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SUMIVIARY

l l h i  s  t h ê s  i  s  i  s  c o n c e r n e d  w i  t h  t h e  a p p l -  i  c a t i  o n  o f

m a t h e m a t i c a l  s E a t i s t i c a l  r - o o l s  f o r  p a t t e r n  r e c o g n i t i o n ,

e s p e c i a l l y  m u l t i v a r i a t e  c l - a s s i f i c a t i o n  m e t h o d . s  ( M C M s ) ,  t o

n l : c c i  f i n a 1 - i n n  n r n l r l o m q  i n  ^ n ^ l w t i n a l  c h e m i s t r wy r v s f s r l €

C h a p t e r  1 .  I  í s  a  g e n e r a l  i n t r o d u c t i o n  a n d  s e r v e s  t w o

p u r p o s  e s F i r s t .  i t  d . e s c r i b e s  ( i n  s e c t i o n  1 .  1 .  1  )  t n e

b a c k g r o u n d  o f  t h e  r e s e a r c h  i n  t h i s  t h e s i s .  T \ , r ' o  p r a c t i c a l

p r o b l  e m s  ,  o n ê  f  r o m  f o o d  c h e m i  s  t r y  a n d  t h e  o t h e r  f r o m

c l i n i c a l  c h e m j - s t r y ,  a r e  s h o w n  t o  h a v e  a  s i m i l - a r  s t r u c t u r e ,

t . n  l r e  t a c k l  e d  h w  t e c h - i  o r r e s  f o r  m u f t i v a r i a t e  c l a s s i f i c a t i o n .

A  s e c o n d  p u r p o s e  o f  t h i s  c h a p t e r  i s  t o  g i v e  t h e  o t h e r

e h a n t e r s  ^  n r o n p r  e n n t e x t  h r w  r e v i  e w i  n o  s n m e  r e l  a t e d  w o r k  i nu  y r v I J v !

t h e  f i t e r a t u r e  i n  c o n n e c t i o n  w i t h  o u r  o w n  r e s u f t s .  I n

s e c t i o n  L -  L . 2  m e t h o d s  f o r  m u l - t i v a r i a t e  c l a s s i f i c a t i o n  a r e

c o n s i d e r e d ,  i n c l u d i n g  d  p r o p o s a - L  f o r  a  n e w  M C M  ( E L E Q D À ) ,

r e l a t e d  t o  m e t h o d . s  a p p l i e d  a m p l y  i n  I a t e r  c h a p t e r s .  I n

s e c t i o n  1 . 1 . 3  m e t h o d s  a n d .  c r i t e r i a  f o r  t h e  e v a f u a t i o n  o f  t h e

s u c c e s s  o f  c l a s s i f i c a t i o n  p r o c e d u r e s  a r e  r e v i e w e d .

C h a p t e r  1 . 2  d e s c r i b e s  a  p r e l i m i n a r y  s t u d y  o f  t h e

a n n l  i  c a b i  I  j  f v  o f  n = f + ó r n  r o n n a 6 j  f j  6 n  t e e h n i  o r r e s  t O  t h eg P y 4 + v g ! + + 4 9 ] * v v v Y . . + 9 + v 4 l

n r n h l  e m  n f  d r  - ^ * r  * r  - - r '  n -  L ^ t w e e n  w i n e s  o f  d i f f e r e n tP ! v ! f  e l r  a u f  r r Y

n o n o r a n h i  c  n r i  o i - n A  d a t a  s e t  c o n s i s t i n q  o f  d i v e r s e

c h e m l c a l  m e a s u r e m e n t s  o n  s a m p . I e s  o f  r e d  w i n e s  f r o m  t h e  w e l ] -

known  Bo rd .eaux  and  Bou rgogne  reg i i ons  i s  desc r i bed  and  used .
I  ' ' - - ^  |  n : t J - ê r r r  r a n a n n i  l - i  n n  t - a n h n i  n r r o c  : r r : i  l  a l - r ' l  oL v  e v  P q L L s l r r  ! € u u Y r r f

i  n  t h e  q o f t w a r c  n à ^ L - = ^ ó r  À p r H r r D  A L L o c  a n d  s P S S ,  I t  j - s

c o n c l - u d . e d  t h a t  a  c h e m i c a l  d i f f e r e n t i a t i o n  b e t w e e n  t h e  t w o

w j - n e  t y p e s  i s  f e a s i b l - e .  I t  w a s  u s e f u l -  t o  l - i n i t  t h e

d i m e n s r o n a l i t y  o f  t ' h e  m e a s u r e m e n t s  b y  v a r i a b l - e  s e l - e c t i o n

n r n n o d r r  r o c

I n  t h e  r e m a i n i n g  t h r e e  c h a p t e r s  o f  P a r t  1  t h e  a t t e n t j - o n

i s  f o c u s s e d .  o n  a p p l i c a t i o n s  i n  t h e  f i e L d  o f  e f i n i c a l

c h e m i s t r y .  l n  C h a p t e r  J .  J  t h e  u s u a l -  p r a c t i c e  o f  d i a g n o s i n g

p a t i e n t s  o n  t h e  b a s r s  o f  s e p a r a t e  u n i v a r i a t e  r e f e r e n c e

i n t e r v a ] s  f o r  a  r n u l - t i t u d . e  o f  b l - o o d  c o n s t i t u e n t s  i s

r e s p e c t e d ,  a n d  a  r e c e n t  m e t h o d  f o r  o b t a i n i n g  s u c h  ' n o r m a l '

i n t e r v a l s  f r o m  a  p o p u l a t i o n  o f  h o s p i t a l i z e d  ( a n d  t h e r e f o r e

o f t e n  ' n o n - n o r m a f ' )  p e r s o n s  i s  c r i t i c a ] 1 y  d i s c u s s e d .

R e f e r e n c e  l i m i t s  a r e  d e t e r m i n e d  u s i n g  t h e  d a t a b a s e  o f  t h e
í l r n n i  n d o n  I l n r  r r o r c  i  1 -  r r  Ë I n c n i  f  a l
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' Sunnary

fn  Chapter  1 .4  the  in rpor tance o f  a  mu l t , i var ia te  approach
t o  m e d i c a l  c l i a g n o s i s  i s  s t r e s s e d .  f t  i s  s h o w n  t h a t
nu l t i var ia te  tecbn iques  fo r  d isp lay ing  the  da ta  rnay  d iscLose
data  charac ter is t i cs  tha t  remain  unnot iced  in  a  un i .var ia te
a n a l  y s  1  s .

T h e  s u b j e c t  o f  C h a p t e r  1 . 5  i s  s o m e w h a t  o u t s i d e  t h e  m a j - n
l i n e  o f  t h i s  t h e s i s .  T h e  s e t s  o f  t ê s t s  r e q u e s t e d  f r o m  t h e
c l in ica l  chemica l  labara tory  by  the  phys ic ians  are  ana lyzed
for  d .epar tment -spec i f i c  pa t te rns .  I t  i s  sho ! . rn  tha t  miss lng
va lues  in  a  da ta  mat r ix  w j - th  on ly  the  resu l ts  o f  reques ted
tes ts  a re  no t  occur r ing  in  a  random fash ion .

In  Chapters  2 .  1  and 2 .2  t \ ^ ro  moi l i f i ca t ions  o f  the  in
chemomet r ics  we l l -known c lass i f i ca t ion  method SIMCÀ are
proposed.  I t  i s  shown how pos ter io r  p robab i l i t ies  o f  c lass
membersh ip  can be  a t tache i l  to  the  s lass i f i ca t ion  resu l - ts  o f
S IMCA.  The o ther  p roposec l  nod. i f i ca t ion  is  more  fundamenta l .

S IMCÀ f i t s  p r i -nc ipa l -component  mo i le ls  to  the  i la ta  o f  each
t r a i n i n g  c l a s s ,  a n d  a  d . i f f e r e n t  t y p e  o f  m o d e l l i n g  i s  a p p l i e d
in  the  subspace spanned by  the  most  inpor tan t  e i -genvec tors
( t e r n e d  b y  u s  t h e  i n s i d e - m o d e 1  Ê p a c e )  a n d  t h e  s u b s p a c e  o f
the  remain ing  e igenvec tors  ( the  ou ts ide-moi le l  space ) .  À  ne \ ,v
n u l t i v a r i a t e  c l - a s s i f i c a t i o n  n e t h o c l  i s  p r o p o s e d ,  t h a t  t r e a t s

the  ou ts ide-mode l  spacê as  in  S IMCA,  bu t  tha t  uses  kerne l

dens i t ies  (we l1-known f rom the  ÀLLOC nethod. )  fo r  node l l ing

in  the  ins ide-no i le l  space.  The resu l t ing  metho i l  i s  te rmed

CLÀSSY and has  been imp lemented in  the  CLÀS program (see

C h a p t e r  3 . 1 ) .  ï n  C h a p t e x  2 . 2  i t  i s  c o m p a r e d  t o  o t h e r  m e t h o d s

u s i n g  s o m e  p r a c t i c a l  d a t a  s e t s .

Chapter  2 .3  i -n t roduces  s tepwise  de le t ion ,  a  nes t  p roposa l

f o r  t h e  p r e p r o c e s s i n g  o f  d a t a  m a t r i c e s  c o n t a i n i n g  r a n d o m l y

occur r ing  n iss ing  vaLues.  The method a i rns  a t  max i rn iz i -ng  the

t o t a l  n u m b e r  o f  d . a t a  v a l u e s  i n  t h e  f i n a l ,  m i s s i n g - v a l u e - f r e e

data  na t r i x  by  i - te ra t i ve ly  de le t ing  e i ther  rows or  coLumns

in  the  or ig ina l  mat r i x .  I t  i s  shown to  re ta in  o f ten  rnore  o f

the  or i -g ina l  i la ta  than the  de fe t ion  o f  on fy  rows (cases)  o r

o n l y  c o l u m n s  ( v a r i a b l e s ) .

Chapter  3 .  1  descr ibes  the  CLÀS computer  p rogram fo r

c l a s s i f i c a t i o n  a n d  e v a l u a t i o n .  I n  t h i s  p r o g r a m  s e v e r a l

n u l t i v a r i a t e  c l a s s i f i c a t i o n  r n e t h o d s  a n d  p r e p r o c e s s i n g

metho i l s  a re  imp lemented,  inc lud ing  t ,he  proposa ls  f rom Par t  2

o f  t h i s  t h e s i s .  T h e  c e n t r a l  a i m  o f  t h e  p r o g r a m  i s

c o m p a r a t i v e  e v a l u a t i o n  o f  t h e  c f a s s i f i c a t i o n  n e t h o d . s  u s i n g

p r a c t i  c a I
va I  i  da t i  on
i mpI emente
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the  eva fua
probabi- I  i  s
program is

IrL Chatr.

the CLÀS
good a l te r
n n l -  n n  l  r r

probab i  1  i  s

i  n f  l -  uence
and the
c l a s s i f i c a
f ree  mul t i

t h e  a s s i g
probab i  I  i  s

Chaptet

b y  c o n s i d
S I M C A ,  C
uncor re l  a t
covar i  anc€
s  i  mu l  a t i  o r
per fo rmi  nc
i  nves  t i  ga t

d a t a  n o  c c

the  da ta  s
À  s i m u L a t
componenE
SIMCÀ and

s i m p l e  a v e
I n Ché.

mul- t i  vari- e
I  abora tor l
s u p p o r t  s l
P r a c t i  c a I
c n l  r r o À  I

common oc(
p i l o t  s t r
per fo rmed

^ L  ^  - 4 ^ ,
v t t a P c c J

p r a c t l  c a l
f h ê  n a r f r



approach

rn  tha t
d . i s c L o s e

r ivar i  a te

the mai- n
lrom the
anal yz ed.

:  m i s s i n g
:eques ted.

> f  t h e  i n
.MCÀ are
o f  c l a s s

ru l -  t s  o f
lamenta l - .
r  o f  e a c h
r  a p p l i e d
r n v e c t o r s
r s p a c e  o f
. À nevl
t  l . r ê à f c

rs  kerne l
rodel 1i- ng
s  te rmed.
: a m  ( s e e
' m e t h o d s

propos aJ-
rand.omly
z i n g  t h e
. L u e -  f  r e e
' col-umns
r  mOrê Of
a s e s  )  o r

' ram f  o r
s  e v e r a l

o c e s s i n g
m  P a r t  2
g r a m  i s
s  usr -n9

SummarY

p r a c t i c a l  d a t a .  T o  t h i s  e n d  t h e  l e a v e - o n e - o u t  ( c r o s s -

va l - ida t ion)  methoc l  o f  eva lua t ion  is  made ava i lab le  fo r  a I I

i m p l e m e n t e d  m e t h o d s ,  í f  p o s s i b l e  b y  u s i n g  c o m p u t a t i o n a f

s h o r t c u t s .  T h e  p r o g r a m  i s  a l s o  a b l e  t o  c o m p u t e  c r i t e r i a  f o r

t h e  e v a f u a t i o n  o f  t h e  p o s t e r i o r  p r o b a b i f i t i e s  g i v e n  b y

p r o b a b i l i s t i c  c l a s s i f i c a t i o n  m e t h o d s .  A  P C  v e r s i o n  o f  t h e

p r o g r a m  i s  d e s c r j - b e d ,  t o o .
L n  C h a p t e r  3 . 2  i t  i s  s h o w n  b y  s i r n u l a t i o n  s t u i l i e s  u s i n g

the  CLÀS progran,  tha t  leave-one-out  eva lua t ion  is  o f ten  a

gooa l  a f te rna t ive  fo r  eva lua t ion  us ing  independent  tes t  da ta ,

n o t  o n l y  f o r  e r r o r - r a t e  e s t i m a t i o n ,  b u t  a l s o  i f
p r o b a b i l i s t i c  e v a l u a t i o n  c r i t e r i a  a r e  c o n s i d e r e d .  T h e

i n f l u e n c e  o f  t h e  n u m b e r  o f  o b j e c t s ,  t h e  n u n b e r  o f  v a r i a b l e s ,

a n d  t h e  i n t e r - c l a s s  d i s t a n c e  o n  t h e  r e s u l t s  o f  A L L O C

c l a s s i f i c a t i o n  a r e  i n v e s t i g a t e d  i n  t h e  c a s e  o f  c o r r e l a t l o n -

f ree  mul t i -var ia te  normal  d is t r ibu t ions .  Overconf idence in

t h e  a s s j - g n e d  p r o b a b Í l i t i e s  i s  s h o w n  t o  b e  a  p r o b l e m  i n
p r o b a b i l i s t i c  c l a s s i  f i c a t i o n .

Chapter  3 .  3  ex tends  the  resu l ts  o f  the  prev ious  chapter
by  cons ider ing  nore  c lass i f i ca t ion  metho i l s  (LDA,  ALLOC,
SIMCA,  CLÀSSY)  and more  i la ta  types  (s imu la t ions  w i th
uncor re la ted  var iab les ,  cor re la ted  var iab les ,  unequa l
c o v a r j - a n c e  m a t r i c e s ,  f u r t h e r  a l s o  p r a c t i c a l  d a t a ) .  I n  t h e
s i -mu la t ions  CLASSY is  shown to  be  a  robus t  method. ,  a lways
per fo rming  about  equa l ly  we l l  as  the  bes t  o f  the  o ther  th ree
i n v e s t i g a t e d  m e t h o d s .  F r o m  t h e  e v a l u a t i o n s  w i t h  p r a c t i c a l

d a t a  n o  c o n s l s t e n t  p a t t e r n  e m e r g e d . ,  s u g g e s t i n g  t h a t  m u c h  o f
the  da ta  s t ruc tu re  remains  h id .den fo r  the  human eva lua tor .
À  s imu la t ion  method fo r  choos ing  the  number  o f  p r inc ipa l -
component  axes  to  be  inc lu i led  in  the  ins ide-mode l  space o f
S ï M C À  a n d  C L A S S Y  c l a s s  m o d e l s  i s  s h o w n  t o  b e  s u p e r i o r  t o  t h e
s i m p l e  a v e r a g e - e i g e n v a l u e  c r i t e r i o n .

I n  C h a p t e r  3 . 4  t h e  a t t e n t i o n  i s  o n  a p p l i c a t i o n s  o f
m u l t i v a r i a t e  c l a s s i f i c a t i o n  i n  t h e  c l i n i c a l  c h e n i c a L
l a b o r a È o r y .  T h e  p o s s i b i l i t y  o f  c o n s t r u c t i n g  a  d . i a g n o s t i c
suppor t  sys ten  us ing  a l read.y  ava i lab le  da ta  i s  exp lo red . ,
P r a c t i c a l  p r o b l e m s  i n  t h e  p r o c e s s  a r e  i - d e n t i f i e d  ( a n d  p a r t l y
so f  vec l ) ,  as  ! ' /e I l -  as  more  fund.anenta l  po in ts ,  such as  the
c o m m o n  o c c u r r e n c e  o f  m u l t i p l e  d i a g n o s e s  f o r  o n e  p a t i e n t .  À
p i lo t  s tuc ly  on  hear t ,  I i ve r ,  and.  k id .ney  pa t ien ts  i s
per fo r rned.  us ing  the  CLÀS progran.

C h a p t e r  3 . 5  c o n s i d . e r s  t h e  q u e s t i o n  h o w  m u c h  o f  a
p r a c t i c a l  d a t a  s e t  c a n  b e  d e l e t e d  w i t h o u t  d e t e r i o r a t i o n  o f
t h e  p e r f o r m a n c e  o f  t h e  c l a s s i f j - c a t l o n  s y s t e n .  À  l a r g e

- 3 4 7 -



Summary

c l i n i c a l  c h e m i c a l  i l a t a  6 e t  i s  u s e  f o r  t h e  d i s c r i m i n a t i o n
between hear t ,  l i ve r ,  and k ic lney  pa t ien ts .  I t  tu rns  ou t
tha t ,  in  th is  case var iab l "e  se lec t ion  is  very  f ru i t fu l  even
t h o u g h  t h e  c l a s s i f i c a t i o n  t e c h n i q u e  u s e d  ( C L À S S Y )  a p p l i e s
pr inc ipa l -component  mo i le ls ,  The number  o f  t ra in ing  pa t ien ts

cou ld  be  reduced.  w i thout  much loss  in  c lass i f i ca to ry
per fo rmance.  Overconf idence in  the  ass j -gned pos ter io r
probab i l i t ies  was a lways  a  p rob lem,  however ,

The Las t  two chapters  o f  th is  thes is ,  Chapters  3 .6  and
3.7 ,  a re  p rS.mar i l y  concerned w i th  an  eva lua t ion  o f  the
POSCON nethod,  wh ich  is  another  recent ly  deve loped procedure

f o r  r n u L t i v a r i a t e  p r o b a b i l i s t i c  c l a s s i f i c a t i o n .  I n  C h a p t e r

3 . 6  t h i s  m e t h o i l  i s  a p p l i e d  t o  w i n e  d a t a ,  w h e r e a s  i n  C h a p t e r

3 . 7  i t s  p e r f o r m a n c e  i s  e v a l u a t e d  i n  a  c l i n i c a l  s h e m i c a l
contex t .  ïn  bo th  s tud . ies  POSCON is  compared to  ALLOC,  SIMCÀ

and CLASSY.  I t  i s  shown tha t  the  conf ic lence in te rva ls  fo r

the  pos ter io r  p robab i l i t ies ,  wh ich  are  an  un ique fea ture  o f

the  POSCON program,  a rê  o f  l i t t le  va lue  in  p rac t ica l

s i tua t ions  where  the  number  o f  ob jec ts  i s  no t  la rge  compared

to  the  number  o f  measured var lab les .  No la rge  d . j . f fe rences  in

c lass i f i ca to ry  ab i l i t y  $ /e re  fount l  be t$ teen var ious  POSCON

models  and the  o ther  i .nves t iga tec t  techn iques .  However ,  j -n

one casê a  POSCON rnode l  very  much re la tec l  to  c lass ica l  LDÀ

pro i luced re l iab le  ( ins tead o f  overconf i i len t )  pos ter io r

p r o b a b i l i t i e s .
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