Class 16: Sleuth Ch 9-10

Ch 9: Multiple regression
Ch 10 Inferential tools for
multiple regression

Class 16: 4/8/09 W

Slide 1 Ch 9: Multiple regression

Ch 10 Inferential tools for multiple regression

NOTES:

HW 10 due Friday 4/10/09

Submit as Myname-HW10.doc (or *.rtf)
e Computation Problem 10, chapter 8
> 8.16 Meat processing, Must assess lack of fit!
» Due Friday 4/10 Noon

® Read Chapter 9 on multiple regression
» Read chapter 9 conceptual problems & solutions
» Post a question or response about Chapter 9 conceptual
problems

e HW 11 9.19: Speed of evolution,

» Due Monday 4/13/09 10 am

» This is a TOUGH problem! Weds: ask for help/hints!
® Read Chapter 10

» Read chapter 10 conceptual problems & solutions

» Post a question or response about Chapter 9 conceptual
problems

Slide 2 HW 10 due Friday 4/10/09

NOTES:

Chapter 9

Multiple regression

EEOS611

Slide 3 Chapter 9

NOTES:
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Class 16: Sleuth Ch 9-10

Major Issues in Chapter 9

e Using multiple explanatory variables
> Multiple regression is not a multivariate procedure
> Multiple regression can produce curvilinear plots, but it is still a linear
model. Itis linear in the parameters. It is a type of general linear model.
® Using indicator variables
» Also called dummy variables
» Sometimes called categorical variables
> Q treatment levels can be coded by Q-1 indicator variables
> Must pick one level of a treatment to be the reference category (arbitrary
choice, but controls are usually set as the reference)
e Student's t test for individual regression terms vs. Extra Sum of
Squares F test
> F test can test for the effects of 1 or more terms
> Student’s t tests for single terms
® Tests for interactions
> Interactions are always tests for differences in slope
» Interactions are created by multiplying main effects variables

Slide 4 Major Issues in Chapter 9

NOTES:

Multivariate vs. Univariate

From Tabachnik & Fidel
® Variables can be separated into two classes:
explanatory and response (T&F use
independent and dependent)[predictor or
causal vs. outcome, stimulus-response, input-
output]
» Univariate statistics: a single response
> Bivariate: neither is a response (Pearson’s r, tests of
independence)
» Multivariate: simultaneously analyze multiple explanatory
and multiple response variables
® Multivariate statistics are the complete or general
case, whereas univariate and bivariate statistics

are special cases
EEOS611

Slide 5 Multivariate vs. Univariate

NOTES:

Multiple Regression Case 9.1
Timing and light intensity

Tiome e Tor Bght +atbtben 13 risved om o borm st

®Response variable: Average
number of flowers per
meadowfoam plant
eExplanatory variables
> Light intensity: 6 levels

Slide 6 Multiple Regression Case 9.1

NOTES:

= Treated as a continuous variable
= Could have been treated as 6 categories of
light level (SPSS GLM/Unianova creates the
indicator variables automatically)
» Timing of light intensity change relativ.
to PFI (Photoperiodic Floral Induction: P
increase of light from 8 to 16 hours) | o M N -

eoTests whether the slopes are
parallel (is there an interaction?)

eoEstimate effect sizes

EEOS611
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Class 16: Sleuth Ch 9-10

Display 9.2: Two-factor layout

Can be tested as either a linear regression or ANOVA,
but regression is the more general & powerful method
Display 9.2

Numbers of flowers per meadowfoam plant, in twelve treatment groups

intensity I;Irnol.fmlfsﬂ'l

| 150 00 a0 | 600 | 730 000

L PFI 62.3 553 49,6 304 313 36.8

= - 774 542 61.9 457 149 419
timing ! !

24 days 778 69,1 570 62.9 603 5.6

before PFI|  75.6 750 711 52.2 45.6 444

ANOVA: Light intensity would be treated
as a categorical variable

Slide 7 Display 9.2: Two-factor layout

NOTES:

SPSS Syntax & dummy variables

Reference level: all but one level of the explanatory variables is
included in the regression model as a dummy (or indicator) variable,
the one left out is referred to as a reference level.

* Time (1,2) must be conveted to a (0,1) =" s
dummy.
COMPUTE Timing = Time-1 . =
EXECUTE . B e |t L
* Create the interaction variable and format
it.
COMPUTE Intxn = intens*timing .
EXECUTE .
format Intxn (f1.0).
compute L150 = (intens=150)
compute L300 = (intens=300).
compute L450 = (intens=450).

( )

( )

( )

compute L600 = (intens=600).
compute L750 = (intens=750).

compute L900 = (intens=900).
exe.p Note that SPSS General linear model

formats L150 to L90O (f1.0). (UNTANOVA in syntax) will automatically fit
the data, assigning indicator variables for each
level of the explanatory variable

Slide 8 SPSS Syntax & dummy variables

NOTES:

Case 9.1 Statistical summary

Dy 93

Summary of relaflanships of fiom ers prodweed per plant wilh increasing
gt brsities,at amed 54 tays pebor 40 flower lochuetion

eIncreasing light intensity
decreased the mean numl
of flowers per plant by 4 (:
plants per 100 yEm?s™.

e®Beginning light treatment
days before PFl increased
mean number of flowers by
12.2 (£ 5.5) (£ 295% CI)

Slide 9 Case 9.1 Statistical summary

NOTES:

Page 3 of 23




Class 16: Sleuth Ch 9-10

Case 9.2: Brain weight

Covariation of Brain weight and demographic traits

eBrain weight and other length
measurements are scaled
allometrically
> Y= a Weight®
> Log-log transforms are the rule for
allometric data: log(Y) = log (a) + Bxlog
(W)
e|s there an association between
brain weight (response) and litter
size, after controlling for the effect
of body weight?
els there an association between
brain weight (response) and
gestation length, after controlling
for body weight?

Slide 10 Case 9.2: Brain weight

NOTES:

Case 9.2 Statistical summary

A form of analysis of covariance

eThere was convincing evidence
that brain weight was associated
with either gestation length or litter
size after accounting for the effect j
of body weight (p<0.0001; extra |
sum of squares F test). o

eThere was strong evidence that |
> litter size was associated with brain h
weight after accounting for body weight |
and gestation (2-sided p value 0.0089)
and, S
» Gestation period associated with brain
weight after accounting for body weight |
and litter size (2-sided p value = 0.0038)

EEOS611

Slide 11 Case 9.2 Statistical summary

NOTES:

Case 9.1, Theory and
calculations

EEOS611

Slide 12 Case 9.1, Theory and calculations

NOTES:
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Class 16: Sleuth Ch 9-10

Model for the regression surface of fowers per plant under 12 treatment
levels as a regression plane

Regression plane: |\ flowers | light, time} = By + B light + Barime

Y = flowers _ ;
per plant / Sl at amy A

\Jived light intensity is By = Stope arany
\ fived timing is i,
80— -
bl l / out
¥ g
60— \ ition,
50 b are
0 : ; llel
X =time )
{days)
[ 4 s 4 .l . g

150 300 430 600 750 900
X = fight intensity (mol/msec)

e JS671

Slide 13 Display 9.5

NOTES:

Graphical display of interaction

An interaction in regression is synonomous with non-
parallel slopes; so, test whether the slopes are equal &
Y intercents are equal

o

Thnply 93

Flowers = 83.15 + 0,04 * intens
ReSquare = 077

et Pt S g

lowers = 71.62 +-0.04  intens
ReSquare =072

P & o w0

Intensity

Slide 14 Graphical display of interaction

NOTES:

SPSS: Solving regression
problems

® /analyze/regression
» Solves all regression problems
» Multiple models can be set up in advance
» Indicator (dummy variables) must be computed manually
(in syntax or use copy & paste)

® /analyze/general linear model

» Continuous variables must be entered as covariates;
interactions will be calculated for main effects.

» More tests available, including scatterplots, power
analysis, and lack of fit tests

» With fixed effects, will do analysis as if each level of an
explanatory variable was coded as a dummy (=indicator)
variable.

Slide 15 SPSS: Solving regression
problems

NOTES:
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Class 16: Sleuth Ch 9-10

Case 9.2 Allometry of brain

size

EEOS611

Slide 16 Case 9.2 Allometry of brain size

NOTES:

Display 2.9

A strategy for data analysis

usimg statistic

al models

Slide 17 Display 9.9

NOTES:

Display 2.10

Matrix of seatterplots for hrain weight data

Examine scatter
plots for linear
relations, outliers &
patterns in spread

ou must deal witl
influential data

points In creating a
regression model
They can’t be
ignored

Slide 18 Display 9.10

NOTES:

...........
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Class 16: Sleuth Ch 9-10

Species
H & axdSo Bfereucoo
]
2 o -
& S Bagaeaco o
2 o 8
HE 'y 8.
8| @ g EG00 o
g 8 8
18 & &
5l 8 8 8
i s &
® -8 &&w
G R 57 Vi e R oo e Do

Slide 19

NOTES:

Matlab’s plotmatrix

Gestation wh ¥ ' £ i,,
o Radaet. o2
Brain .| .
weight (9) = P T
Body weight 5| :
ko= & |a I
Litter size k‘ k L

It is the linearity and spread of the bivariate relations
that is crucial, not normality of each variable

0 200400600800 O 2000 4000 6000 O 100020003000 0 2 4 6 &

Slide 20 Matlab’s plotmatrix

NOTES:

The rule of the bulge

E\lote ‘bulge’ to the low

Case 9.2 . i
Allometric relations,

} Y=a XP, are usually
el

i modeled with log-log

Slide 21 The rule of the bulge

NOTES:

plots
Gestation = ~ )
- h e
3 /7T Brain =] . A
i | Doty Weight(@) = PR
V17T Body weight = . :
N s (kg) "o |- [P
Litter size L . L . E_ .
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Class 16: Sleuth Ch 9-10

Slide 22 Display 9.11
Display 9.1 P p y *
Matrix of scatterphots for brain weight data, after bog transformatis
Ch 10 deals with
the tools to identify NOTES:
outliers that matter: .
;
leverage & Cook’s
'
]
i
i
i
Comtatie | Ut
Slide 23
Species
5 a0 o s P
2| 8 Co0 & O Acoucris !
H & B & O soouis (5 gy
H 2 s o
B o~ 8% & o T
e Q) ot
| @ : = NOTES:
5 BB 8 & Gaay fox .
1 oo £x, aF P oo
§ G “ $e 5% SIS O owmes
| & o BS & O s Hamenas
H S St O anoner
Caribou Harp seal
O cetle O Hedgehog
g O chimpanzes O Hippopotams
= Crncnta O Heronamuse
H O termaser O e
£ owrasen House mouse
Deer mouse Il Hower monksy
Q e v Huranbong
Dog G
2| O Domestecar () Lestmonkey
: soroseg O taprs
3 o oo Usaou
(oo weight Tnigestation length) Tnliter sze) Totoran weight, == e
Slide 24 Case Study 9.2
y 7.
Testing the effects of Litter size on brain weight, after
accounting for body weight and gestation length
Coefficients®
Unstandardzed  Standardzed NOTES:
Coefficients. Coefficients. 95% Confidence Interval for B .
Wodel 6 SuEmr  Bew ! S LowerBound  Upper Bound
1 (constan 2 o s oo 2187
In (body wt [kg]) 719 020 964 35.300 0000 679 760
2 {(Constant) 457 458 -.997 3212 -1.368 453
In (body wt [kg]) 551 032 739 17.033 0000 487 615
In (gestation period) 668 109 266 6.141 0000 452 884
3 {(Constant) 855 662 1.292 1996 -459 2.169
In (body wt [kg]) 575 033 m 17.647 0000 510 640
In (gestation period) 418 41 167 2.969 0038 138 698
In (litter size) -310 116 -.096 -2.675 0089 -.540 -.080
5. Dependent Varible: I bran v ) —
Wodel Summary
SPSS Change tatstis
i wtod St Envrol R Squre
regression Mool R RSuo Remme heEomew Crowpe Fowme | oi a2 SgForame
; ! oo " "o "o oo e 1 e o000
allows multiple| ; ve  sm  ae  wem  a% w1 » o
models to be | : e sss s ais ook 1ass ' 2 .0089
€ o Prdiirs: (Conian, i (o v b .
fitted 5. Predictors: (Constant, i (vody wt kgD, I gesaton period)
Sequentia"y ¢ Predictors: (Constant), In (body wt [kg]), In (gestation period), In (iiter size)
d. Dependent Variable: In (brain wt [g])

Page 8 of 23




Class 16: Sleuth Ch 9-10

SPSS syntax Case 9.2

Can be done with GUI's, but syntax quicker
REGRESSION
/MISSING LISTWISE
JSTATISTICS COEFF CI R ANOVA CHANGE
JCRITERIA=PIN(.05) POUT(.10)
/NOORIGIN
/DEPENDENT Inbrain
/METHOD=ENTER Inbody
/METHOD=ENTER Ingest Inbody
/METHOD=ENTER Ingest Inbody Inlitt
JSCATTERPLOT=(*ZRESID ,*ZPRED )
JSAVE PRED COOK RESID .

Slide 25 SPSS syntax Case 9.2

NOTES:

Case Study 9.2

Testing the effects of gestation length on brain weight,
after accounting for body weight and litter size

Coefficients®
Unstandardized Standardized

Coeffcients Coefficients. 95% Confidence Interval for B
Model B std. Error Beta t Sig. Lower Bound  Upper Bound
1 (Constant) 2332 013 31843 3.8E-052 24187 2478
In(body weight) 9 020 964 35300  4.9E-056 679 760
2 (Constant) 2798 00 27.945  5.0E-047 2599 2997
In(body weight) 852 021 874 31339 3.2E-051 610 693
Inlitter size) -538 090 -166  -5.963  4.4E-008 -118 -359
3 (Constant) 855 862 1.292 200 -459 2169
In(body weight) 575 033 AT 17647 28E-031 510 640
Inlitier size) -310 16 0% 2675 009 -540 -080
In(gestation length) 418 41 167 2969 40038 138 698

a. Dependent Variable: In(brain weight)

Change Statisties

FChange aft a2 Sig.F Change
1246.104 1 % 0000
3562 1 5 0000
8813 1 2 0038

Slide 26 Case Study 9.2

NOTES:

Extra Sum of Squares F test

= t test for 1 term, but F test can be used to test for the

importance of 1 or several terms
1032 ATest for the Joint Significance of Several Terms

F-statisti
ANOVA!
e 15 s o] - [ = 22.723-
el P 20.736)/1])/.225
Residual 22723 0 244 - 8 8311
=0 |2 ans = 8.
= R 2.97=sqrt(8.8311)
Total 447812 95 . b

. Predictors: (Constant), In(body weight)

b. Predictors: (Constant), In(body weight), In(litter size)

. Predictors: (Constant), In(body weight), In(iter size), In(gestation length)
d. Dependent Variable: In(brain weight)

EEOS611

Slide 27 Extra Sum of Squares F test

NOTES:
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Class 16: Sleuth Ch 9-10

Comparing Full & Reduced models

Equivalence of t tests and F tests for 1 parameter

ANOVA!
= e [(22.723-
e e e we e 20.736)/1]/.225
Residual 22.723] 93
B R I ans = 8.8311
Residual 20.736 92 225
2.97=sqrt(8.8311)
b. Predictors: (Constant), In(body weight), In(ltter size)
a Deper s‘aﬂma
1 (Constant) 233 07 \ 318 .000 9 248
In(body weight) 72 02 96 353 000 68 76
2 (Constant) 2.80 A0 279 .000 2.60 3.00
3 (Constant) 85 66 13 .200 -46 217
In(body weight) 58 03 ar 17.6 .000 51 64
il Tl & 2

2. Dependent Variable: In(brain weight)

Slide 28 Comparing Full & Reduced
models

NOTES:

Case Study 9.2

Testing the effects of gestation length on brain weight,
after accounting for body weight and litter size

Coefficients®

Slide 29 Case Study 9.2

NOTES:

Unstandardized Standardized
Coefiicients Coefiicients 95% Confidence Interval for B
Model 8 Std. Error Beta t Sig.  LowerBound Upper Bound
1 (Constant) 2332 073 31843 38E-052 2187 2478
In(body weight) 9 020 964 35300  4.9E-056 879 760
2 (Constant) 2798 4100 27.945  5.0E-047 2599 2.997
Inbody weight) 652 021 874 31339 326051 10 693
In(itter size) -538 090 166 5963 4.4E-008 -8 -359
3 (Constant) 855 662 1.292 200 -459 2469
In(body weight) 575 033 T 17647 28E-031 510 640
Inlitter size) -310 16 096 2675 009 -540 -080
In(gestation length) 418 A4 167 2.969 .0038 138 698
a. Dependent Variable: In(brain weight) Modn S
=7 S est
Adusted S Enorof R Square
Model R RSquae RSqure heEsimaie Change FChange ot a2 g Ghange
1 s 930 29 807 $30 1246108 1 o o000
2 P 48 43430 ot 3852 1 5 o000
3 o171 954 952 1475 004 8813 1 02 .0038

a.Predictors: Constani), In (body wt kg
b. Predictors: (Constan) In (body wt kg, In iter size)

. Predictors: (Constant,In (body vt [kg), In (iter size). In gestation period)
d. Dependent Variabl: In brain vt g])

Extra Sum of
Squares F test

Display 9.12: Jittered plots

\Coincident=jitter (5), available in the output editor too

Dinplay e Cloud is jittered
.
-
5-6. ° 5 6
. g e 50 .
W i »® . o
] k] ) 5 © o
-jE 2 o R (]
£ £ ] C s
s e .
i I I A
N 3 .
.
. . .
.
I | 1 T o : LEPRCIN
Viser S orred) . oo

Inlitter size)

EEOS611

Slide 30 Display 9.12: Jittered plots

NOTES:
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Class 16: Sleuth Ch 9-10

Slide 31 Inferential Tools for Multiple
Regression

Inferential Tools for Multiple

Regression NOTES-

Sleuth Chapter 10

EEOS611

Slide 32 Display 10.1

Display 10.1

Galileo’s experimental results PUbllShed 1 609

v NOTES:

/ 300 punti

D ———— |
horizontal distance initial height
(punti) (punti)
253 100
337 200
393 300
451 430
495 B0l
534 RO0
573 1000
Slide 33 Display 10.2
Statistical

summary: while | P¥pi 102

there is evidence | ¢ . i of Gaiiieo's horizontai distances versus nitial heights, with
for a cubic term | estimated quadratic regression madel (with standard errars in parentheses)

in the regression NOTES:

model, the i

quadratic model
explains 99.03%
of the variation

in horizontal
distance, and the
cubic term

200 + 0,708 height - 000044 height

(70 (o {DOG0AT)

Horizontal Distance (punti)

explains only an ]
additional 0.91% F R "R R "R )

of the variation Initial Height (punti)
in distance

Page 11 of 23




Class 16: Sleuth Ch 9-10

Display 10,11

1odels
dratic ;

riance table for Galileo®s data: fit of the data to th
| height} = By + [ hreight + Baheighe; based on

| « Sqmaares are abways sum
» W

el e
il by the 3

Source of Varintion

Regression
Hesidual

‘e explamatiry vari
v alffferens fr

Slide 34 Display 10.11

NOTES:

SPSS: Cubic & Quadratic fits

Strong evidence that the coefficient for the cubic term
is not zero (p=0.007)

LLR Smoother 7

LLR Smoother

oy 400.00000

30000000

Unstandardized Predicted Value
Unstandardized Predicted Value

0000000

Quaderatic fit_ Cubic fit

Initial height (punti) Initial height (punti)

Cubic term, X*, models an S-shaped pattern;
Quadratic term, X?, models a unimodal (hump-

Slide 35 SPSS: Cubic & Quadratic fits

NOTES:

Display 10.13

Partial output from the regression of distance on height, height-squared,
and height-cubed, for Galileo’s Data

Constant 155.78 833 1871 0.0003
Teight 11153 0.0657 16,98 0.0004
height-squared -0.001245 000138 | -£99 0.0029
height-cubed 54T 0.838x 107 6.58 0.0072
Estimate of standard deviation about the regression: 4.011 on 3 degrees of freedom
R= = 99.94% Coefficients®
Unstandardized  Standardized
Coefficients Coeffcients 95% Confidence Interval for B
Model 8 Std. Ermor Beta t Sig.  LowerBound Upper Bound
1 (Constant) 269712 24312 11.09 000 207.215
Inital Height (punt)) 333 042 962 793 001 225 481
2 (Constant) 199913 16759 11.93 000 153.381 246.444
Initial Height (punti) 708 015 2045 947 001 501 916
heightsq 000 000 A2 545 007 -001 000
3 (Constant) 155776 8.326 1871 000 129.279 182272
Initial Height (punt) 1115 066 3220 16983 000 906 1324
heightsq -001 0001 -4.028 -8.99 .003 -.002 -001
heightch 5.48E-007  8.3E-008 179 658 007 28E007  BAE-007

a. Dependent Variable: Horizontal Distance (punti)

Slide 36 Display 10.13

NOTES:
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Class 16: Sleuth Ch 9-10

Scatterplots indicate problems

Quaderatic fit, left, Cubic fit right
Cook’s D, (Ch 11: D>1 cause for concern, Sleuth p 320)

2

Unstandardized Residual
Unstandardized Residual

LR smoothar s S

Unstandardized Predicted Value Unstandardized Predicted Value

Both the quadratic and cubic models are strongly
influenced by one datum: Case 7, with a high
Cook’s D (identifies an influential datum).

Slide 37 Scatterplots indicate problems

NOTES:

Extra sum of squares F test

Anova R? change
sumat (744.078-48.254)/1

Model Squares  df  MeanSquae sig 5 7

1 Regression 71350.794 1 71380794 62906 0019/ /
Redam) | soTi06 5 34241 48.254/3
Total ! -

2 Re:ressmn :;g:::‘;g : 38138.961 205,027 9.33E-008" = 43.26
Residual ' :
R Test with F 5.4

P e loms 3 ioms e p=0.0072
Total 77022.000 6

a. Predictors: (Constan),Initial height (punt)
b. Predictors: (Constant),Inital height (punti), Height"2
. Predictors: (Constant), Initial height (punti, Height'2, Height"3

Equivalent to t test

. Depnden Vbl Horcanl dstaco ) 6.577=V43.260
2 995" 9%0 986 13639 064 26.487 1 4 007

a. Predictors: (Constant),Intial height (punt)

b. Predictors: (Constant),Intial height (punt), Height'2

. Predictors: (Constant) Initial height (punti), Height~2, Hoight*3
d. Dependent Variable: Horizontal distance (punti)

EEOS611

Slide 38 Extra sum of squares F test

NOTES:

Model Summary?

Change Statistics
Adjusted  Std. Errorof R Square
Model R RSquare RSquare theEstimate Change FChange  dff df2 Sig. F Change
1 9625 9264 9116 33678 9264 62906 1
2 9952° .9903 9855 13.639 0640 26.487 1 4 007
3 9997 9994 9987 4011 0090 43260 1 3 007

a. Predictors: (Constant), Initial Height (punti)

b. Predictors: (Constant), Initial Height (punti), heightsq

c. Predictors: (Constant), Initial Height (punti), heightsg, heightch
d. Dependent Variable: Horizontal Distance (punti)

R? =100 (Total Sum of Squares) - (Residual Sum of Squares) %
Total Sum of Squares
= Coefficient of Determination
Percentage of total response variation explained by the
regression

Adjusted R* =100 (Total Mean Square) - (Residual Mean Square) %
Total Mean Square

[ Adjusted R? is affected by the number of parameters ]

Slide 39

NOTES:
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Class 16: Sleuth Ch 9-10

R*=100 (Total Sum of Squares) - (Residual Sum of Squares) %
Total Sum of Squares

Adjusted R? =100 (Total Mean Square) - (Residual Mean Sauare) %
Total Mean Square

Slide 40

Sum of ENOVAS NOTES:
Model Squares df Mean Square F Sig.
1 Regression 71350.8 1 71351 63 0012
Residual 5671.2 5 1134
Total 77022.0 6
2 Regression 76277.9 2 38139 205 9.33E-005°
Residual 7441 4 186
Total 77022.0 6
3 Regression 76973.7 3 25658 1595 2.66E-005°
Residual 48.3 3 16 f 2
Total 77022.0 6 Adjusted R*=

a. Predictors: (Constant), Initial Height (punti)

b. Predictors: (Constant), Initial Height (punti), heightsq

c. Predictors: (Constant), Initial Height (punti), heightsq, heightch
d. Dependent Variable: Horizontal Distance (punti)

{77022/6}
=99.875%

100%{(77022/6)-16}

Adjusted R? introduces a penalty for number of parameters

Display 10.14

Scatterplot of Galileos horizontal distances versus inifial heights, with
estimated sisth-order polynomial regression curve (R* = 100%)

00
T
00 4

Horizontal g
Distance

(puntiy 49

00 4
200 4

100

0 200 W 600 800 |_|Lu-
Initial Height (punti)

7 data can always be fit perfectly with a 6th-order
polynomial (Y=Constant+B*X+...+X?).
A high order polynomial model, while offering a
better fit, often is a poor predictive model

Slide 41 Display 10.14

NOTES:

Estimating the predicted value
and standard error for 250 punti

Display 10.7

Slide 42 Estimating the predicted value
and standard error for 250 punti

Estimates of poly i with two di references levels of
height, in Galileo's study
NOTES:
Losflicien Standard Error LStatistic =Nalug
199,91 16.76 1183 003
0, 7083 00748 947 007
0003437 00000668 515 DOGE

Resquared = 99.0% adj. Resquared - 98.6% Estimated SD - 13,6

il tdfisramee | height = 250} | SE([LLdistance | height = 250})

Reference height = 250 2-Sided
N 15551 661 4 3 0001
15365 D430 o2

D0003437 00000668 0065

Resquared = 90.0%

adj. R-squared = 98 6%

Estimated 8D = 3.6
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Plotting a supplemental case
10f3

SPSS readily \

Slide 43 Plotting a supplemental case

Flle Edt Wew Data Transform Analyze Graphs  Utilities Wi a”ows the NOTES_
(||| | o|| | =[p| o Fr|of analysis of i
3 height = supplemental
distance height | heightsg | heightch ‘ cases, cases
1 253 0 tooooonoooooo| | With new values
2 a7 200 4000000 6000000 for the
3 395 300 90000.00 27000000 explanatory
[ 51 450 2025000 51125000
5 195 B00 3600000 216E+08 variables The
A &34 800 6400000 512E+08 estimates &
7 573 o000 1000000 1.00E+0a| | standard errors
B [ Z50] E2s00.00) 15525000| | are calculated
Slide 44 Case 10.1: Plotting predicted
Case 10.1: Plotting predicted values
values
2013
e

it et s Reperders [ |

il [ Thommatum i
Eaie

R P

Fret

NOTES:

SPSS will solve for the predicted value, standard
error, & the CI's for the mean and for individual
data

3of3

Standard error for T { Lower & upper

B individual
prediction prediction limits

Slide 45 SPSS will solve for the predicted
value, standard error, & the CI’s for the
mean and for individual data

NOTES:

Page 15 of 23




Class 16: Sleuth Ch 9-10

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

Slide 46 Case 10.2

NOTES:

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 (Type = 3)

Slide 47 Display 10.3

Flight Energy
Lo Lue Lapcadinre g

HH | 2 te that

3 : 9 al type is
N B tegorical
b oy ble with 3
. jories. It
pit o need 2
i e ionly 2)

i 583 dicator

87 Lz ables to

) code.
Slide 48 Display 10.4
Lag: ||:( u(lllr_nﬁl wl b”mghr Y rl_urhl_llhrt -rll‘-l By wmass for 4
. o0 48 B
[ | o HE
e = < R
o g NOTES:
o H .
‘: v

Body Mass (g)

In (energy)

In (mass)

Note log-log plots: Do
the 3 fitted lines have
the same slope & Y-
intercept. Is there a
difference between bats
& birds?
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Class 16: Sleuth Ch 9-10

Display 10.5 Slide 49 Display 10.5

The parallel regression lines model for the bat echolocation data

Echolocating buts

Energy
Expenditure (W)
et NOTES:
Nar-ccholocaimg bads
PBo+ B3
Bo+ B2

I*I

Body Mass (g) (log scale)

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

I (eneray)

2) Test whether 3 Y-
intercepts differ

Display 10.12 Slide 50 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
@ FIT FULL MODEL p

mery | fmans, TTPE]
Kl!..  fyfmnass + Pubird

T i ) in 2 interaction NOTES:

ms
Source of Variation  Sum of Squares dr Mean Square F-Statistic p-value
Regression 2946993 5 580100 1634 0001
Residual 0487y, 14 ||'.hl|n.
Total 2997480 19 [ Estimare of 6%)
(Resichual 55 ) f
@ FIT REDUCED MODEL: pifenergy | s, TYPEY
= P+ Pydmmaass + Prabrirad + Poebor
Source of Variation Sum of Squares dr Mean Square F-Statistic p-value
Regression 2942148 3 9.80716 2836 0001
R aal <_<‘-‘-]F 16 03458
Total 2997480 19
{ Residual 55 )

Slide 51

Display 10.12

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

NOTES:

The extra sum of upweres

is the difference benween | Extra 8§ 55332 - .50487 4845
residual sims of squares

# Namerator df « mmher of N
s i fauld moched mimus

04845 | _— \smmber of s in reduced model/
672

Coleinlate the N o, | Siatistic

F-Sealstle

03606

.rmn p Pr(Fs 0> 0672 - —  p-value = 0.53

Conclusion: There is no evidence that the association between energy
expenditure and body size is different for the three types

of flving vertebrates (p-value = 0.53).
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Class 16: Sleuth Ch 9-10

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
deoppéd

Unstandardized  Standardized

Coeficents Coefficents 95% Confidence Inerval for B

Model B SdEmor  Bea t Sig. LowerBound Upper Bound
1 (Constant) 1,468 137 40705 3.4E-009 76 .18
In (mass) 809 021 9% 30427 T4E017 75 86

2 (Constant) 1.576 287 5488 5.0E-005 249 -97
In (mass) 815 085 99 18297 38E012 2 e

Birds 102 114 081 896 384 18 E
Echolocating bats o9 203 026 388 703 -35 51

3 (Constam) 202 1261 161 875 291 250
In (mass) 590 208 22 2881 013 15 103

Birds 78 1205 52 1084 305 416 140
Echolocaing bats A28 128 a4 87 a4 403 149

Intxn (ass, Birds v. Bats) 246 213 536 1451 269 -21 7

:‘_';"' (Rasy EcHS st 215 224 204 %61 353 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 52 t tests: Are interaction terms
zero?

NOTES:

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

Model Summany
Adjusted  Std. Errorof R Square

Change Statistics

Model R RSquare RSquare the Estimate Change FChange  dft df2  Sig. F Change
1 9902 981 979 17995 981 907.638 1 18

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®

Slide 53 Extra sum of squares F test

(=Partial F test) for both interaction terms

NOTES:

d. Dependent Variable: In (Energy) Sum of

Model Squares  df  MeanSauare  F sig.

1 Regiession 29392 1 29392 907638 744017
Residual 583 8 032
Total 20975 19

2 Regression 29421 3 0807 283589 446E014°
Residual 553 16 035
Total 20075 19

3 Regesson 29470 5 5804 163.440 670E-012°
Residual 505 14 038
Total 20075 19

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

. Predictors: (Constan), I (mass), Birds not Bats, Bats (echo) v. Bats (non-echo),
I (Mass, Twobats), Inten (Mass, Birds v. Bats)

d. Dependent Variable: I (Energy)

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.

Cosfficionts®
Unstandardized | Standardized

Coefficents Coefficients 95% Confidence Interval for B

Model B[ s Emor Bota t sig. [ Lower Bound | Upper Bound
1 (Constany ErT) 137 0705 000 1756, 1180
In (mass) 809 021 990 | 30427 000 752 865

z (Constany 876 287 5488 000 2485 67
In (mass) 815 045 998 | 18.207 000 2 809

Birds 102 14 081 89 384 140 344
Echolocating batd 079 203 026 388 703 -351 508

3 (Constany) 202 | 1261 161 875 2908 2503
I (mass) 590 208 72| 2861 013 148 1032

Birds 1378 | 1295 552 | -1.084 305 4156 1400
Echolocating bats | 1268 | 1285 T 341 4025 1489

Bird x mass. 248 213 53 | 1150 269 -212 703

Ebatx mass 215 224 204 961 353 -265 694

2. Dependent Variable: I (Energy)

Slide 54 Do echolocating bats differ from

non-echolocating bats in energy
expenditure?

NOTES:
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Class 16: Sleuth Ch 9-10

Display 10.10

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

[0} Extra sum
AL =1 -0k
e .
e different Y
intercepts
# Extra 55 = ARINY . SRMAD - A208T
b Nemerater df=4.1=2
ANOVA!
Sum of
Model Squares df Mean Square
L1 Regression 29.392 1 29.392
ey - Residual 583 18 032
wos 1o
2 Regression 29.421 3 9.807
Residual 553 16 035
Total 29.975 19
is, echo-

Slide S5 Display 10.10

NOTES:

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.
Variable [ g[ﬁg ient Standard Erro p-Value
CONSTANT 0.2872 =0.0001
Imass 0.0445 2
Bired 01142
ehat 0.20. 0,70 \il
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-005 219 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 56 Display 10.6

NOTES:

Regressmn o estimated

Model Summay ange Statistics

w ._.from ¥Residualfiean, ..,
: .::square 0 =

3 092¢ 83 77
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 {ocho) v. Bats (nor-echo).Intxn (Mass, Twobsts), Intn (Msss, Birds v
ANV

4. Dependent Variabl: In (Energy) emg
e AL e 5
Note that mean 17 Rogosson 20582 1+ e sorem rassorr
e o
squares are Toa wors 1o
) 2:  Regmesn AN 3 omr mase amsou
variances, the square —— i e
4 T !
root of the residual s regessen 2410 5 seew s sroor
mean square reail s ore I T

pI’OVideS lhe Standard . Predictors: (Constant), In (mass)
. Practors: (Constant, I (mass), Birds ot Bats, Bat (echo) v. Bas (non-echo)
error for the & Precictors (Constan), In (mass), Birds not Bats, Bats (echo) . Bats (non-echo),
. I (Mass,Twobat) nan (Viass, B v. Bate)
regression.

d. Dependent Variable: I (Energy)

Slide 57 Regression ¢ estimated from
vResidual mean square

NOTES:
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Class 16: Sleuth Ch 9-10

2-Sided
CONSTANT <0,0001
Inass 0.0001

pate of @ = 0. 1860, df = 16
How do you estimate sigma, o, standard error of
the estimate, root mean square error for the
regression, standard error for the regression?

Slide S8

NOTES:

Model Summanf! Change Statistics
Adjusted  Std. Error of R Square
Model R RSquare RSquare the Estimate Change FChange  df df2  Sig.F Change
1 9902 981 979 7995 981 907.638 1 18 o
2 9910 982 978 18596 001 428 2 1% 659
3 -992° 983 977 18990 002 672 2 14 521

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

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

Model Squares df Mean Square F Sig

1 Regression 1 20392 907638 T.44E-017
Residual 032
Total

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

3 Regression 5894 163440 670E-012°
Residual .036
Total 29975 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 59

NOTES:

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

birds

Median

non-echolocating hats

1 IIIU .‘.HIII _‘nlllﬁ -lllltl
, Lo Body Mass (g)
Scheffé multiplier used for Confidence Intervals

Slide 60 Display 10.8

NOTES:
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Display 10.9

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

Multiplicr = /#Ty

50 - (LAGEN0.06041] = 79
5 + (3 A6ZHO0604)] = 12,0

Tawwer limil = exp
Uipper limit = cxpf.

Note: Scheffé multiplier used for
Cl's: somewhat atypical, but
appropriate

Slide 61 Display 10.9

NOTES:

Display 10.5

Estimated median energy exy es for birds, echol ing bats, and
non-echolocating bats as functions of body mass: parallel lines model on log-
log scale, with 95% confidence bands

Median Nk
Energy 4
Expendi echal
wy 30

nan-ccholocating bats

100 200 00 P
Body Mass (g)

Scheffé multipher
produces broad

Slide 62 Display 10.8

NOTES:

ads.

bk T BET

W pupeinar

| mass | wmags [emerm]
= ™ 666 M

4
sample s ze There s a
further Scheffé adjustment
\\ for nd v dual Cl's /
Low35] Upgsl Low35h upss | | Lowsss | upsss |
30.14 73.22 3631 5761 33 646 5556
555 14.01 6.52 11.24 aEM Him
6.45 14.78 853 11.10 7318 12,044
591 1539 ] 1250 6125 14855
17.56 1241 2240 32U 19 767 E ]
19.93 4585 26.42 34.58 24,249 WFETS

7.6 50.79 2033 4266 54,335

/ Th s Scheffé pred ct on\
nterval s based on

Slide 63

NOTES:
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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

Slide 64 Syntax: Scheffé multiplier

NOTES:

Standard error 1or eacn predicted value, SEF_1

was producded by regression

COMPUTE Schint = SEP 1 * Scheffemultiplier

Variance formulae for linear
contrasts

Display 10,15 olocating bats ¢
Inference nbout [i; - by, the coelTicient of ihe imdicsior variabbe for birds m

by the coellickent of the inlicater variable fur ochobecaiing bars

Slide 65 Variance formulae for linear
contrasts

NOTES:

Echolocating Bats as Reference

Standardized

Coefficients 95% Confidence Interval for B
M Beta t Sig.  LowerBound Upper Bound
1 9,993 000 1.815 1180

998 18297 000 2 909
-026 -388 703 -508 351

s -310 358
a. Dependent Variable: In (energy)

Dy 1.5

Slide 66 Echolocating Bats as Reference

NOTES:
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Birds vs. Echolocating Bats

Dispiay 10,15

Inference abem |1y - iy, the cocfMclent of the indicator variable for birds
widnws the cocllicicnt of the indicator varkable for echolocating bals

Standardized
Coefficients.

Unstandardized
Coefficients.
Std. Emor Beta t Sig

95% Confidence Interval for B

Model B Lower Bound  Upper Bound

1 (Constant) 1.576 5.488 000 2185
In (mass) 815 045 998 18207 000 az 909
Birds. 102 114 041 896 384 -140 344
Echolocating bats. 079 203 026 388 703 -351 508

a. Dependent Variable: In (energy)

Slide 67 Birds vs. Echolocating Bats

NOTES:

Using indicator variables
judiciously

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

Slide 68 Using indicator variables
judiciously

NOTES:

Birds vs. Both types of bats

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

Coeficients’
Unstandardized  Standardized
Coefficients Coefficients 95% Confidence Interval for B

Model B Std. Error Beta t Sig.  LowerBound Upper Bound
1 (Constant) 1.537 205 7.481 000 A.973 1101

In (mass) 815 045 998 18207 000 a2 909

Birds 063 093 025 676 509 134 260

(e 079 203 020 388 703 -351 508

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 in general in energy expenditure (t test,
p=0.51)

Slide 69 Birds vs. Both types of bats

NOTES:
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