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to classify an individual as belonging to one of the classes. For example:
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Application of Decision Theory: Classificatione<t-» [%:’,;':;’m Data
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Formulation of Classification Problem (2" Ed., TBp.581)
e Data: X (€ S) =the measurements of one paricul r individual | o, ©2

o = {QLQZ’ Gm}: class membership.-p g;: _1% ‘m‘x

easy to classify

- "= usually. Fiaite classes
E ) Ly O = 9 (€ Q), if membership in ith class, i =1,2,...,m
e.9. may use p__mmm_of 6, 62
® T1,T2,..., M, prior probabilitiess" individuals in each classes X
o i = P(@ =6,;),i=1,2,...,m, with > 7" m = 1. difficult to classify

BJ—ag ij= 206i.07): mummatrix

o f(z|6;): assumed known (in practice, the key to the problem) --o

® [;i: i loss in classifying a member of class i to class j _[l. =3 -» correct classification
%3 -» migclassification N

2nd Edition, Ch15, p.30

eorem 10.8 (Bayes rule for Clz ation, 27 Ed., TBp.58 ®:How should we assign prior
—in-classifreation 72—
e Observe X = x, posterior distribution of @ is Ans Ifmlab_e the proportion

Thmio.l| 10 z) = P(© ZH-IXZw)J S:M kf(xmk) ( check LNp.29)

in the population is a good choice

N.12) joint. g, P(X=2,0=8i)— =§—§—— T omarginal.eg., P(X=2)

e posterior risk of assigning an observation x to the jth class is [oss of

e s Gl | % over Gis

R(jlz) = 2,21 lij h(0ilx) = with poskeriors

Qg o 3 Zk 7 f (2]0k) as we !3b5

e Bayes rule d(z): choose the value of j for which PR(j|z) is a minimum.
L_J.L_.aa - — ="

{average loss of QioverX | Ui =

I K
—R(1,d) = Ex[l(f;,dX EZUI_P@' X)—g = > Py, (d(X) =)
Z?(xlat—)b i
= 1- P, (d(X)-—z) ag

Example 10.10 (0-1 loss, 2" Ed., TBp. 581-582) |URULITCIAS

0, i=7j «correct classification r

with® X16; as weiohts td 1, i+ j &misclassification :
e For any classification rule d(X), the risk function is M"‘F"’“.kf Ems“mw""‘ﬂ
Wp.29) | 620 use minimax £o choose a d

e 0-1 loss function: -L%norm(Lp14) {

which is the probability of misclassification in class ¢-.

|
e [_ Poi(dixi=3)=1
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=1

_ = h(6;
L I:j——-] % i) [ZZLN% (= |9k)4_ same)

e DPosterior risk of assigning an observation z to the jth class: %@)
g:#ﬁggr Y g ey oc (210
I :’ﬁxed Zz Wf( ‘0) = Joint
W I

% same derivation as for —
(%) in_LNp.30 = Poix(0© #0jlz) =1— Poix(© = 0] 2)=1-R(6jI)
e PR(j|z) is minimized for that value of j such that &®: marginal -; sum=1(7)
maximize f’M ons Mo
Bayes rule l—Fo|x (© = 6, \az) is maximized, i.e. —
. o _ (reasonable") mode of x [~
for the class that has maximum posterior probablhtyj"l X —Gayes rule

Example 10.11 (waiting times between emissions, 2" Ed., TBp. 582)

e Data: X = (X1, Xo,...,X,) = n waiting times between emissions of alpha

particles from a radioactive substance. ‘eee—t———¥>time
e O % Xa X3 Xu

e On the basis of X, a decision is to be made as to whether to classify the
particles as coming from substance I or substance II.

e Statistical Modeling: N={61,062}:2 classes
sk= = X1,Xo,..., X, areiid. ~ E(6;) if particles came from substance I
isclassi- exponential assumed known
m‘g?h,,ey X1,Xs,..., X, are i.i.d. ~ E(62) if particles came from substance II

— prior: 3 = 79 = 1/2 @ What Whahfwetmat-:t-asatzstmg m?
P _41 €3 Ho: E(8) vs. Ha: E(02)
loss function: 0-1 loss cf. = more protection S
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