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Sp = (m1 —m2)(m1 —m2)T.

Good Feaures from a Classficaion/Clustering
Standpoint Have aLarge Value of This Quantity

Se/Sw

Extracted from David A. Johannsen, Edward J. Wegman, Jeffrey L. Solka, and
Carey E. Priebe, “Simultaneous seledion of features and metric for optima
neaest neighbor clasdfication,” to appea Comnunications in Statistics, 2004+.

Extracted from David A. Johannsen, Edward J. Wegman, Jeffrey L. Solka, and
Carey E. Priebe, “Simultaneous seledtion of features and metric for optima
neaest neighbor classfication,” to appea Comnunications in Satistics, 2004+.




Extracted from David A. Johannsen,
Edward J. Wegman, Jeffrey L. Solka, and
Carey E. Priebe, “Simultaneous sslection of
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0 Reped ttimes

[0}

(o)
o

Sample n ingtances from the data set with
replacement

Re-order the columns (feetures) randomly

Pick agplit rule (info gain, GINI, Twoing)
randomly

Build decisontree

Court the number of times ead feaure gpeas
asalitting criteriain the nodes of the treg
and goreresultsin atable

0 Select the k mogt relevant feaures from the table
0 Crede new data set with orly these k features

0 Runmadine leaning agorithm (decisiontreg k-
nearest-neighbor) with ariginal and reduced data set

o Calculate 10-fold crossvalidation error rate
o Compare the two results




Setup problem, define variables and constraints
Initialize popuation o solution pants

(A solution pant gives a subset of fegures. For
example, if there ae 5 feaures in adata set, the string
“1010T meansthat thefirst, third, and fifth feaures
are seleded.)

Reped titerations

Creae new solution pants by forming combinations of subsets
of current points

Evaluate these new points using the Evaluation Function
Update the population to improve the quality of the set
Print best solution
Compare prediction rate of best subset of feaures and
the original set

Evaluation Function
Given asolution point as input
Creae data set with orly the rresponding set of feaures

Run machine leaning algorithm (dedsion tree kNN) from
WEKA

Print output from WEKA to temporary file

Real temporary file, and find the 10-fold crossvalidation
prediction rate

Return this prediction rate & output of the Evaluation Function

Method 1

Let the total number of features be 2000,and we ae

choasing asubset of 10.

Asan example, thesubset (1, 1, 1, 1, 1, 1, 11, 1, 1,followed
by 1990 0s) means that the first ten feaures

are seleded.

Max F(x1, x2,..., x2000

such that 0 <= xi <=1 (discretex’s) i = 1, 2, ..., D00

X1+ X2+ ... +x2000=10

Method 2

The subset (123, 124, ..., 13Pmeans that fedures #123to
132are seleded.

Max F(x1, x2,..., x10

such that 1 <= xi <= 2000 (discretex’'s)i =1, 2,..., 10
x1!1=x2 x1!=x3 ... x9!=x10
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www.acm.caltech.edu/~emmanuel/stat/
Handouts/spike_sorting.pdf

Xm =

mean(X);

Xc =X -
repmat ( Xm

n, 1);

v,

pcscores
pevar =
princomp ( Xc)




www.acm.caltech.edu/~emmanuel/stat/
Handouts/spike_sorting.pdf

pcscores shapel = Xm +1 50*V(;,1);
= Xc*V shape2=Xm- 170*V(,1) + 100%V(,2) %
shape3=Xm- 170*V(,1) - 100*V(,2) %

Princip al Com ponent s Ana | ysis
Descrip tion

prcomp
Usage
prcomp(x, retx = TRUE, center = TRUE, scale. = FALSE, tol = NULL ) Arguments
X

tol
tol

tol=0 tol = sgrt(.Machine$double.eps)




Details

eigen
print

plot
Lasvd

Value
prcomp " prcomp”

sdev

rotation
princomp
loadings
X retx
rotation
Note

References

See Also

princomp cor cov svd eigen
Examples

##thevariances of thevariablesin the

#t USAIT ests datavary by orders of magnitude, so scaling is appropriate
data(USAIT ests)

prcomp(USAIT ests) # inappropriate

prcomp(USAIT ests, scale = TRUE)

plot(prcomp(USATT ests))

This isthe proverbia “ screeplot”

/ The percentage of variation explained
by the jth principal component variable
isgiven by

I //sum(l ;) * 100%




#genera t e some mult ivari

ateco rrela tedno rmal data

library  ( MASS)
x= mvrnorm(n = 100, mu=c(0,1) ,
Sigma=matrix( c(1,. 9,91 ), ncol =2, byr ow=T))

#plot it

>plot( x[1], x[2)

#comput e the princ i palc omponents

>xpr  <- prc ompx)

#$exami nethe atti butes ofthe prin cipal components object

>attri butes( x.pr)

$names

" sdev" "ro tation " "X"

$class

1" prcomp

#launch anoth  erpl otwin dow

>x11()

#plotit using the first twopr incip alcom ponents
plot(x.  préx[, 1]x. pr$x[, 2])

>write  (tx.p r$x), file=" prin _comp_x", ncol =2
writet  (x)fi | e="x", ncol =2)

#herei s ali tte norer ealist icda taset

x= mvrnorm(n = 100, mu=c(0,0) ,
Sigma=matrix( ¢(1,0 , 0,1), ncol =2, byro w=T))

y<- x + 6

w=mat rix( nrow=200, ncol =2)

z=x -6

w[1:100 , ]

w[101:2 00, z

x11()

plotw{ , 1w , 2])

w.pr= prcomp (w)

x11()

plot(w. préx[, 1lw. pr$x[, 2]




princomp
Princip al Com ponent s Ana | ysis ( PCA).

Syntax
PC= pri ncomp( X)
PC,SCORE,lat ent, tsquare ] = princomp(X)
Pescrip t ion
PC,SCORE,lat ent, tsquare ] = princomp(X)t akes a datamatri x X
Andret urnst hepr incipa | components inP C,th e so-calledZ
cores i nSCORE,t he eig envalu es of the
ovaria ncematrix ofXi n late nta nd Hotelin g's T2
tatist i cfor eachdata point in tsquare.

TheZ -scores aret hedat a form edby trans formi ngthe origi nal
latain tothe space oft hepri ncipa | component s.The values
fthe vector , lat ent,a rethe vari anceo f thecolum nsof
BCORE. Hotell ing's T2is ameasure ofthe multivaria te

istanc e ofe acho bserva tionf romt he

enter ofthe  data set.

%slightly bette r example
load w

[w_pc,

w_score,w_laten t,w_tsquare
= princomp (w);

clf

>> classes = ze ros(1,100);
>> classes = ze ros(1,200);
>> classes(101: 200) =
classes(101:200 ) +1;

>> plot(w(class es =
0,1),w(classes
o' )

>> hold
Current plot he Id

>> plot(w(class es ==
1,1),w(classes =12),

90’

>> plot([0, w_p c(1,1)), [0,
w_pc(2,1)],'b")

>> plot([0, w_p c(1,2), [0,
w_pc(2,2)],'b")

>> print - depsc

matlab _princomp _better. eps
>> print - dbmp

matlab _princomp _better.bmp




>> plot(w_score (classes
==0,1),w_score  (classes

==0,2), o' )
>> hold
Current plot he Id

>> plot(w_score (classes
==1,1),w_score  (classes
==1,2),'go)

>> print - depsc
scores_better. eps

>> print - dbmp
scores_better.b np
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