(c) Discriminant Analysis:

(i) Two populations:
1. Separation:

Suppose we have two populations. Let 
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 vectors. The Fisher’s discriminant method is to project these 
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 and try to separate the two populations as much as possible, where a is some 
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	Fisher’s discriminant method is as follows:

	Find the vector 
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Intuition of Fisher’s discriminant method:
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                    As far as possible by finding 
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Intuitively, 
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Important result:

The vector 
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Justification:
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Similarly, 
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Similarly,
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Thus,
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Thus,
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can be found by solving the equation based on the first derivative of 
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Further simplification gives 
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Multiplied by the inverse of the matrix 
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where c is some constant.

Example:

Using S-plus command discrim

>species<-factor(c(rep(“s”,50),rep(“v”,50)))    # categorical variable

>irsv<-rbind(iris[,,1],iris[,,2])

>irsvdf<-data.frame(species,irsv)

>irsvdf

>irsv.discrim<-discrim(species~.,data=irsvdf)

>irsv.discrim

>ircoef<-coef(irsv.discrim)

>ircoef1<-ircoef$linear.coefficients[,1]       # 
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>ircoef2<- ircoef$linear.coefficients[,2]       # 
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>ira<-ircoef1-ircoef2                      # 
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Using matrix manipulations:

>s1<-var(irsv[1:50,])                      # 
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>s1

>s2<-var(irsv[51:100,])                    # 
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>s2

>spool<-(49*s1+49*s2)/98                 # 
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>irsv[1:2,]

>apply(irsv[1:2,],2,mean)

>apply(irsv[1:2,],1,mean)

>xmean1<-apply(irsv[1:50,],2,mean)         # 
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>xmean2<-apply(irsv[51:100,],2,mean)       # 
[image: image67.wmf]2

X


>solve(spool)%*%xmean1                 # 
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>solve(spool)%*%xmean2                 # 
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> solve(spool)%*%(xmean1-xmean2)        # 
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2. Classification:

Suppose we have an observation 
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. Then, based on the discriminant function 
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Important result:

Allocate 
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 to population 1 if 
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Otherwise, if 
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, then allocate 
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Intuition of this result:
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                         (population 2)         (population 1)

If 
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Example:

Let 
[image: image92.wmf]0
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 be the first observation from population 1.
>y0<-irsv[1,]%*%(solve(spool)%*%(xmean1-xmean2))        # 
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>y0

>sum(ira*irsv[1,])                                       # 
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>((xmean1+xmean2)%*%(solve(spool)%*%(xmean1-xmean2)))/2
# 
[image: image95.wmf](

)

(

)

2

1

1

2

1

2

1

X

X

S

X

X

pooled

t

+

-

-


>(sum((xmean1+xmean2)*ira))/2         # 
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Note: in Splus, a Bayesian method is used to classifiy a observation.

>predict(irsv.discrim)

Note: significant separation does not necessarily imply good classification. On the other hand, if the separation is not significant, the search for a useful classification rule will probably fruitless!!
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