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Solutions can be found in the file TPkernel4SIR(solutions).R
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One-dimensional kernel regression: Influence of the bandwidth
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One-dimensional kernel regression: Influence of the bandwidth

Simulations

o Generate 100 pairs (Xj, Y;) from the model Y = f(X) + ¢,
X ~ U[0,1], e ~ N(0,1/9) with (i) f(x) = fi(x) =2+ 3x
and (i) f(x) = f(x) = sin(4x).

@ Plot the data, and superimpose the true link function.
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One-dimensional kernel regression: Influence of the bandwidth

Estimation of the link function

On each of the previous two simulated models, estimate the link
function using

@ the linear model (Im command),

o the kernel estimator ( command) with the Gaussian
kernel and bandwidth h € {0.01,0.2,0.5}.

and superimpose the estimators to the previous graphes.
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One-dimensional kernel regression: Influence of the bandwidth

Estimation of the link function: results
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One-dimensional kernel regression: Influence of the bandwidth

Cross-validation (1/2)

Implement the cross-validation procedure for selecting the
bandwidth

@ For h € {hmin, - - - s hmax} (with nbh trials)
@ Forje{l,...,n}

@ Compute the estimator at point X; on the training set excluding X;
with bandwidth h.

() o ()

i#] i#]

o Compute the associated prediction error: &7 = (Y; — (X))

@ Choose h such that Z 1 5 is the smallest.
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One-dimensional kernel regression: Influence of the bandwidth

Cross-validation (2/2)

On each of the previous two simulated models,
@ plot the cross-validation criteria,
@ compute the “optimal bandwidth”, i.e minimizing the
cross-validation criteria,

@ superimpose the kernel estimator computed the “optimal
bandwidth” to the simulate data.
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One-dimensional kernel regression: Influence of the bandwidth

Cross-validation criteria

3.5

3.0

25

2.0

1.5

vecth

Stéphane Girard & Jé

ne Saracco

o
¥ o
o
© -
o
o
o
o o
o
o
o
o
o
Coogo00
T T T
0.1 0.2 0.3 0.4
vecth

TP: Kernel methods and dimension reduction for regressi




One-dimensional kernel regression: Influence of the bandwidth

Kernel estimators with the “optimal bandwidth”
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Multidimensional kernel regression with dimension reduction
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Multidimensional kernel regression with dimension reduction

Simulations

e Generate 100 pairs (X, Y;) from the model Y = f(3'X) + ¢,
X ~ U[0,1]%, & ~ N(0,1/2) with f(x) = x3 and
B =(1,2,-1,-2,0)".

e Plot the pairs (8'X;, Y;), i=1,...,100 and superimpose the
link function.
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Multidimensional kernel regression with dimension reduction

Plot of the pairs (8'X;, Y;) and true link function

index

Stéphane Girard & Jéréme Saracco TP: Kernel methods and dimension reduction for regression



S0 oL 80 ¥0 00 80 ¥0 00
o L1 . L
E g
S o | ErSeg (BB | | B eyl 828, 85
® e 0 °| [ 350 | Fo Sadn | B Cogs
24 od oq L% &
° oo & @ oo o® &0 @8 o
° o % o] | o o
ER o, % bo s88° | | &0 0| (T foa |
T eBe | R o oo o B |of gooq [, T wo| | R
<] % 680 & | 8 & o Po 880 o &
S % o | 2® o 58,0 & [2G08% P& ° 8
S W R2 oooW o500 5 (5860 & 86458,
sl € o % %0 ° & oo 88
o
0o % 00 °g &, o o |2
s | B Boop %onvo@a °g6 0% w&ooow
o| o @S | |og%™ o [0,8°0 0o ® 81 o
7% op ¢ bog®® ey 8o o d ©
3 Bolf] [ fusly g0, e, "ol o
Bo |lo %l 8 2o [e 8o < |[P°% of°
@008 pou%%ﬁo o8 0 X e 8| «
m OD D%m OAMODUOO DDQ% o ) @%m <
o 9
° % P800 | 0% @ | & EH P oc®| o
°® °F 86| B8 | o T DX BP0 898
o 2% bo % £ o
29 oo cos O o0 © S5 ol [§ o
2 1l o facs 1 Lo&s o] oo
AOOO e & @0@0 0@”?0 BO%JW

0.4
o

06 08
L
)
o
B3
o
Scoo
o
%
(3] 0%
o
&
~ g
Ea
o
25
x3
@ 8og
0RO
L
o S
o @®
ol
@
o O
@@
8 2%

@
w
°
o
<
S
5]
£
©
£
@
>
[a
=

o 0% & o °
S %&® 8 o &, e "wnm o 8% W@ooo
- P QW "9 9 F8| b oo P Sog [36% &
3
°
2 | Peom 9 8 020 | [50 e @9 fogo® of 2
& %, ) @
3 & S 00 o |86 &
S o . Bo % oo A oo w@% 0% g % 70 2 5
E= 8 o 09 98| | 80 05”0 ® 8
9] o @0 o bgo® o 00 655 focb 90, S © ©
3 L %S ~ bo @ @O Loo °9%,| | @~ Dol < @
8 ke 8| " gl o8 wod| [ ]
2 ) S S o 3z [
c o ° £
S o o S
2 ° 3
o o
g 3
o 2

e Girard & J

06 08
-
S
o o
o
%’%ﬁ%
o

00 02 04
LR

00

°

y

Multidimensional kernel regression with




Multidimensional kernel regression with dimension reduction

SIR

Use the function from the package in order
to:

@ Plot the eigenvalues screeplot and select the dimension of the
EDR subspace.

o Plot the pairs (B} X;, Y;), i = 1,...,100 where by is the first
EDR direction. Compare to the plot of (55X, Y;),
i=1,...,100 where b, is the second EDR direction.

o Visualize the pairs (B} X;, 8/X;), i = 1,...,100.
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Multidimensional kernel regression with dimension reduction

Eigenvalues screeplot
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Multidimensional kernel regression with dimension reduction

Plots of (BX;, Y;) and (b,X:, Y?)
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Multidimensional kernel regression with dimension reduction

Plot of (B}X;, A'X;)

indexpred1

correlation= -0.993

° °
o ©
o
8" %o
o0
° 9
00 ©
@O §O
° o
6 %o
o

008 o

99 o 0

o

© o

°
€59,
oo, 8%
S o
°© 0o 0
© o
® o
o
T T T T T
2 Bl 0 1 2
index

Stéphane Girard & Jérdme Saracco Kernel methods and d

sion reduction for regress



Multidimensional kernel regression with dimension reduction

Kernel regression on the estimated index

@ Use a one-dimensional kernel estimator (with bandwidth
selected by cross-validation) to estimate the link function
between b} X; and Y;, i =1,...,100.

o Plot the pairs (13’1X,-, Yi), i=1,...,100 and superimpose the
estimated link function.
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Multidimensional kernel regression with dimension reduction

Plot of the pairs (b, X;, Y;) and estimated link function
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