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One Dimensional Kernel Smoothers

Nearest-Neighbor Kernel Epanechnikov Kernel
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Available Kernels ...
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Local Linear Kernel Regression

N-W Kernel at Boundary Local Linear Regression at Boundary
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Local Linear Equivalent Kernel Regression

Local Linear Equivalent Kernel at Boundary Local Linear Equivalent Kernel in Interior
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Local Polynomial Regression

Local Linear in Interior Local Quadratic in Interior
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Local Logistic Regression
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Kernel Density Estimation

o
~
S -
-
Ty}

o =

@ O

E o

=

i
o

e =

lmq

c o

)

0O
Ty}
o
S -
S
S |
o I||||||||.|_'.IlL|.II.|..|.|I.|.l'.l|JlI.IJ_lLlLLLI.'IILI.ILLII_LILI|Ipl| ||| |||||I

100 120 140 160 180 200 220

Systolic Blood Pressure (for CHD group)

\V/EERE=Tol \V/EENa d=TU ool M g XA e (et (= [SY Mo To] [Tl W dll POLITECNICO DI MILANO | ¥ Dipartimente di Elettronico e Informazione



Kernel Density Classification

[ T T NN N TR Wi 110 T 1 D N
| —— CHD
o 9 ———  no CHD o g i
£ 2 :
o
£ 7 S
® - L
L —
> o S
2 5 g ©
- CJ W
a o |
3 L e ey L L g = . . . . . .
100 140 180 220 100 140 180 220
Systolic Blood Pressure Systolic Blood Pressure

\V/EERE=Tol \V/EENa d=TU ool M g XA e (et (= [SY Mo To] [Tl W dll POLITECNICO DI MILANO | ¥ Dipartimente di Elettronico e Informazione



Posterior Modeling
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Mixture Models for Density Estimation
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Gaussian Mixture Model

039 012 094 167 1.76 244 372 428 492 5.53
0.06 048 101 168 1.80 325 412 460 528 6.22
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Expectation Maximizationfor Gaussian Mixture Model

Algorithm 8.1 EM Algorithm for Two-component Gaussian Mixture.

1. Take initial guesses for the parameters fi1, 67, fio, 03, 7 (see text).

2. Ezxpectation Step: compute the responsibilities

ﬁﬁﬁgz(yé)
(L= 7)o, (i) + 7oy (vi)

L i=1,2,...,N. (8.42)

Yi =

3. Mazimization Step: compute the weighted means and variances:
Sini (1= %)y 52 _ Sica (1= 4) (g — jun)?
Tinl-%) " TL-4)
Yy il Y %y — o)

~2
N N . Ui} — =
Ef:l gL

N -
Ei:l Vi
and the mixing probability 7 = E:Ll 4 /N.

fi1 =

flg =

4. Iterate steps 2 and 3 until convergence.
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Likelihood Maximization

039 012 094 167 176 244 372 428 492 5.53
0.06 048 101 168 1.80 325 4.12 460 528 6.22
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General Expectation Maximization Algorithm

Algorithm 8.2 The EM Algorithm.

1. Start with mitial guesses for the parameters §O),

2. Expectation Step: at the jth step. compute
Q(8'.89)) = E(fy(¢;T)|Z.6Y) (8.43)
a8 a function of the dummy argument #'.

3. Mazimization Step: determine the new estimate 9t a5 the maxi-
mizer of Q(6',6)) over ¢'.

4. Iterate steps 2 and 3 until convergence.
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Maximization - Maximization
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