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Good Features from a Classification/Clustering 
Standpoint Have a Large Value of This Quantity

Extracted from David A. Johannsen, Edward J. Wegman, Jeffrey L. Solka, and 
Carey E. Priebe, “Simultaneous selection of features and metric for optima 
nearest neighbor classification,” to appear Communications in Statistics, 2004+.
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Extracted from David A. Johannsen, Edward J. Wegman, Jeffrey L. Solka, and 
Carey E. Priebe, “Simultaneous selection of features and metric for optima 
nearest neighbor classification,” to appear Communications in Statistics, 2004+.
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Extracted from David A. Johannsen, 
Edward J. Wegman, Jeffrey L. Solka, and 
Carey E. Priebe, “Simultaneous selection of 
features and metric for optima nearest 
neighbor classification,” to appear 
Communications in Statistics, 2004+.
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o Repeat t times
o Sample n instances from the data set with 

replacement
o Re-order the columns (features) randomly
o Pick a spli t rule (info gain, GINI, Twoing) 

randomly
o Build decision tree
o Count the number of times each feature appears 

as a split ting criteria in the nodes of the tree, 
and store results in a table

o Select the k most relevant features from the table
o Create new data set with only these k features
o Run machine learning algorithm (decision tree, k-

nearest-neighbor) with original and reduced data set
o Calculate 10-fold cross validation error rate
o Compare the two results

ˆ

k a i b ` k,_ d g ‰

Š g g j X Y j ‹ a e ` j ` k c W X e a Y Y ` Y W X Y Z [ \ W \ ^ \ Œ • W ‰ a h _ d ` k j e a c W X Y Z [ \ ],^ \ _ ` a b c d ` ],^ \ Y ` e ` X b f g h ],^ \ i a i ` d j i k _



���������	��
������
��
��
�

Setup problem, define variables and constraints
Initialize population of solution points
(A solution point gives a subset of features. For
example, if there are 5 features in a data set, the string
“ 10101” means that the first, third, and fifth features
are selected.)
Repeat t iterations

Create new solution points 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 features and
the original set

Evaluation Function
Given a solution point as input
Create data set with only the corresponding set of features
Run machine learning algorithm (decision tree, kNN) from 
WEKA
Print output from WEKA to temporary file
Read temporary file, and find the 10-fold cross validation 
prediction rate
Return this prediction rate as output of the Evaluation Function
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Method 1
Let the total number of features be 2000, and we are
choosing a subset of 10.
As an example, the subset (1, 1, 1, 1, 1, 1, 1, 1, 1, 1, followed 

by 1990 0’s) means that the first ten features
are selected.
Max F(x1, x2, …, x2000)
such that 0 <= xi <= 1 (discretex’s) i = 1, 2, …, 2000

x1 + x2 + … + x2000 = 10

Method 2
The subset (123, 124, …, 132) means that features #123 to
132 are selected.
Max F(x1, x2, …, x10)
such that 1 <= xi <= 2000 (discretex’s) i = 1, 2, …, 10
x1 != x2 x1 != x3 … x9 != x10

Z�[ \ ] ^ _ [�` a b c

d

b b e f g e h \ i _ e _ [ j k f i \ g g _ g k f g l m n k n o n p q k c \ r ` a _ [ e i \ j k f g l m n s�o n ` _ \ ^ j a _ s�o n g _ i _ f ^ t b r s�o n ] \ ] _ a e ] [ `
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<

78)*%=:,0>+�?8- )&@85,# +('�/*+(# 5.%

A(B;C3D8E�F8D3G8H I.H D8J9D6K1I.L3B�M�C3B(J&I&B(NOB;A=P(J*A

Q*R3S(T U;V(W�V(S,X&S=Y�S,X6Z3[ \�]

^ _a`;b c1b ced,`3f�g;h8h;iOj3g;k;`ml.c*f;nob p�qrb p

d.`3f s�t*g u8v;w8x3v.y,z>{.|3z>}3~,•*w6{.€ •;•1€ ‚

u;ƒOw3•8„�u

….†O‡OˆŠ‰ ‹Œ†�• Ž •*•

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

‘�’*“ ” • –Œ—™˜ŠšO› œ

Xm = 
mean(X);
Xc = X -
repmat ( Xm, 
n, 1);
[V,
pcscores ,
pcvar ] =
princomp ( Xc)
;
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www.acm.caltech.edu/~emmanuel/stat/ 
Handouts/spike_sorting.pdf

pc scor es
= Xc* V

shape1 = Xm + 1 50*V(:,1)’;
shape2 = Xm - 170*V(:,1)’ +  100*V(:,2) ’;
shape3 = Xm - 170*V(:,1)’ - 100*V(:,2) ’;

�������������������! �"#�� ���$���%'&(���*) + ,

- . / 0 12- 3 425 6 7 8:9<; = > ?2@ A B C B D ; A

Princip al Com ponen t s Ana l ysis
Descrip t ion
E F G H I G J2K�LNM G O P Q O M L RSQ I J2M I P F P T K	L P L R U K O K�I PVT W F�X O Y F PVZ L T L[J<L T G O \N] ^ _

` a b c ` d e�b f aN` a e c g b e	h e	h dVi j k a l b	i mnl g h e e prcomp o

Usage
prcomp(x, retx = TRUE, center = TRUE, scale. = FALSE, tol = NULL ) Arguments
xp q r s2t u v w[s<x y u v z�{ | u�} x y x�~ u x s<t •	€<• v w •[‚ u | ƒ v } t „�y • t�} x y x[~ | u	y • t

‚ u v q w v ‚ x …Sw | s2‚ | q t q y „	x q x … † „ v „ ‡

retxx … | ˆ v w x …Sƒ x … r t�v q } v w x y v q ˆ�€S• t y • t u�y • tNu | y x y t }Nƒ x u v x ‰ … t „�„ • | r … }�‰ t

u t y r u q t }<‡

center x … | ˆ v w x …Sƒ x … r t�v q } v w x y v q ˆ�€<• t y • t u�y • tNƒ x u v x ‰ … t „�„ • | r … }�‰ tN„ • v ~ y t }Ny |

Š ‹NŒ ‹ • Ž�• ‹ • ‘ ‹ • ‹ ’<“•”•– ‘ ‹ • • — ‘ ‹ – ˜�™<—Nš ‹ • ‘ Ž •�Ž ›�– ‹ • œ ‘ •V‹ ž Ÿ — –S‘ • ‹[• Ÿ  ¡Š ‹ •	Ž ›

• Ž – Ÿ  ¡• ¢�Ž ›

x £ ¤ ¥�¦ §N¨ © ª ª « ¬ § ­<®<¯<° §N± ¤ « © §�¬ ¨�ª ¤ ¨ ¨ § ­N² ³ scale ®

scale.¤�« ³ ´ ¬ £ ¤ «S± ¤ « © §�¬ ¥ ­ ¬ £ ¤ ² ¬ ¥ ´�µS° § ² ° § ¶�² ° §N± ¤ ¶ ¬ ¤ ¦ « § ¨�¨ ° ³ © « ­�¦ §N¨ £ ¤ « § ­N² ³

· ¸ ¹ ºN» ¼ ½ ¾�¹ ¸ ¿ ½ ¸ ¼ À º�Á º Â Ã ¿ ºN¾ · ºN¸ ¼ ¸ Ä Å Æ ½ Æ�¾ ¸ Ç º Æ�È Ä ¸ À º<É<Ê<· º�Ë º Â ¸ » Ä ¾ ½ Æ

FALSE Ì Í Î	Ï Í Ð Ñ Ò Ñ Ó Ô Ð Ï Õ[Ö<Ò Ó ×NØ•Ù¡Ú Û ÓVÒ ÐVÜ Ô Ð Ô Î Ý ÞSÑ Ï Ý Þ Ò Ð Ü[Ò Ñ	Ý ß à Ò Ñ Ý Ú Þ Ô<á

â

Þ Ó Ô Î Ð Ý Ó Ô Þ Õ�Ù<ÝNà Ô Ï Ó Í Î�Í Ì�Þ Ô Ð Ü Ó ×VÔ ã Û Ý Þ Ó × Ô�Ð Û ä¡Ú Ô Î�Í ÌnÏ Í Þ Û ä¡Ð Ñ	Í Ì x Ï Ý Ð

Ú ÔNÑ Û å å Þ Ò Ô ß<á<æ<× ÔNà Ý Þ Û Ô�Ò Ñ�å Ý Ñ Ñ Ô ß�Ó Í scale á

tol Ý à Ý Þ Û Ô�Ò Ð ß Ò Ï Ý Ó Ò Ð Ü�Ó × Ô[ä2Ý Ü Ð Ò Ó Û ß Ô�Ú Ô Þ Í ÖçÖS× Ò Ï ×[Ï Í ä2å Í Ð Ô Ð Ó Ñ�Ñ × Í Û Þ ß�Ú Ô

è é¡ê ë ë ì í<î•ï ð�è é2ñ è ò ì ò ë ó	ô õ ì�è é¡ê ë ë ì í�ê öVë ÷ ì ê õ�ó ë ô ò í ô õ í�í ì ø ê ô ë ê è ò ó�ô õ ì�ù ì ó ó

ë ÷ ô òVè õ	ì ú û ô ù ë è tol ë ê é2ì ó	ë ÷ ìNó ë ô ò í ô õ íNí ì ø ê ô ë ê è ònè öVë ÷ ì[ö ê õ ó ë

ü ý þ<ÿ ý � � � � � ����� � 	
� 	 ��� � 
 � � � ��� � � ��� � � � � � � ��� ý�ü ý þ2ÿ ý � � � � ��� � ��ý þ�� � � � ���

��� � � �! � � � " # $  �% & � � & ' ( & ) ' *,+ �

tol = 0
& �

tol = sqrt(.Machine$double.eps) -

.

� " ( �

.

& ) ' *�& /�" ���   � # � " 0 ' ' 1
( & #  � 0 # ��( & /�2 & # � # �  3
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Details���  �! " # ! $ # " % & ' (�& )+* ' (  -, .�"�) & ( / $ # " 0+1 " # $  �*  ! ' 243 ' ) & % & ' (�' 5�% �  6 !  ( %  0  *

" ( *�) ! " #  * 7

* " % "�24" % 0 & 8:9;( ' %�, .�$ ) & ( /

eigen
' (�% �  �! ' 1 " 0 & " ( !  �24" % 0 & 8�<���� & )�& )+/  (  0 " # # .

% �  �3 0  5  0 0  *

24 % � ' *�5 ' 0=( $ 24 0 & ! " # " ! ! $ 0 " ! .><����  

print
24 % � ' *-5 ' 0+% �  �% �  )  �' , ?  ! % )

3 0 & ( % )+% �  �0  ) $ # % )

& (�"-( & !  �5 ' 0 24" %+" ( *�% �  

plot
24 % � ' *�3 0 ' * $ !  )@" ) ! 0   3 # ' % <

A B�C D E-F G H I C�D J K�L�M N E�O J N F J P Q E K+C D J G�I G F C K+C D E G

La.svd
F K+I K E R:S�J G R�C D E

N E K I Q C K=L�J T�R F B B E N

U V�W U X V�Y Z [ \^] _ Z W U [ V W+` Z U [ Z@a [�bdc edc fdc

Value
prcomp

Z _ a g Z V W@h V�i U W a+j�U a k�l i h W W

" prcomp"
l [ V a h U V U V X�a k _-Y [ i i [ j�U V X

m n o�p n q r q s t u

sdevs v r t s w q x w y x�x r z { w s { n q t+n |�s v r�p y { q m { p w }:m n o4p n q r q s t=~ { • r�• €4s v r�t • ‚ w y r

y n n s t+n |�s v r r { ƒ r q z w } ‚ r t „ …�† ‡ ˆ�‰ „ Š ‹ Œ • ‹ Ž ‰ ˆ • ‰ „ Œ Œ ˆ • ‹ † • „ Ž+‘4‹ † Œ • ’:“4† ‡ „ ” • ‡

† ‡ ˆ�‰ ‹ • ‰ ” • ‹ † • „ Ž�• –+‹ ‰ † ” ‹ • • —�˜ „ Ž ˆ�™�• † ‡�† ‡ ˆ�– • Ž • ” • ‹ Œ+Š ‹ • ” ˆ –+„ …=† ‡ ˆ ˜ ‹ † ‹

‘4‹ † Œ • ’ š ›

rotation† ‡ ˆ ‘�‹ † Œ • ’�„ …�Š ‹ Œ • ‹ œ • ˆ-• „ ‹ ˜ • Ž • –=• • › ˆ�› “4‹�‘�‹ † Œ • ’�™�‡ „ – ˆ�‰ „ • ” ‘;Ž –

‰ „ Ž † ‹ • Ž�† ‡ ˆ�ˆ • • ˆ Ž Š ˆ ‰ † „ Œ – š ›�ž:‡ ˆ�… ” Ž ‰ † • „ Ž princomp Œ ˆ † ” Œ Ž –@† ‡ • –�• Ž�† ‡ ˆ

ˆ • ˆ ‘4ˆ Ž † loadings ›

x• … retx • –+† Œ ” ˆ�† ‡ ˆ�Š ‹ • ” ˆ�„ …�† ‡ ˆ�Œ „ † ‹ † ˆ ˜�˜ ‹ † ‹-• † ‡ ˆ�˜ ‹ † ‹-‘�” • † • Ÿ • • ˆ ˜-œ —�† ‡ ˆ

rotation ‘4‹ † Œ • ’ š=• –+Œ ˆ † ” Œ Ž ˆ ˜�›

Note
ž�‡ ˆ�– • • Ž –+„ …�† ‡ ˆ�‰ „ • ” ‘;Ž –@„ …�† ‡ ˆ�Œ „ † ‹ † • „ Ž�‘�‹ † Œ • ’�‹ Œ ˆ�‹ Œ œ • † Œ ‹ Œ — “�‹ Ž ˜�– „�‘�‹ —

˜ • … … ˆ Œ�œ ˆ † ™ ˆ ˆ Ž

˜ • … … ˆ Œ ˆ Ž †+Ÿ Œ „ • Œ ‹ ‘4–=… „ Œ+¡ ¢:£;“�‹ Ž ˜�ˆ Š ˆ Ž�œ ˆ † ™ ˆ ˆ Ž�˜ • … … ˆ Œ ˆ Ž †�œ ” • • ˜ –+„ … R›

¤�¥�¦ §�¨©¦ ª�«­¬¯®±°©²³ª�°©§�´©§¶µ¸·¹¦ §»º ¼ ½�½©½

References¾>¿ À Á ¿ Â Ã�Ä;Å�Æ+Å Ã�ÇdÈ>É Ê+Ë>¿ Â Ì Ã=Í�Å+Î�Å+É Ï Ð Ñ�Ò Ó Ô Õ Ö�×+Ø�Ù;Ø+Ú Û Ü>Ý>Ý:Þ ß àdá

â�ã äæåèç>é ê ë4ì é ëíã î�ï�ð ñ ò ódô:õ ö ÷¶øèù>õ ô ô:ú ò û ü:ô:ý þdî

ÿ�ð õ ñ�� ð �������	� ��
��
����������� ��� ����
������ ��� ����� � �� �!� �" #�$ % & ' ( ) *�' )�& +

,	-�. / 0�1�2 1 3�4 5�6�7 5 6�8�9;: <�7�=�>�? :�@ A =�B B�C

D�=�6�<�E�F =�B G�HJI�KLI�M N�OJP�I�Q	I�R�S T�U V WYX Z�[�[�\�G�[�] ^�_�`�a b cedgf�fgh i a `

jlk m�k n o�k n p oeq�n k rYj s t�u�vxw ylz;{ |�} ~ •�€ | • ‚�ƒ „ … † ‡ ˆ

See Also

princomp ‰ cor ‰ cov ‰ svd ‰ eigen
ˆ

Examples

## the variances of the variables in the
## USArr ests data vary by orders of magnitude, so scaling is appropriate 
data(USArr ests)
prcomp(USArr ests) # inappropriate
prcomp(USArr ests, scale = TRUE)
plot(prcomp(USArr ests)) 

This is the proverbial “ scree plot”

The percentage of variation explained 
by the jth principal component variable
is given by

l i/sum(l i) * 100%



����� ����� ��	�

��������������������� ��� � ���

#genera t e som e mul t ivari ate co r rela t ed no r mal data
�

library ( MASS)
�

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

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

#comput e the princ i pal c omponents
> x.pr <- prc omp(x)

#$exami ne the atti butes of the  prin c ipal components object
> attri butes( x .pr)
$names
[1] " sdev"     "ro t ation " "x"       

$class
[1] " pr comp"

#launch anoth er pl ot win dow
> x11()

�! #" $!%&" ')(�*,+�-�.�')-�$!/,$,0213" $�4 5 6

#plotit using the  f irst t wo pr i ncip al com ponen t s
7

plot(x. pr$x[, 1],x. pr$x[, 2])

> write ( t(x.p r $x), f ile=" prin _comp_x" , ncol =2
7

write(t ( x),fi l e="x " , ncol =2)

#here i s a li t tle more r ealist i c da t aset
x = mvrnorm(n =  100, mu=c (0,0) , 

Sigma=matrix( c (1,0 , 0,1), ncol =2, byro w=T))
y < - x + 6
w = mat r ix( nr ow=200, ncol =2)
z = x – 6
w[1:100 , ] = y
w[101:2 00,] =  z
x11()
plot(w[ , 1],w[ , 2])

w.pr = prcomp ( w)

x11()
plot(w. pr$x[, 1],w. pr$x[, 2])
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o princomp
Princip al Com ponen t s Ana l ysis ( PCA).
o Syntax
PC = pr i ncomp( X)
[PC,SCORE,lat ent, t square ] = pr i ncomp(X)
Descrip t ion
[PC,SCORE,lat ent, t square ] = pr i ncomp(X) t akes a data matri x X
And ret urns t he pr i ncipa l component s in P C, th e so- called Z
scores i n SCORE, t he eig envalu es of the
covaria nce ma t rix of X i n late nt, a nd Hot ellin g's T2
statist i c for  each data  point i n ts quare .

The Z - scores are t he dat a form ed by  trans f ormi ng the  origi nal
data in t o the  spac e of t he pri ncipa l component s . The  values
of the vector , lat ent, a r e the  vari ance o f the colum ns of
SCORE. Hotell i ng's T2 is  a mea sure of the  mult i varia t e
distanc e of e ach o bserva t ion f r om t he
center of the  data set.

&�')(+*,'.-0/,132 46572 8,9;:=<?>,@.8,>746A;4CB

D?A7ECFG: BCE H I

J,K L MNL O�PRQ�S6PUT PGV+L T W?XRK L O�Y�L Z�P�Q

[N\R]_^�\R`�aR`UbNcNdea�f7g6h f�^�i jUkUa�l m6nRo n?p�nrq s�n7tNu�vRn

%slightly bette r example
load w
[w_pc, 
w_score,w_laten t ,w_ tsquare ] 
= princomp (w);
clf
>> classes = ze r os(1,100);
>> classes = ze r os(1,200);
>> classes(101: 200) =  
classes(101:200 ) + 1;
>> plot(w(class es ==  
0,1),w(classes == 0,2),
'ro' )
>> hold
Current plot he l d
>> plot(w(class es ==  
1,1),w(classes == 1,2),  
'go')
>> 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
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>> plot(w_score ( classes 
== 0,1),w_score ( classes 
== 0,2), 'ro' )

>> hold
Current plot he l d

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

>> print - depsc
scores_better. eps

>> print - dbmp
scores_better.b mp

%�&(' &�)+* ,(' ' -/.10 23' 4/-

)+5 0 2/670 87&+*79:,/;18/,+2/-/2(' <

=/> ?/@�A(BDC+> E F

A+> A�G/A3H I/A�J:C/K+A

LNMPO	MRQSM�TVUWMPXSY[Z]\�\_^a`b^dcPT	eRf

LNMRe[\g^/TVh[X

• Breiman, L. (1999). Random forests. Machine Learning, 45:5-
32. Kluwer Academic Publishers, Boston.

• Glover, F., Laguna, M., and Marti, R. Scatter search. Theory and 
Applications of Evolutionary Computation: Recent Trends. A.
Ghosh and S. Tsutsui (Eds.), Springer-Verlag.
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