(General) Linear Statistical Models (I m
Regression
ANOVA (Analysis of Variance)
ANCOVA (Analysis of Covariance)

Note that much of what I plan to discuss will also
extend to nonlinear models, such as Generalized
Linear Models (gl m, Nonlinear Least Squares (nl s),
Generalized Additive Models (gan), Regression Trees
(r part). Though of course, extensions will be needed
for some of these.
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Regression (Quantitative Predictors)
Examples:

Model EPA highway fuel (H ghf uel ) use in terms
of car weight (Wi ght ), engine size (EngSi ze),
length (Lengt h), and width (W dt h)

& & 8o © ° % 70 75
8008 o 80808 oo 0&8 o, © [} 0:19816 r75
o O oo O @ o (o) [e] 00
B o°oo8 oooooog’qo8 o§° o) 70 .
0 © 8‘330%20 om&@o © BB 8™ O3> © Width
o 88;3’ © ow%‘m 8 oo%w o
oo % o & odo 0 o @
o o ) o 6.0 65 60
o[ 220 180 200 22 )
L o S8
200 2980 o
0180 Length 1801 o83 8 @
o o
160 €%
o
l.lo l§0 1$O 140 ° °
( [o] (o] [e] [o]
o0 o ©
o 00 0o 09
[o]e)
o e o EngSize oo°§882 &
00 o
. ¥
o™ ° 12 3 o & o
— R S
4000 3008502100 o o8 63 &B
2 ; o
I 3500 cg o ° 882 go
o
3000 \ygight 30001 o §o §§§
1 E]
2500 ) é%g e
2000 T
2002508000 o%) °o 8
5 A ) o [ ° °
354455 oo oo o
[ 4.5 06 % °% o0 ° % .
@ (¢) O_O
r4 o L o 88 °°<9 Sy 8% © % °0§° o3
. o o g )
3.5 Highfuel 3.57 BRI o &g o0 ° @8
]l o @o 0y 00
) 2 ogc;B °° %80 o 008080
271 o © o° o ©
? 2;5 ? 3;5 240 ° 0®° o ©°

Scatter Plot Matrix
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Model infant mortality (I nfant. Mortal i ty) in
Switzerland in terms of education (Education),
agriculture (Agri cul t ur e), and fertility
(Fertility) for the dataset sw ss.
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Scatter Plot Matrix

Fit models of the form

Y. =6t Bx t Boxy .+ fx &5 &~ N(O, 02)

L

This also include polynomial regression as, for
example could have x,; = x7,.
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Linear regression refers to linear in the parameters,
not the predictors. For example, polynomial or log
transformations of the predictors is fine.

ANOVA (Qualitative predictors)
Example:

Model EPA highway fuel (H ghf uel ) use in terms
of car type (Type), number of cylinders
(Cyli nder), and where made (Donmest i c)
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Fit models of the form

Yja =M+ (aﬁy)jkl + Euqs ikt ~ N(O, 02)
Have a different mean (potentially) for each
combination of the factor levels.

ANCOVA (Combination of qualitative and
quantitative predictors)

Example:

Model EPA highway fuel (H ghf uel ) use in terms
of car weight (Type) and where made (Donesti c)

2000 2500 3000 3500 4000
1 1 1 1 1

1 1 1
Foreign Domestic

T T T T T
2000 2500 3000 3500 4000
Weight

Fit models of the form
Y, =06, +Bxi + BojXou *eoo t ByXog + €5 i~ N(O, 02)

Have a different regression surface for each
combination of the factor levels.
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In fact these three situations are all special cases of a
common model. They can all be written in the form

Y. =56t Bxy t BoXxy .+ X & &~ N(O, 02)

where the x; are functions of the quantitative
variables and levels of the qualitative variables.

There is a short hand notation for this model, which
was briefly discussed in the first assignment. It can
be written in matrix notation as

Y =X[+¢

where Y, 8, and ¢ are column vectors (of length n, k +
1, and n) and X is a matrix with (n rows and k + 1
columns). The least squares estimates of S is given
by

B=(X"X)" XTY

For example consider 1-way ANOVA, where there is
one qualitative variable as a predictor.

An example of this model is the situation where fuel
use is modeled by car type
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This data could be described with the model
1/'1_1_ = /’I + aj + £ji
It can be converted to the other form by setting

i

1 cariis Compact
X, =
: 0] otherwise

_ |1 cariis Large
o otherwise

1 cariis Sporty
X, =
o otherwise

Need 1 less x variable than the number of levels of
categorical factor.
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Note that there are other, equally valid ways, of
defining x variables for this problem.

The model objects in S-Plus/R make it easy to deal
with defining these other variables for fitting the
model.

The basic way of defining a model is of the form
y~x1+x2+...+xk

where Xj could be a qualitative variable, a
quantitative variable, or a combination of variables

For example, for the Infant Mortality example

| nfant. Mortality ~ Education + Agriculture +
Fertility

describes the model
Y, =B, + Bixy + Boxy + Bsxs T &

To fit this model we can use the | {) command

> swiss.Im<- ImInfant. Mortality ~ Education + Agriculture +

Fertility, data=sw ss)
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> sunmmary(swi ss. |l m

Cal | :
| mM(fornmula = Infant. Mortality ~ Education + Agriculture +

Fertility, data = sw ss)

Resi dual s:
M n 1Q Medi an 3Q Max
-8.1086 -1.3820 0.1706 1.7167 5.8039

Coef ficients:

Estimate Std. Error t value Pr(>|t])
(I ntercept) 10.14163 3.85882 2.628 0.01185 *
Educati on 0. 06593 0. 06602 0.999 0.32351
Agriculture -0.01755 0.02234 -0.785 0.43662
Fertility 0. 14208 0.04176  3.403 0.00145 **

Resi dual standard error: 2.625 on 43 degrees of freedom
Mul ti pl e R-Squared: 0.2405, Adj usted R-squared: 0.1875
F-statistic: 4.54 on 3 and 43 DF, p-value: 0.007508

> anova(sw ss. | m

Anal ysis of Variance Table
Response: Infant.Mrtality

Df Sum Sq Mean Sq F val ue Pr (>F)
Educati on 1 3.850 3.850 0.5585 0.458920
Agriculture 1 10.215 10.215 1.4820 0.230103
Fertility 1 79.804 79.804 11.5780 0.001454 **
Residuals 43 296.386 6.893

Signif. codes: 0 "***' (0.001 "*** 0.01 *' 0.05 .' 0.1 °
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For the H ghf uel vs Type example
> type.l m<- | nm(H ghfuel ~ Type, data=cars93)
> summary(type. |l m

Cal | :
| mM(fornmula = Hi ghfuel ~ Type, data = cars93)

Resi dual s:
M n 1Q Median 3Q Max
-0.87891 -0.19098 0.04712 0.22671 0.77217

Coef fici ents:
Estimate Std. Error t value Pr(>|t])

(Intercept) 3.37677  0.08886 38.002 < 2e-16 ***
TypeLarge  0.37248  0.13921 2.676 0.00891 **
TypeM dsi ze 0.39651  0.11678 3.395 0.00103 **
TypeSmal | -0.49786  0.11795 -4.221 5. 95e-05 ***
TypeSporty  0.14754  0.13007 1.134 0.25980

TypeVan 1.20983  0.14809 8.169 2.24e-12 ***

Resi dual standard error: 0.3554 on 87 degrees of freedom
Mul ti pl e R-Squared: 0.658, Adj usted R-squared: 0.6383
F-statistic: 33.48 on 5 and 87 DF, p-value: < 2.2e-16
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> anova(type.l m

Anal ysis of Variance Table
Response: Hi ghf uel

Df Sum Sq Mean Sq F val ue Pr (>F)
Type 5 21.1446 4.2289 33.476 < 2.2e-16 ***
Resi dual s 87 10.9906 0.1263

Contrasts for factors

As mentioned earlier, there are different ways of
assigning the predictor variables. S-Plus and R have
4 built in ways of handling that. The previous
example was run with

options(contrasts=c("contr.treatnent", "contr.poly"))

which used a parametrization similar to what I
described before. The other options are
options(contrasts=c("contr.sun', "contr.poly"))
options(contrasts=c("contr. helnert", "contr.poly"))
Note that the different options give different

parameter estimates, but the same fitted values,
residuals, etc.

The default choice in S-Plus is

opti ons(contrasts=c("contr.helnert", "contr.poly"))
The default in R is
options(contrasts=c("contr.treatnent", "contr.poly"))
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> options(contrasts=c("contr.sunf, "contr.poly"))
> type.sum | m<- | m H ghfuel ~ Type, data=cars93)

> summary(type.sum | m

Cal | :
| mM(fornmula = Hi ghfuel ~ Type, data = cars93)

Resi dual s:
M n 1Q Median 3Q Max
-0.87891 -0.19098 0.04712 0.22671 0.77217

Coef fici ents:
Estimate Std. Error t value Pr(>|t])

(Intercept) 3.64819 0.03880 94.024 < 2e-16 ***
Typel -0. 27141 0.08228 -3.299 0.00141 **
Type2 0.10106 0. 09572 1.056 0.29397
Type3 0.12510 0. 07303 1. 713 0.09029 .
Type4d - 0. 76928 0.07427 -10.358 < 2e-16 ***
Typed - 0. 12388 0.08672 -1.428 0.15676

Resi dual standard error: 0.3554 on 87 degrees of freedom
Mul ti pl e R-Squared: 0.658, Adj usted R-squared: 0.6383
F-statistic: 33.48 on 5 and 87 DF, p-value: < 2.2e-16

> anova(type.sumlim

Anal ysis of Variance Table
Response: Hi ghf uel

Df Sum Sq Mean Sq F val ue Pr (>F)
Type 5 21.1446 4.2289 33.476 < 2.2e-16 ***
Resi dual s 87 10.9906 0.1263

Models in S-Plus and R
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> options(contrasts=c("contr.sunf, "contr.poly"))

> contrasts(cars93%Type)

[.1] [.2] [.3] [,4] [,5%)

Conpact 1 0 0 0

Lar ge 0 1 0 0 0

M dsi ze 0 0 1 0 0

Smal | 0 0 0 1 0

Sporty 0 0 0 0 1

Van -1 -1 -1 -1 -1

> options(contrasts=c("contr.treatnent”, "contr.poly"))

> contrasts(cars93%Type)
Large M dsize Small Sporty Van

Conpact 0
Lar ge 1
M dsi ze 0
Smal | 0
Sporty 0
Van 0

oooroo
oorooO
oroooo
RPOOOOO

> options(contrasts=c("contr.helnert", "contr.poly"))

> contrasts(cars93%Type)

[1][2][3][4][5]
Conpact -1 -1
Lar ge 1 -1
M dsi ze 0 2
Smal | 0 0
Sporty 0 0
Van 0 0

COoOWkrRkRPEF

—1
-1

O-l>|—\|4|—\|4
R R

Unordered vs Ordered factors

Some categorical variables have a natural ordering to
them, such as the number of cylinders in an engine.
Most categorical variables don’t, for example
regligon. You might have fun arguing with people on
how to order Christianity, Islam, Judism, Shinto, etc.
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In the case where order makes sense, S-Plus/R has a
set of contrast which allow for looking trends. They
are based on orthogonal polynomials, assuming the
levels are equally spaced.

> contrasts(cars933Cyl i nder)

coOoOTh W

OCOoOO0OFrOoOohM
OOPRrOoOou
ol NoNoNolep)
RPOOOOO

Vv

cars933$Cyl i nder O <- as. ordered(cars93$Cyli nder)
contrasts(cars93$Cyl i nder O

L o) .C ng
3 -6.324555e-01 0.5345225 -3.162278e-01 0.1195229
4 -3.162278e-01 -0.2672612 6. 324555e-01 - 0.4780914
5 -3.287978e-17 -0.5345225 1.595204e-16 0.7171372
6
8

V

3.162278e-01 -0. 2672612 -6.324555e-01 -0.4780914
6. 324555e-01 0.5345225 3.162278e-01 0.1195229

> summary(Cylinder.ord. |l m

Cal | :
| m(formula = H ghfuel ~ CylinderQ data = cars93)

Resi dual s:
M n 1Q Medi an 30 Max
-1.056216 -0.221020 -0.004322 0.218147 1.315326

Coefficients:

Estimate Std. Error t value Pr(>|t])
(I ntercept) 3.54797 08237 43.073 < 2e-16 ***
CylinderO L 1.29547 17964 7.211 1.92e-10 ***
CylinderQO Q -0. 75963 21588 -3.519 0.000692 ***
CylinderO. C 0.04834 10641 0. 454 0.650763
CylinderOM4 0.29654 21331 1. 390 0.168023

CO0O00
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Numeric vs factors

pl ot (H ghfuel ~ cylinder, data=cars93)
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> |s.factor(cars93scyl i nder)
[1] FALSE

> is.factor(cars93%Cyl i nder)
[1] TRUE

> i s.nuneric(cars93%cyl i nder)
[1] TRUE

> is.nuneric(cars93$Cyl i nder)

[1] FALSE

The way that numeric variables and factors are
treated in model definitions is different. S-Plus/R
recognizes how each of the variables is defined and
does the appropriate thing. Note you do need to be
careful, as when data is read in, for example with
read. t abl e, assumptions are made about how each
variable is defined. For example, any variable that
appears to be numeric, is classified as numeric. If its
really a factor, it will then need to be reassigned as a
factor with the as. f act or command. Labels can be
giving to the various factor labels with the | evel s
command.
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> summary(cylinder.lm

Cal | :

| mM(fornmula = Hi ghfuel ~ cylinder, data = cars93)
Resi dual s:

M n 1Q Medi an 3Q Max
-1.074287 -0.272838 0.001887 0.200075 1.297254

Coefficients:

Estimate Std. Error t value Pr(>|t])
(I ntercept) 2. 0561 0.1853 11.095 < 2e-16 ***
cyl i nder 0. 2980 0. 0361 8.257 1.20e-12 ***

Resi dual standard error: 0.4492 on 90 degrees of freedom
Mul ti ple R-Squared: 0.431, Adj usted R-squared: 0.4247
F-statistic: 68.17 on 1 and 90 DF, p-value: 1.202e-12

> summary(Cylinder.lm

Cal | :

| m(fornmula = Hi ghfuel ~ Cylinder, data = cars93)

Resi dual s:

M n 1Q Medi an 30 Max
-1. 056216 -0.221020 -0.004322 0.218147 1.315326

Coefficients:

Estimate Std. Error t value Pr(>|t])
(I ntercept) 2.3428 0. 2344 9.994 4. 17e-16 ***
Cylinder4 0. 8874 0.2415 3.674 0.000411 ***
Cylinder5 1. 8239 0.3707 4.921 4.05e-06 ***
Cyl i nder 6 1. 6455 0. 2455 6. 703 1.95e-09 ***
Cyl i nder8 1.6692 0.2802 5.957 5.31e-08 ***
0

Resi dual standard error: 0.406 on 87 degrees of freedom
Mul ti pl e R-Squared: 0.5507, Adj usted R-squared: 0.53

F-statistic: 26.66 on 4 and 87 DF, p-value: 1.92e-14

Models in S-Plus and R
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Interactions

Look at two models fit with Wei ght and Donesti c

> sunmmar y(wei ght . donestic.lm

Cal | :
| m(formula = Hi ghfuel ~ Weight + Donmestic, data = cars93)

Resi dual s:
M n 1Q Medi an 3Q Max
-0. 781506 -0.244967 0.002068 0.180682 0.922104

Coefficients:

Estimate Std. Error t value Pr(>|t])
(I ntercept) 9.923e-01 1.853e-01 5.355 6.5e-07 ***
Wi ght 8.354e-04 6.065e-05 13.774 < 2e-16 ***
Donest i cDomestic -3.449e-02 7.120e-02 -0.484 0. 629

> sunmmar y(wei ght. donestic.int.lm

Cal | :
| m(formula = Hi ghfuel ~ Weight * Donestic, data = cars93)

Resi dual s:

M n 1Q Median 3Q Max
-0.78647 -0.21346 -0.03952 0.17163 0.99145

Coefficients:

Estimate Std. Error t value Pr(>|t])

(I ntercept) 6. 264e-01 2.504e-01 2.501 0.0142 *
Vi ght 9.597e-04 8.347e-05 11.498 <2e-16***
Donest i cDonesti c 7.421e-01 3.721e-01 1.994 0. 0492 *

Wei ght : Donesti cDones -2.529e-04 1.190e-04 -2.125 0.0364 *
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Both models fit give regression lines for H ghf uel vs
Wei ght . The first one fits a model of the form

Yy =6 + Bw, + Gd + ¢
The second model is of the form
Yy, = 6o + [w, + fd; + fswd, + ¢
where d;is 1 for domestic cars and O for foreign cars

These can be rewritten as

/80 t /Blwi + &, FOreign car
Y, =1 (/30 + /82) + fw, + £ Domestic car
5o
and
/80 + /Blwi t & Foreign car
Y =4 (/30 + /32) + (,31 + ,Bg)wi + &,  Domestic car
5o oA

This second model has an example of an interaction.
In this case the effect of weight differs depending on
whether the car is domestically made or not. It
fitting the equivalent on what was displayed in the
figure
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2000 2500 3000 3500 4000
1 1 1 1 1

1
Foreign Domestic
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4.5 7

Highfuel

3.0 1
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T T T T T
2000 2500 3000 3500 4000
Weight

Interactions in models can be indicated with : and *.

A : means just the interaction of interest. A * means
that interaction plus all lower level interactions and
main effects, eg.

y ~ A*B
is the same as
y ~A+ B+ AB
Note you can fit the model
y ~ AB

but you usually don’t want to. It corresponds to the
regression equation

y, = B, + Bab, +¢&

Note that A and B in the above can be any

combinations of numerical variables and factors
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Suppose you wanted to fit the model
y~A+B+C+AB+ AC+ B:C
A short hand for this model is
y ~(A+ B+ Q"2

This will not pick up and A:A type term as it is
regarded the same as A. For factors, this is the
correct thing to do. However it may not be what you
want with numeric predictors. For example you
might want to fit the model

Y, = By + Bw, + Bw; + &
To do this you would need a model statement like
y ~w+ | (w'2)

The function | inhibits the interpretation or
conversion of objects.
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Note that is S-Plus the | isn’t needed but in R it is

S-Plus:
> | my~x+x"2)
Cal | :

|m(formula =y ~ X + x"2)

Coefficients:
(I ntercept) X | (X"2)
-0.03241224 -0.09234361 0.008718185
R:
> | m(y~x+x"2)

Cal | :

|m(formula =y ~ x + x"2)
Coefficients:

(I ntercept) X
-0.12723 0. 02098

Models in S-Plus and R
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> sunmmary(wei ght 2. 1 m

Cal | :
| mM(fornmula = H ghfuel ~ Weight + | (Wight”"2), data = cars93)

Resi dual s:
M n 1Q Median 3Q Max
-0. 76605 -0.23896 0.01345 0.19332 0.91241

Coef fi ci ents:

Estimate Std. Error t value Pr(>|t])
(Intercept) 8.278e-01 8.696e-01 0. 952 0. 344
Wi ght 9.430e-04 5.855e-04 1.611 0.111
| (Wi ght”"2) -1.879e-08 9.607e-08 -0.196 0. 845

Resi dual standard error: 0.3355 on 90 degrees of freedom

Mul ti pl e R-Squared: 0.6848, Adj usted R-squared: 0.6778
F-statistic: 97.78 on 2 and 90 DF, p-value: < 2.2e-16
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Removing terms from models

[t is also possible to remove terms from models. For
example

y~A+B+C+AB+ AC+ B:C
could also have been written as
y ~ AAB*C - ABC

so it can be used as a short hand to write more
complicated models.

Another situation where it is more useful is to
compare two models. Lets go back to the crab
example and compare two models

RW~ sex * sp
and

RW~ sex + sp
One way of doing this is by

> crab.int.Im<- InMRW~ sex * sp)

> crab.add. | m<- update(crab.int.Ilm . ~ . - sex:sp)

Note that is could also be done with
> crab.add2. Im<- | mMRW~ sex + sp)

> crab.int2.Ilm<- update(crab.add2.lm . ~ . + sex:sp)
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To see whether the interaction model gives a better
description we can look at the command

> anova(crab.add. | mcrab.int.Im

Anal ysi s of Variance Tabl e

Model 1: RW~ sex + sp
Model 2: RW~ sex * sp

Res. Df RSS Df Sum of Sq F Pr(>F)
1 197 1074. 4
2 196 1016.4 1 58.0 11.184 0.0009884 ***

Another situation where removing a term can be
useful is to get rid of the intercept. For example to fit
a regression through the origin you can do

> weight.orig.Im<- I m(H ghfuel ~ Wight - 1, cars93)
> sunmmary(wei ght.orig.Im

Cal | :
| m(fornmula = Hi ghfuel ~ Weight - 1, data = cars93)

Resi dual s:
M n 1Q Medi an 30 Max
-0.820327 -0.227628 -0.009304 0.320788 1.050421

Coefficients:
Estimate Std. Error t value Pr(>|t])
Wei ght 1.141e-03 1.263e-05 90. 33 <2e-16 ***
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> anova(wei ght.orig.Il mweight.Im
Anal ysis of Variance Tabl e

Model 1: Highfuel ~ Wight - 1
Model 2: Highfuel ~ \Weight

Res. Df RSS Df Sum of Sq F Pr (>F)
1 92 13. 3643
2 91 10.1325 1 3.2318 29.025 5.564e-07 ***

Removing the intercept is also useful in some ANOVA
models as it gives a different parametrization.

For example

> type.lm

Cal | :

| mM(formula = H ghfuel ~ Type, data = cars93)
Coefficients:

(I ntercept) TypeLarge TypeM dsize TypeSmal

3.3768 0. 3725 0. 3965 -0. 4979
TypeSporty TypeVan
0. 1475 1.2098

> type.noint.Im

Cal | :

| mM(formula = H ghfuel ~ Type - 1, data = cars93)
Coefficients:

TypeConpact TypeLarge TypeM dsize TypeSmal |
3. 377 3.749 3.773 2.879

TypeSporty TypeVan
3.524 4.587
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In the first the intercept is the mean for Compact
cars and the others are the deviations for the other
types. In the second, each is the mean for that type

Another example is

> wei ght. donestic.int.lm

Cal | :

| mM(fornmula = Hi ghfuel ~ Weight * Donmestic, data = cars93)
Coef fi ci ents:

(I ntercept) Wi ght Donesti cDonesti ¢
0. 6263581 0. 0009597 0. 7420544

Wi ght : Donest i cDonesti c
- 0. 0002529

> wei ght. donmestic.int2.lm
Cal | :
| mM(fornmula = Hi ghfuel ~ Donmestic/Wight - 1, data = cars93)

Coefficients:

Donest i cForei gn Donesti cDonesti c

0. 6263581 1. 3684125
Donest i cFor ei gn: Wi ght Donesti cDonesti c: Wi ght
0. 0009597 0. 0007069

The first gives the differences in the intercept and
slope for domestic cars from foreign cars where the
second gives the intercept and slope for domestic
cars.
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The / is another way of describing interactions. The
form isa / X, where a is a factor and x could be
numeric, a factor, or a combination of things. This
model says fit the model described by x for each level
of a. The specification a/ X - 1 is equivalent to

a + a:x — 1 in terms of parametrization.

Prediction

[t is easy to make predictions for new or
hypothesized observations with the pr edi ct
command. The form of the function is
predict(fit, newdata), where fit is result of the
| mcommand and newdat a is a dat af r ane including
all the variables used in fitting the model. For
example

> newdat a
Wei ght Donestic
2000 Foreign
3000 Donestic
4000 Foreign

1
2
3
4 2000 Donestic
) 3000 Foreign
6 4000 Donestic
> predict(wei ght.donestic.int.|l mnewdata)
1 2 3 4 5 6

2.545835 3.489005 4.465312 2. 782141 3. 505573 4. 195869
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Also to exhibit that different parametrizations give
the same fitted values

> predict(weight.donestic.int.|mnewdata)

1 2 3 4 5 6
2. 545835 3.489005 4.465312 2.782141 3.505573 4. 195869
> predict(weight.donestic.int2.lmnewdat a)

1 2 3 4 5 6
2. 545835 3.489005 4.465312 2.782141 3.505573 4. 195869

> wei ght. donmestic.int.lm
Cal | :
| mM(fornula = Hi ghfuel ~ Weight * Donmestic, data = cars93)
Coef fi ci ents:
(I ntercept) Wi ght Donesti cDonesti ¢
0. 6263581 0. 0009597 0. 7420544
Wi ght : Donest i cDonesti c
- 0. 0002529
> wei ght. donmestic.int2.lm
Cal | :
| mM(fornula = Hi ghfuel ~ Donmestic/Wight - 1, data = cars93)
Coef fi ci ents:
Donest i cForei gn Donesti cDonesti ¢ Donest i cFor ei gn: Wi ght
0. 6263581 1.3684125 0. 0009597
Donesti cDonesti c: Wi ght
0. 0007069
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