVA®

29392 907638 744017

032

0807 283589 446E014

035

5804 163440 6.70E012°

038

Slide 10 Extra sum of squares F test
(=Partial F test) for both interaction terms

NOTES:

Do echolocating bats differ from
non-echolocating bats in energy

expenditure?

Non-echolocating bats are the reference category:
Little evidence (t test, p=0.7) that the difference in Y
intercepts = 0, so conclude that there is little evidence
that echolocating and non-echolocating bats differ in

energy expenditure.

Coefficients'
Unstandardized | Standardzed
Coefficients 95% forB
Std.Eror | Beta t Sig. [ Lower Bound [ Upper Bound
EE] 0705 000 1756 1180
021 990 | 3oz 000 52 865
287 5488 000 2185 ~967
045 998 | 18.207 000 721 909
14 041 8% e 140 e
203 026 388 703 -351 508
1261 6t a75 2908 2503
208 72| 2861 013 148 1032
1295 552 | 1084 305 4156 1400
1285 a1 | -se7 341 4025 1.489
213 53 | 1151 269 212 703
224 204 91 353 -265 694

Slide 11 Do echolocating bats differ from
non-echolocating bats in energy
expenditure?

NOTES:

Display 10.10

The extra-sum-of-squares F-test for testing equality of intercepts in the
purallel regression lines model; hat echolocation data

t i = Y
A ol h = A502 =16 & -
' i
X289 dt=iy
> xS = AEISN. ASMN .
» Numerator df=4.2=1
o [Z2] s
[ P
T Pt | FStatistic = il ! Regression
s LS ] Residual
Total
2 Regression
. peValue = bh Residual
Total

echa-

Extra sum

different Y
intercepts

Sum of
Squares. df
29392
583
29.975
29.421
553
20.975

Mean Square
29.392
032

9.807
035

Slide 12 Display 10.10

NOTES:
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Class 17: Sleuth Ch10-11

Display 10.6

Partial summary of the least squares fit to the regression of log energy
expenditure on log body mass, an indicator variable for bird, and an
indicator variable for echolocating bat

2-Sided
Variable Coefficient Standard Erro =Statistic p-Value
CONSTANT -1.5764 0.2872 54880 <(.0001
fmass 0150 00445 18.2966 <0001
bired 0.1023 0.1142 0.8956
chat 0.0787 0.2027 0.3881
Estimate of @ = 0.1860, df = 16

Coefficients

Unstandardized

Coefficients 95% Confidence Interval for B

B Std. Error t Sig. Lower Bound Upper Bound
(Constant) -1.576 .287 -5.488 4.96E-005 -2.19 -97
Echolocating bats .079 .203 .388 703 -35 51
Birds 102 114 896 .384 -14 .34
In (mass) 815 045  18.297 3.76E-012 72 91

a. Dependent Variable: In (energy)

Slide 13 Display 10.6

NOTES:

Regression o estimated from
vResidual mean square

Model Summany
Adjusted  Std. Error of R Square

Change Statistics

Model R RSquare RSquare the Estimate Change FChange  dff df2 i, F Change
1 9902 981 979 17995 981 907.638 1 18 000
2 991> 982 978 18596 001 428 2 1% 859
3 992¢ 983 o17 18990 002 672 2 14 521

a. Predictors: (Constant), In (mass)

b. Predictors: (Constant), In (mass), Birds not Bats, Bats (echo) v. Bats (non-echo)

c. Predictors: (Constant), In (mass), Birds not Bats, Bats (echo) v. Bats (non-echo), Intxn (Mass, Twobats), Intxn (Mass, Birds v.
ANovA®

d.Dependent Variabl: In (Energy) g
e LR e -

Note that mean 1 Regresson 28.392 1+ % s rassor

P R e
squares are Total 2075 19

. 2 Regression  29.421 3 9807 283589 4.46E-014°
variances, the square Py s

root of the residual  »  fegeser 0 5 sew e swcon
mean square oW

pI‘OVideS lhe Standard . Predictors: (Constant), In (mass)
. Proctors: (Constant, I (mass), Bids ot Bats, Bat (6cho) v. Bats (on-ech)
error for the & Precictors: (Constan), In (mass), Birds not Bats, Bats (echo) . Bats (non-echo),
. I (ass,Twobat) nan (Vass, Birc v. Bte)
regression.

d. Dependent Variable: I (Eneray)

Slide 14 Regression ¢ estimated from
vResidual mean square

NOTES:

Display 10.6

mmary of the least squares fit to the regression of log energy
are on log body mass, an indicator variable for bird, and an
indicator variable for echolocating bat

2-Sided
CONSTANT <1564 <0,0001
dmass OR150 1)
hirdd 01023
eburt 00787

Estimate of 0 = 01860, df = 16

How do you estimate sigma, g, standard error of
the estimate, root mean square error for the
regression, standard error for the regression?

Slide 15

NOTES:

Page 5 of 25




Class 17: Sleuth Ch10-11

Slide 16

Model Summany?
Adjusted  Std. Errorof R Square

Change Statistics

Model R RSquare RSquare the Estimate Change FChange  df df2  Sig.F Change
1 9902 981 979 7995 981 907.638 1 18

2 9910 982 978 18596 001 428 2 1% 659
3 -992° 983 977 18990 002 672 2 14 521

o Pt Constart ) NOTES:

c. Predictors: (Constant), In (mass), Birds not Bats, Bats (echo) v. Bats (non-echo), Intxn (Mass, Twobats), Intxn (Mass, Birds v.
Bats)

ANOVA!

Sum of

Model Squares df Mean Square F sig.

1 Regression 1 20392 907638 T.ME017
Residual 032
Total

2 Regression 9.807 283589 4.46E-014°
Residual 035
Total

3 Regression 5894 163440 6.70E-012°
Residual 036
Total 20975 19

a. Predictors: (Constant), In (mass)

b. Predictors: (Constant), In (mass), Birds not Bats, Bats (echo) v. Bats (non-echo)

. Predictors: (Constant), In (mass), Birds not Bats, Bats (echo) v. Bats (non-echo),
Intxn (Mass, Twobats), Intxn (Mass, Birds v. Bats)

d. Dependent Variable: In (Energy)

Slide 17 Display 10.8

Display 10.8

Estimated median energy expenditures for birds, echolocating bats, and
non-echolocating bats as functions of body mass; parallel lines model on log-
log scale, with 95% confidence bands

NOTES:

Median

Energy 40

Expenditure
(W)

Working-Hotelling Cl, using Scheffé multiplier

Slide 18 Display 10.9

Display 10.9

Construction of the %5% confidence bund using repeated fits of the multiple
regrevsian model with different reference points

oy

Refersnse Paint Explamatary Variables
e

Hods T
X

NOTES:

3468

Multiplicr

Tawwer limil = exp{2
Upper limit = cxp{2.27:

Note: Scheffé multiplier used for CI’s:

B« (3 AGK 00604 1]
+ (3 AGENO0604)]

somewhat atypical, but appropriate
[df=parameters in model (4), df in residual

Page 6 of 25




Class 17: Sleuth Ch10-11

Display 10.5

es for binds, echol ing bats, and
f body mass: parallel lines m
5

Estimated median energy
non-echolocating bats as f
log scale, with 95% confidence b

504

Median Nk
Energy 4
Expendi
wy 30

nan-ccholocating bats

100 200 00 P
Body Mass (g)

Scheffé multipler produces
broad confidence Interval for the
expected predicted value

Slide 19 Display 10.8

NOTES:

/ Th s Scheffé pred ct on\
nterval s based on
sample s ze There s a
further Scheffé adjustment

\\, for nd v dual Cl's /

Lowdsl | Upgsl | Lewdsw | uUpssM | | Lowsss | upsss |
30.14 73.22 3631 57 61 33648 B5 586
555 14.01 6.52 11.24 aEM Him
6.45 14.78 853 11.10 7318 12,044

591 1539 ] 1250 6125 14855
17.86 1241 2240 32U 14 787 37 B
19.93 4585 26.42 34.58 24,249 IETS

7.6 50.79 2033 4266 54,335

Slide 20

NOTES:

Syntax: Scheffé multiplier

* regpars is the number of parameters in the final model, with 16 df in the residual
Compute regpars=4.

Compute residdf=16.

exe.

COMPUTE FScheffe = IDF.F(0.95,regpars,residdf) .
EXECUTE

COMPUTE iplier = sqrt(regpars*F

EXECUTE

* Scheffe interval is Scheffe multiplier times the standard error for each predicted value, SEP_1 was producded
by regression.

COMPUTE Schint = SEP_1 * Scheffemultiplier

EXECUTE

COMPUTE L95S = PRE_1 - Schint.

COMPUTE U95S = PRE_1 + Schint.

EXE.

COMPUTE PredE = Exp(PRE_1).

COMPUTE Low95S = Exp(L95S)

COMPUTE Up95S = Exp(U95S)

EXECUTE

Slide 21 Syntax: Scheffé multiplier

NOTES:

Page 7 of 25




Class 17: Sleuth Ch10-11

Slide 22 Variance formulae for linear

Variance formulae for linear contrasts

contrasts

Display 10,15 olocating bats?

Inference aboat [i; - by, the coeTiciemt uf e mdicaior variable for birds
mimus the cuefMickent of the indicater variabie fur echobscating bars

=~ || NOTES:

Slide 23 Echolocating Bats as Reference

Echolocating Bats as Reference

Standardized
Coeffic 95% Confidence Interval for B
Beta t Sig.  LowerBound Upper Bound
-9.993 000 1815 1180
NOTES:
351 M
358

Slide 24 Birds vs. Echolocating Bats

Birds vs. Echolocating Bats

Dispiay 10,15

Inference abem |1y - iy, the cocfMclent of the indicator variable for birds

minws the cocfficicnt of the indieator variable fur echobocating bais

NOTES:

95% Confidence Interval for B
t Sig Lower Bound  Upper Bound

2185 -967
an 909
-140 344
-351 508

Page 8 of 25




Class 17: Sleuth Ch10-11

Using indicator variables

Slide 25 Using indicator variables
judiciously

judiciously

® By changing the reference category to
echolocating bats, instead of non-echolocating
bats, the bird coefficient will test the hypothesis

NOTES:

that the bird Y-intercept differs from echolocating

bat Y-intercept
» If non-echolocating bats were the reference, the standard

error for the difference in Y intercepts could be calculated
using the ‘propogation of error variance’ formula:
» Var(a- b)=variance(a)+variance(b)-2 cov(a,b)

® By coding the flying animal type using non-intiger
coding, ebats as /2 and nebats as -/, “Birds vs.
Both types of Bats” can be tested. Draper &
Smith cover non-integer coding schemes.

Birds vs. Both types of bats

Weighted average of the 2 bat types using -2 and %2
for the indicator variables for ebats and bats

Coefficients’

Standardized
Coefficients.

Beta t
-7.481
18.297

676

Unstandardized
Coefficients

B Std. Error

1.537 205
815 045
063 093

079 .203

95% Confidence Interval for B
Lower Bound Upper Bound
1.973 -1.101
721 909
-134 260

-351 .508

sig.
000
.000
509

Model
1 (Constant)

In (mass)

Birds

Bats (echo) v.
Bats (non-echo)

a. Dependent Variable: In (energy)
Statistical summary: After accounting for body mass
effects, little evidence that the energy consumption by
echolocating bats differs from non-echolocating bats (t-
test, p=0.7), nor is there much evidence that birds differ
from bats, echolocating or not, in energy expenditure (t

test, p=0.51)

998
025

.020

Slide 26 Birds vs. Both types of bats

NOTES:

Chapter 11 Model Checking
& Refinement
Case Studies

EEOS611

Slide 27 Chapter 11 Model Checking &
Refinement

Case Studies

NOTES:

Page 9 of 25




Class 17

: Sleuth Ch10-11

Case Study 11.1 Gender
differences in alcohol tolerance

Women have a lower alcohol tolerance & more alcohol
related disease (with the same amount of drinking).
Why?

Divglay 1.1

©18 Men & 14 women
volunteers from Trieste

Fird s mctatulinm of akobosl in the vemach (el fice-Sor) and

Slide 28 Case Study 11.1 Gender
differences in alcohol tolerance

NOTES:

» 3 women & 5 men were alcoholic
eEthanol dose 0.3 g/kg orally
one day & intravenously
another y
> Randomly determined order e R : 5
eIntravenous- oral= 1st pass P B 3
metabolism gop B
o
eGastric alcohol b
dehydrogenase activity b b
measured

Display 11.2

Research Questions

oDo levels of first-pass —
metabolism differ between
men and women? pe

eCan differences be explaine
by postulating that men hav
more alcohol dehydrogenas
activity in their stomachs?

o Are these effects complicate
by an alcoholism effect (3
women & 5 men were
alcoholics)?

Slide 29 Display 11.2

NOTES:

SPSS Analyses

First Pass Metab. = Intravenous - oral concentration

124 | Alcoholic © 3
E O Not Alcoholi
B —— .| Are there outliers
E a among these
i data? If so, what
2 ° should be done
2 om with them?
" P,
& 23 o g ;:
- o 15 2 ;Js w7 Female
L4 A A O 14 Male
s o1 #@:}1 ) [ Female

gp o

T T T T T
a 5

Gastric AD Activity (umol/min/g of tissue)

Slide 30 SPSS Analyses

NOTES:

Page 1

0 of 25




Class 17: Sleuth Ch10-11

Identifying outliers that matter

gty o' 44T —=-- £4ing the full factorial model
Scatterplot

o 1 reprvan ol Rt s marabeskm ot gl
o

N, SR it 4 "Dgpendent Variable: First-Pass Metabolism (mmol/l-h)

2
; :
) b -4
. g,
BT ow
§ Mz
§oamd 2
< =0
2 a4
1 8 ° 2
; i : g
: 2.
[
Wil Valew Regression Standardized Predicted Value

Cook's Distance
o

LLR Smoother

Slide 31 Identifying outliers that matter

NOTES:

Display 11.8

A strategy for dealing with suspected influential cases

Q" the conclusions change when the case is deleted? J

NG YES

Proceed with the case in- | /Iy there remson fo believe

P Study i to see if e oy ity S

anything can be learmed. lution other than the o
wcler fimvestigention

YES A N

f . Iarve s
L aplanator

Qa.-.n.’-.’c valnes®

YES A NG

Omit the case and proceed.
Report conclusions for the
reduced range of explana-
fory varlablex

it the cave and proceed.

aid, More

Slide 32

NOTES:

Fit gastric model without apparent
outliers (Cases 31 & 32)

Restrict analysis to GA < 3.1; Note that Cook’s D is not
that high. “Some statisticians use a rough guideline
that a value of D, close to or larger than 1 indicates a

larae inflience: Nranar & Smith: nn tect ar qutoff for D!
Display 11.9

Regression parameier estinaies, standard ervors, and gevalues from the
regression of first-pass metabolism on gastrie activity, an indicator for
female, an indicator for alcoholic, and all 2nd and 3rd-order interactions;
with (1 all observations and (2} all observations except 31 and 32

Al 32 Dbwervation Cuses 31 amd 32 Renoved

Standand Laided Standard Zovided
Varishle Estimate  Errsr  poalue | Estimate  Error  poa

1680

¥ I EEOS611

Slide 33 Fit gastric model without
apparent outliers (Cases 31 & 32)

NOTES:

Page 11 of 25




Class 17: Sleuth Ch10-11

Restrict range of regression to
Gastric AD levels < 3.1 pymol/min/g

12+ | Alcoholic | ® @
= O Not Alcoholi |
= A Alcoholic
S |
£ o
E | 3
E " |
2
= 30 |
a o
[:]
]
2 |

o 29

o 23

P o 28,23 |
3 o
< RE 0,1 A —
> o 18 emale
2 S 1%5333 P 1 W male
ic o, 1 11 | H Femai
A 46 a4 emale
o T |
T T

T T T
1 2 3 4 5

Gastric AD Activity (umol/min/g of tissue)

Slide 34 Restrict range of regression to
Gastric AD levels < 3.1 pmol/min/g

NOTES:

Leverage

Calculated using only explanatory variables

An illustration of what is meant by “far from the average™ of multiple
explanatory variables when they are correlated

1/n < leverage < p/n
Potential cutoff leverage > 2p/n

Slide 35 Leverage

NOTES:

Cook’s D

Detecting single observations that matter: there is no
critical value for Cook’s D, but D>1 of concern; D less
than 1 could be important too.

e Equivalent to performing the regression
after deleting each datum one at a time

® The actual cases need not be deleted

® The change in parameters with and without
the deleted case are assessed

® A point with high leverage need not affect
the regression greatly

EEOS611

Slide 36 Cook’s D

NOTES:

Page 12 of 25




Class 17: Sleuth Ch10-11

Display 11.11, p 318

Note that this plot is for the REDUCED model (no

e fit of first-pass metabedism om gastric
helr intersction

Cuuk’s
Distance

Leverage

Studeatieed |
Wosidual L} | o - T P

Slide 37 Display 11.11, p 318

NOTES:

SPSS analysis: Reduced model

Gastric, Gastric x Female (no B,, no Female)

Reduced model

Slide 38 SPSS analysis

050000 o Female
NOTES:
A Female *
@
35 040000
2 . -
S A Studentized Residual
S o [e] O
g d
b iy 211128 080142 371413
3
B oa00- d
2
€
8 A A o
0.10000 S
h AAAA A A K («% Odp
o P
A A MA
17378 7 9 11 4315 17 19 2 2 25 27 2 3
24 6 8 101218161820 22202 2 W 32
Case
Slide 39
Coefficients™® l e
Unstandardized ~ Standardized
Coefficients Coefficients 95% Confidence Interval for B
Model B Std. Error Beta t Sig.  LowerBound Upper Bound
1 (Constant) -573 606 -846 352 1815 668
Gastric AD Activity
e 1.449 339 629 4277 000 755 2443
2 (Constant) 845 568 1.488 A48 -320 2011
Gastric AD Activity
(mamoliming of tiasue) 1.150 2n 499 4242 000 594 1.708 NO I ES .
Female 1.528 345 521 4434 000 2234 -821 *
3 (Constant) 070 802 087 932 1579 1718
Gastric AD Activi
(mamolimindg of tssue) 1565 407 679 3843 001 728 2403
Female 267 993 -091 -269 790 -2.308 1775
GastricxFemale -728 539 449 1351 188 -1.837 380
4 (Constant) -680 1309 -519 609 -3.305 2035
Gastric AD Activity
{mamliming of fasus) 1921 608 833 3159 005 660 3183
Female 486 1.467 166 331 744 2556 3527
GastricxFemale -1.081 721 666 -1.498 148 2576 415
Alcoholic 1572 1812 484 868 305 2185 5330
FemalexAlcohol 1272 3.467 -2668 -367 77 8462 5918
GastricxAlcohol -866 963 -428 -899 378 2863 1132
GastxFemxAlc 606 2316 177 262 7% 4107 5.408

a. Dependent Variable: First-Pass Metabolism (mmol/l-h) " " n

b. Selecting only cases for which Gastric LE 3= 1 If there Isan interaction, Iea\{e the

appropriate 1st order effects in the
model; Draper & Smith, Harrell

(2001)

Page 13 of 25




Class 17: Sleuth Ch10-11

Full model

A single female alcoholic plays a big role in fitting

Slide 40 Full model

models
A Female .
O NOTES:
A A Female
a Centered Leverage Value
g 7 o
s @)
,’D£ 0.03545 0.49706 0.95867
e o
X
o
o
o
o q
o1 AAAAAAAAANAANCODD 0000
HESEA S %
2 4 6 8101214 16 18 20 22 26 26 28 30 32
Case EE0861 1
.
Slide 41
First-Pass Metabolism (mmol/l-h) = -1.83 + 2.28 * gastric
R-Square = 0.68
120 32 0
Alcoholic
[l Not Alcoholig
[ Alcoholic NOTES .
Female
O ——— Male
A - Female

First-Pass Metabolism (mmol/l-h)

Cook's Distance Means
o o O
——

0.00001

1.13987 227973

Linear Regression

Gastric AD Activity (mumol/min/g of tissue)

Display 11.8

A strategy for dealing with suspected influential cases

Gl’a the conclusions change when the case is deleted? )

NO YES

Slide 42

NOTES:

Proceed with the case in-
eluded. Study it to see if
anvihing be learned.

Ts there reason fo beliewe
the case belongs 1o @ pop-
lation ather than the one
e iy i

YES A NCY

Omit the case

Does the case have nusu-
enned proceed, ally “disiant” anatory
variable vafues?

YES l/\l NG

vy variables

Omit the case ad p
Repart conclusions for the
reduced range

i New much can be seicd. More
e for clarification of the
influential case) are need-
ed to resolve the questions.

af explana-
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Slide 43 Display 11.12
Display 11.12
Least squares estimates for the regression of first-pas bolism on
gastric AD activity, sex, and their interaction (excluding cases 31 and 32)
Standard 2-sided NOTES .
Variable Estimate Error t-Statistic  p-value
Constant 0.070 0.802 0.087 93
gast 1.565 0.407 3.843 0007
fem -0.267 0,993 -0.269 79
gast ¥ fem -0.728 0.539 0114 a1
Slide 44 Sleuth’s final gastric model:
’ A A . .
__ Sleuth’s final gastric model: Force Y Force Y intercept to be zero, drop gender
intercept to be zero, drop gender main . :
effect & delete cases with GA>3.1 main effect & delete cases with GA>3.1

Draper & Smith, Harrell

(2001): it is a mistake R B e o L
to leave out the B, and = L ey _ me NOTES:

female main effect in

this type of model! |
would recommend
leaving them in, even if

not significant

Slide 45 Sleuth’s final Case 11.1 model: an

Sleuth’s final Case 11.1 model: an interaction, but without a Y intercept or
interaction, but withouta Y Female main effect
intercept or Female main effect

Unstandardized  Standardized
Coefficients Coefficients 95% Confidence Interval for B

Model B Std.Emor  Beta t Sig.  LowerBound Upper Bound
jcasiCADAc vty 1.599 A25 1218 12.800 000 1.343 1.855

(mumol/min/g of tissue)
GastricxFemale -873 A14 -418 5019 .000 1230 517 NOTES N
s

astric LE3 = 1

Draper & Smith, Harrell, & | object strongly to fitting
an interaction term and leaving the main effect out.
It should be left in. Moreover, the intercept should

usually be left in the model, even if the 95% CI
includes zero

Page 15 of 25
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Gallagher’s alternate model

Gastric AD & Ferpgﬁletmain effects, then intxn ns.

Unstandardized  Standardized
Cosficients Cosficients 95°% Confidence Interval for B

Model B SdEmor  Bew ¢ Sig.  LowerBound Upper Bound
1 (Constam) 73 606 e4s as 1815 668
s a e e 144 E 29 a2 000 755 2143

2 (Constant) 845 568 1.488 148 -320 2011
(G:::"";‘:“?n’,‘;‘;‘;‘:‘yssue) 1.150 an 499 a2z 000 594 1706

Female as s s 444 000 223 821

3 (Constant) o7 802 087 932 1579 1718
s ey 1885 407 o9 3ma 001 28 2403

Female 287 993 oot 29 7% 2308 1775
GastriodFemale 18 53 449 4351 88 1837 380

4 (Constant) “es0 1309 ~519 609 3395 2035
e ot ey 1921 608 83 s 005 660 3183

male a6 1487 166 n 44 2556 3527
GastricFemale 1,081 1 666 1498 148 2576 415
Alcoholic 1572 18t 484 868 395 2185 5330
FomalexAlcohol 22 3467 286 -367 " 462 5918
GastricxAlcohol 886 963 428 -809 a78 2863 1132
GastFemxAlc 66 2316 7 262 7% 4187 5.408

a. Dependent Variable: First-Pass Metabolism (mmol/-h)
b. Selecting only cases for which Gastric LE 3= 1

Slide 46 Gallagher’s alternate model

NOTES:

Extra sum of squares F test

For the alternate model, including Y intercept &
Females, then gastric x females coefficient not needed

Model Summary

R Change Statistics.
Gastric LE 3 = Adjusted Std. Errorof R Square
Model 1 (Selected) R Square RSquare the Estimate  Change F Change dft df2 Sig. F Change
1 6297 395 374 1.1557 395 18.292 1 21 .000
2 806° 650 524 8953 255 19.659 1 27 000
3 .820° 673 635 .8819 023 1.824 1 26 188
4 828° 685 585 9411 012 209 4 22 931
a. Predictors: (Constant), Gastric AD Activity (mumolminig of tissue)

b. Predictors: (Constant), Gastric AD Activity (mumoliminig of tissue), Female

c. Predictors: (Constant), Gastric AD Activity of tissue), Female,

of tissue), Female,

d. Predictors: (Constant), Gastric AD Activity
Alcoholic, FemalexAlcohol

EEOS611

Slide 47 Extra sum of squares F tes

NOTES:

Display 11.14 vs. Simpler model

Results for mean metabolism being proportional to gastric activity

2-sided
Variabl Statisti g
gast 12,800 <0001
gast % fem -5.019 <0001

Unstandardized
Coeffcients oeffcients 95% Confidence Interval for B

‘ <
Wodel 5 SdEror  Bea f Sg. Lower Bound  Uppor Bound
1 _(Gonstan) o0 s 087 532 1579 e [ Leave

Gastric AD Activi

Standardized

e Y a0 &9 3843 001 728 2403 in
emale = 99: -0t 26 7% 2308 1
GastricxFemale 728 530 aag 1351 188 Er] 380
2 (Constany) 680 1309 519 609 3305 2085 model
vt 1521 608 853 315 00 660 3183
Female a6 1467 166 381 744 2566 3527
GastricFemale. -1.081 721 666 1498 148 2576 15
Alcoholic 1572 1812 4z a8 aes 2185 5330
FemalexAlcohol 22 aaer 266 -367 77 8462 5918
Gastriculcohol -866 %63 a2 8w 78 2863 1132
GastiFemdAlc 606 2316 177 262 7% -a.187 5.408

a. Dependent Variable: First-Pass Metabolism (mmolf-h)
b. Selecting only cases for which Gastric LE 3= 1

No need for interaction terms

Slide 48 Display 11.14 vs. Simpler model

NOTES:
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Case 11.2

Brain barrier disruption

EEOS611

Slide 49 Case 11.2

NOTES:

Case Study 11.2 brain disruption
with concentrated sugars

Display 11.3 p- 294

Time line for blood-brain barrier disruption experiment

h:’! min S s
2 - Saerifice Time
> < >

F 3 3

Antibeody |

Days Post Inoculation

oculation with

Treatment
infusion

Sucrifice: measure

canger cells itiboddy in tumar

EEOS611

Slide 50 Case Study 11.2 brain disruption

with concentrated sugars

NOTES:

Disgilay 114 295

0 i
hlood-hrais harrier dis

Slide 51 Display 11.4

NOTES:
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Display 1.5 . 296

Log-log scatterplot of ratio of antibody concentration in brain tumor to
antibody concentration in liver versus sacrifice time, for 17 rats given the
barrier disruption infusion and 17 rats given a saline (control) infosion

TG
“ai%

.
of
a*

Tumaor-to-Liver
Concentration Ratio

0.01

pilin
T..

L =7 ~

_H_
Fe
”

Sacrifice Time (Hours)

Slide 52 Display 11.5

NOTES:

The tentative regression model

Days, sacrifice time, treated as categorical variables

‘This initial investigation suggests the following tentative regression model (using the
shorthand model specification of Section 9.3.5):

plantibody | SAC, TREAT, DAYS, FEM, weight, loss, tumor)
= SAC + TREAT + (SAC x TREAT) + DAYS + FEM + weight + loss + tumor,

1 .
I
1

Sscrifics Thss iflswrs)

EEOS611

Slide 53 The tentative regression model

NOTES:

Display 11.8 p. 301

A strategy for dealing with suspected influential cases

Gl’a the conclusions change when the case is deleted? )

NO YES

Is there reason o believe
the case belangs to a popi-
lation other than the one
wnnder investigation?

Proceed with the case in-
eluded Stndy it fo see §f
anything can be learned.

YES N
Does the e
Chwit thhe cave amd proceed. ailly

variable values

VES U/\l NG

i New much can be seicd. More
the data for clarification of the
influential case) are need-
ed to resolve the questions.

Omit the case and proce
Report conchisions f
reduced range of explana-
vy variables

Slide 54

NOTES:
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Brain Barrier data

Studentized residuals: Not influential, so the two data
121 R 2\ laft in tha analucic

Display 11.6

Scatterplot of resi

5 versus fitted values from the fit of the logged
response on a rich i

explanatory va ain barrier data

104
54
= . .
] . "e %
T e
H - .
e P
] .
s
] 3

EOS611

-2 -1
Fitted Valies

Slide 55 Brain Barrier data

NOTES:

Case 11.02

Performing the analysis described on Sleuth p 311.

REGRESSION

/MISSING LISTWISE

/STATISTICS COEFF CHA CI ANOVA

/CRITERIA=PIN(.05) POUT(.10)

/NOORIGIN

/DEPENDENT lntum2lv

/METHOD=ENTER fem bd weight loss tumor
dayl0 dayll

/METHOD=ENTER fem bd weight loss tumor
dayl0 dayll sac3h sac24h sac72h

/METHOD=ENTER fem bd weight loss tumor
dayl0 dayll sac3h sac24h sac72h bdx3 bdx24
bdx72

/SCATTERPLOT= (*ZRESID , *ZPRED )

/SAVE PRED ZPRED COOK RESID ZRESID .

Residual

None of the cases seems to have \
ufficiently high leverage or Cook’s D to
be of concern;

Some indication of ‘trumpet’ shaped
residual plot Y%

LLR Smoother

Slide 56 Case 11.02

NOTES:

Case 11.02

No need to delete cases for Case Study 11.02

eSleuth p. 317: ° 5
> pin is the average leverage, where p
is the number of parameters in the
model
> 2*p/n is sometimes used as a lower
cutoff for leverage
oFor Full model for Case 11.2
> 13 parameter full model o
> 2*13/34=0.76
> Only 2 data have leverage>0.6 and
Max Cook’s D is = 0.7

°
9
o
0

°

Centered Leverage Value
°
b

Case

Cook's Distance Means
o o O

000 035 070

EEOS611

Slide 57 Case 11.02

NOTES:
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Display 1115 B33

Some partial reskdual plots for the blood-brain barrier data, with log of
antibody concentration Fatio (hraln tumor-to-liver) s respanse

The effect of log

x sacrifice time is
. 4 not linear, and th
i addition of a

quadratic term
* didn’t correct the
o lack of fit. So,

Partial Hesklusl

: . kLo oo g
e sacrifice time was|
e T coded as a
categorical
D g . variable, not a
% : continuous

variable.

Dy Pint Imscmlain (itierad)

Slide S8 Display 11.15

NOTES:

Display 11.16 34

Results from the regression of log ratio of antibody concentration (brain
tumaor-to-liver) on sacrifice time (treated as a factor) and treatment

Standard 2-sided
A 1=Statistic p-value
0.195 -17.94 =.0001
4.50 KLV
1643 <0
ator for time=72 19.89 <AHHI]
cator for trestment=BD 4.35 0002

Sacrifice time was coded for as a categorical variable,
using 3 (0,1) indicator or ‘dummy’ variables. Note that
changing ‘time’ to a categorical variable is often an
appropriate solution for temporal ‘lack of fit,” as shown
previously with the Boston Harbor benthic diversity
analyses

Slide 59 Display 11.16

NOTES:

Unstandardized  Standardized
Coaficients Cosficients 95°% Confidence Inerval or B
Model B SswEror  Bea ' g Lower Bound  Upper Bound
1 (Constant) 4302 205 2010 42098019 47 3883
Brain Disruption 797 183 10 4345 1554E004 422 1472
3 hour sacrifice 4134 252 226 4501 1013E-004 619 1650
24 hour sacrifice 4257 250 815 143 3ECIE 3727 aze7
72 hour sacrifice 5 154 259 967 tes 1902018 ac24 seme
2 o0 3008 1563 126 11320 1459
831 198 88 4200 3125004 a 1239
1.089 204 27 a8 oot P 1698
a1 357 7 12108 saesE0r2 a8 as10
517 1 984 15085 9880 ey 5840
o9 x 004 069 46 563 601
03 358 007 100 a2t 708 778
02 05 o a7 754 o8 on
048 o2 o081 T 004 105 05 Model Summanf’
001 001 065 1180 215 01 004

Case 11.02 Final model

(104220.797 1472 ])=[1 .53 2.22 3.23]
The median concentration of antibody was 2.2 times
higher with gygar treatment (95% Cl: 1.5, 3.2)

3. Dependent Varisbe: Ln(Tumor to ) Change Statistics

Model Change FChange  dft a2 Sig.F Change
1 9517 139646 4 29 1671E018
2 006" 701 5 2 628

a. Predictors: (Constant), 72 hour sacrifice, Brain Disruption, 24 hour
sacrifice, 3 hour sacrifice

b. Predictors: (Constant), 72 hour sacrifice, Brain Disruption, 24 hour
sacrifice, 3 hour sacrifice, Loss, Weight, Tumor, Days, Female

. Dependent Variable: Ln(Tumor to liver)

Slide 60 Case 11.02 Final model

NOTES:
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Slide 61

NOTES:

Saenfice Tims (Hswrs)

Treatment
==
a

Treatment
o——#0

A ns

LLR Smoother

g
g
2
H
&

Unstandardized Predicted Value

Ln(sacrifice time) - “

Sacrifice Time (hours)

Slide 62 An equivalent identical model

An equivalent identical model

Fitting a cubic model (Time, Time?, Time®) with 4 pts is
the same as using 3 indicator variable for time

Coefficients®

Unstandardized  Standardized NO I E S:
Coefiiciens Coeficents

5% Confidence Interval for B

Model B Std. Error Beta t sig Lower Bound  Upper Bound
1 (Constant) -4.248 198 -21.476 000 4653 3.844
Brain Disruption 97 183 180 4346 000 422 1472
Ln(sacrifice time) 495 AT 428 2.898 007 146 845
(In (Sacrifice time))"2 542 454 1770 3516 001 221 857
In(Sacrifice time))*3 -089 029 262 -3.085 004 -147 -030

a. Dependent Variable: Ln(Tumor to liver)

T TIi- ™ EEOS611

Slide 63 Residuals for Final C. 11.02
Residuals for Final C. 11.02 model model

+ O x Centered Leverage Value Means
st sios
O3
_ 025032 0.19802 0.56147
g =8l NOTES:
3 .
2 Os o 18 Cook's Distance Means .
]
8 Josgggo S0 o 00
O30

2 os #o w0 O u® # 000002 023077 046152
S

LLR Smoother
3 ®c o zO® S
2
3
g
5]

Qu
T35 & 4 ot

Unstandardized Predicted Value

EEOS611

Page 21 of 25




Class 17: Sleuth Ch10-11

SDFBeta

Change in each parameter estimate caused by the
deletion of each data point (in standard errors)

Standardized DfBeta

bj, —hj{J']
—_—

SDBETAy; = s
e
s, I XTWX

(1) [ }.H

where b; —b;(i) is the jth component of b—b{i}.

EEOS611

Slide 64 SDFBeta

NOTES:

SDFBeta plot, using explore

\Datalanalyzelexplore\ ... These are SDBETA boxplots
Using 11.21 River example

Also, DFFITS, ' |
the change in

predicted values | |
with the deletion
of each datum

o K
¥

Slide 65 SDFBeta plot, using explore

NOTES:

11.6.1 Related issues: Weighted &
Nonlinear regression

o Weighted Least squares regression
available in SPSS
» /Analyze/regression/weight estimation, or WLS
will provide an estimate of the weight function\

® Nonlinear regression is also available in
SPSS

® Use non-linear regression, available as an
advanced regression option in SPSS

EEOS611

Slide 66 11.6.1 Related issues: Weighted &
Nonlinear regression

NOTES:
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Review from Chapter 7

Assumgtisre i

e bl marmual, simpie finaar pegressbon sl

eLinearity
. -.-'\ X

eConstant variance

» Estimators still unbiased, but p values in err \ /
elIndependence of errors torpamne v

» Cluster & serial tests, Durbin-Watson tests ~ ** | | =
eNormality of errors v

> (not of explanatory variables)

» Estimators still unbiased if normality A

assumption violated

» P values robust to violati of ity !

o[X variable measured without error]

» This is an assumption involved in minimizing
residuals

Eaplamaiery Variable (X}

AOBEL ASSUMPTIONS

Slide 67 Review from Chapter 7

NOTES:

When to use Weighted Least
Squares or non-linear regression

EEOS611

Slide 68 When to use Weighted Least
Squares or non-linear regression

NOTES:

OLS vs. Generalized Least
Squares

Draper & Smith (3rd ed., 1998 p. 224)

“If a generalized least squares analysis were
called for [variance not constant] but an
ordinary least squares analysis were
performed, the estimates obtained would still
be unbiased but would not have minimum
variance, since the minimum variance
estimators are obtained from the the corrected
generalized least squares analysis”

Slide 69 OLS vs. Generalized Least
Squares

NOTES:
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The Normal Equations & Matlab

¥T=-X08 +e,
Efe) = 0.
Filel = Fle €'} = ol.
Smsoglar sem of squares.
LY mwrhod requives wanimiz ation
of sealar sum of squares, 5

5 - X0y (X0
To minunsze 5, set i- 0.
28

fFerentiating, 2X"{y-X @ -0,
B-{X'X1'%X"y.

ar — mim sm gy &2 & wa ar — caa

Slide 70 The Normal Equations & Matlab

NOTES:

Data with high variance are
downweighted, with w;, being the
scaling
Weight estimation(WLS) will find the appropriate w

Yy

EEOS611

Slide 71 Data with high variance are
downweighted, with wi being the scaling

NOTES:

Example of WLS & Non-linear
regression, Case 8.1

e

Wispley 8.2

Seabiespbed aml log g sesticrplot of au Drirdant bl Loy bt 00
wpecien versn arva far seven islands i

mber of repiibe and amphibian
he Went Incties

Is the slope 0.25? Will
a weighted regression
or non-linear regression
produce more precise
estimates?

Area of ikand (Square Miles) (log seale

Slide 72 Example of WLS & Non-linear
regression, Case 8.1

NOTES:
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. fiave minimum variance, sincs 1he minimum varance sstimates ate eblaingd from
the cotrect gencralized least squares analysis.

If standard least squares is used, then the estimales are ubtained from =
(XX) XY and

Ein} = (X'X) ‘X'Xg=9
but
¥(b,) = (XX) 'XIV(Y)X(XX)
S XX)AVNNKR) o
We recall from Fa. (9.2 13) 1hat if the correct analysis is performed,
¥ib) = (XVKY e

and, in general, elements of this matrix would provide smaller variances both for
individual coufticieats and for linear funglions of the costhcents,

Weighted least squares regression
provides higher precision for estimating

parameters (and greater power for testing
models)

Slide 73 Draper & Smith

NOTES:
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