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The asymptotic bias of m̂X ;Y (t) at t = 0.5 can be calculated as
follows:

E (m̂X ;Y (0.5) −mX ;Y (0.5)) = E (m̂X ;Y (0.5)) − E (mX ;Y (0.5))
(1)

= E (0.5β) − E (0.50.75) (2)

≈ 0.5E (β) − 0.595 (3)
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In general, the mean squared error (MSE) associated with a
particular choice of β estimated from points ti , i = 1, 2, . . . , n is as
follows:

MSE =
1

n

n∑
i=1

(m̂X ;Y (ti ) −mX ;Y (ti ))2 (4)

=
1

n

n∑
i=1

(βti − t0.75
i )2 (5)
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Error = lim
n→∞

(
n∑

i=1

(βti − t0.75
i )2) (6)

=

∫ 1

0
(βti − t0.75

i )2dt (7)

=

∫ 1

0
(β2t2 − 2βt1.75 + t1.5)dt (8)

= β2

∫ 1

0
t2dt − 2β

∫ 1

0
t1.75dt +

∫ 1

0
t1.5dt (9)

=
1

3
β2 − 2

2.75
β +

1

2.5
(10)
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aiclogit(): AIC

a i c l o g i t <− f u n c t i o n ( y , x ) {
y <− as . m a t r i x ( y )
x <− as . m a t r i x ( x )
f i t <− glm ( y ˜ x , f a m i l y=b i n o m i a l ( ) )
f i t s u m <− summary ( f i t )
a i c <− f i t s u m $ a i c
r e t u r n ( a i c )

}
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ar2(): Adjusted R2

a r 2 <− f u n c t i o n ( y , x ) {
y <− as . m a t r i x ( y )
x <− as . m a t r i x ( x )
f i t <− lm ( y ˜ x )
f i t s u m <− summary ( f i t )
a d j r <− f i t s u m $ a d j . r . s q u a r e d
r e t u r n ( a d j r )

}
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prsm(): Input Validation

prsm <− f u n c t i o n ( y , x , k =0.01 , p r e d a c c=ar2 , c r i t=NULL ,
p r i n t d e l=FALSE , c l s=NULL) {
r e q u i r e ( p a r a l l e l )

# Conver t y and x to m a t r i x f o r t h e s a k e lm ( ) and glm ( )
y <− as . m a t r i x ( y )
x <− as . m a t r i x ( x )

minmax <− NULL
# Determine whether to m i n i m i z e o f maximize t h e PAC
i f ( i d e n t i c a l ( ar2 , p r e d a c c ) ) {

c r i t <− ”max”
minmax <− max

} e l s e i f ( i d e n t i c a l ( a i c l o g i t , p r e d a c c ) ) {
c r i t <− ”min”
minmax <− min
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prsm(): Calculate Full Model

} e l s e {
i f ( i s . n u l l ( c r i t ) ) {

s t o p ( ” E r r o r : c r i t i s NULL . Do you want to
m i n i m i z e o r maximize t h e PAC?” )

}
e l s e i f ( c r i t == ”min” ) {

minmax <− min
}
e l s e i f ( c r i t == ”max” ) {

minmax <− max
}

}
# C a l c u l a t e f u l l model to b e g i n
f u l l <− p r e d a c c ( y , x ) # s t a r t i n g PAC
v a r s l e f t <− 1 : n c o l ( x ) # v a r i a b l e to keep t r a c k o f

c u r r e n t v a r i a b l e s i n t h e model
i f ( p r i n t d e l ) c a t ( ” f u l l outcome = ” , f u l l )
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prsm(): Begin While Loop

# Loop : d e l e t e v a r i a b l e s one a t a time , a g r e e d y
approach

tmpbest <− f u l l
f l a g <− TRUE
w h i l e ( f l a g ) {

# C a l c u l a t e PAC f o r each p o s s i b l e remova l
i f ( i s . n u l l ( c l s ) ) {

tmp <− l a p p l y ( 1 : l e n g t h ( v a r s l e f t ) , f u n c t i o n ( i ) {
pac <− p r e d a c c ( y , x [ , v a r s l e f t [− i ] ] )
r e t u r n ( pac )

})
} e l s e i f ( ! i s . n u l l ( c l s ) ) {

tmp <− c l u s t e r A p p l y ( c l s , 1 : l e n g t h ( v a r s l e f t ) ,
f u n c t i o n ( i ) {
pac <− p r e d a c c ( y , x [ , v a r s l e f t [− i ] ] )
r e t u r n ( pac )

})
}
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prsm(): Find Best PAC

b e s t p a c <− minmax ( u n l i s t ( tmp ) )
# I s t h e r a t i o ” a l m o s t ” enough ( p a r s i m o n i o u s l y ) to

j u s t i f y d e l e t i n g t h e v a r i a b l e ?
i f ( c r i t == ”min” ) {

f l a g <− ( b e s t p a c / tmpbest ) < 1 + k
} e l s e i f ( c r i t == ”max” ) {

f l a g <− ( b e s t p a c / tmpbest ) > 1 − k
}

Saheel Godhane Paari Kandappan Jack Norman Ivana Žetko ECS 256
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prsm(): Find Variable to Remove

# I f f l a g i s s t i l l t r u e , remove th e v a r i a b l e and
update v a r s l e f t

i f ( f l a g ) {
var2rem <− which ( tmp == b e s t p a c ) [ 1 ]
nameOfvar2rem <− co lnames ( x ) [ v a r s l e f t [ var2rem ] ]
v a r s l e f t <− v a r s l e f t [−var2rem ]
i f ( p r i n t d e l ) c a t ( ”\ n d e l e t e d ” , nameOfvar2rem ,

”\nnew outcome = ” , b e s t p a c )
tmpbest <− b e s t p a c

}
i f ( l e n g t h ( v a r s l e f t ) == 1)

b r e a k ;
} # end w h i l e ( )
c a t ( ”\n” )
p r i n t ( v a r s l e f t )
r e t u r n ( v a r s l e f t )

}
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prsm(): Pima Data Example

# Compare t h e a n s w e r s and r u n t i m e s o f t h e s e r i a l method
v e r s u s p a r a l l e l method

system . t ime ( prsm ( pima [ , 9 ] , pima [ , 1 : 8 ] , p r e d a c c = a i c l o g i t ,
p r i n t d e l = TRUE) )

full outcome = 741.4454
deleted Thick
new outcome = 739.4534
deleted Insul
new outcome = 739.4617
deleted Age
new outcome = 740.5596
deleted BP
new outcome = 744.3059
[1] 1 2 6 7
user system elapsed
0.393 0.034 0.470
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prsm(): Pima Data Example In Parallel

# make c l u s t e r f o r p a r a l l e l method
c l s <− m a k e C l u s t e r ( r e p ( ’ l o c a l h o s t ’ , 4) )

system . t ime ( prsm ( pima [ , 9 ] , pima [ , 1 : 8 ] , p r e d a c c = a i c l o g i t ,
p r i n t d e l = TRUE, c l s = c l s ) )

full outcome = 741.4454
deleted Thick
new outcome = 739.4534
deleted Insul
new outcome = 739.4617
deleted Age
new outcome = 740.5596
deleted BP
new outcome = 744.3059
[1] 1 2 6 7
user system elapsed
0.038 0.006 0.387
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SMS Spam Dataset

Figure 1 : Percent of spam (left) and ham (right) messages blocked in
5-fold cross validation
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SMS Spam Dataset

Figure 2 : Percent of spam (left) and ham (right) messages blocked in
5-fold cross validation
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Istanbul Stock Exchange Dataset

(small n, small p, regression)

k = 0.05 k = 0.01 p < 0.05

Predictors chosen 6 7 5 6 7 5 6 7
Adjusted R2 0.564 0.578 0.578

Figure 3 : Predictors (Xi ) chosen by the various parsimony inducing
methods, adjusted R2 using each of those sets of predictors
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Automobile Prices Dataset

(small n, large p, regression)

k = 0.05 k = 0.01 p < 0.05

Predictors chosen 2 14 16 2 3 4 14 16 17 18 21 23 3 14 16 17
Adjusted R2 0.2873 0.3271 0.578

Figure 4 : Model fitting methods with the predictors chosen and
adjusted R2
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Custom PAC: leave1out01()

Jackknife analysis: train n − i samples and test on i th sample

Only considered the classification case

Basic idea:

1 model = lm(y [−i , ] ∼ x [−i , ])
2 prediction = (model$weights · xi ) + model$intercept
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Custom PAC: leave1out01()

Jackknife analysis: train n − i samples and test on i th sample

Only considered the classification case

Basic idea:

1 model = lm(y [−i , ] ∼ x [−i , ])
2 prediction = (model$weights · xi ) + model$intercept
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leave1out01() Pima results

[ 1 ] ‘ ‘ T e s t i n g l e a v e 1 o u t 0 1 ( ) on Pima d a t a s e t ’ ’
[ 1 ] ‘ ‘PAC v a l u e : ’ ’
[ 1 ] 0 .77474
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leave1out01() results with prsm()

[ 1 ] ‘ ‘ T e s t i n g l e a v e 1 o u t 0 1 as PAC f o r prsm ( ) on Pima ’ ’
f u l l outcome = 0.77474
d e l e t e d Thick
new outcome = 0.77474
d e l e t e d NPreg
new outcome = 0.77344
d e l e t e d I n s u l
new outcome = 0.77083
d e l e t e d BP
new outcome = 0.77604
d e l e t e d Age
new outcome = 0.76953
[ 1 ] 2 6 7
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