COST-SENSITIVE LEARNING: IN A NUTSHELL

Au %Qmm gm ms%elbﬁgngg.ra]nmgnors hawe equal costs

@ We now assume given, unequal cost
@ Andtry fo minimize tham in expectation

Inmbalanced Learning:
edicing — dia 1 health .h
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@ Credt granting — Lending 1o a risky clienl vs. notlending to a trustworthy chent.

@ |nthese examples, the costs of a false
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@ Opunknown .y need 1o, ba specilied by
axperts, or be learnt
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COSTMATRIXVE LEARNING: IN A NUTSHELL
@ Input: cost matrix C
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Classification/ 0 1 cvY) X cn 2) c(1.g)
° 2 c(2,1) c(2,2) o c(2. g)
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@ (Ex od | oclly i ¢ tha I A )
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® C(j. k) is the cost of classifying class k as j
the costs of afalse

@ 0-1-loss Woulj Slmply be C(j k) = L!Mk} is much higher than the
@ C designed by experts with domain knowfedge """

" @ Too.low.costsinot enough change in model, still costly errors
© Too high costs: might never predmt costly classes
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COST MATRIX FOR IMBALANCED LEARNING

¢ Commorsheuristicdor imbalanced data sets:

o C(j. k) = 7 with ng < ny,

o C(j, k) =|1 with ny < ny,
misclassifying a majority class k as a minority class j
» 0 for a correct classification

@ C{J, k) is the cost of classifying class k as j
: would )l ;
; Imbalanced b« nary classm’canon
: SPHOERy Sxperis N e
@ Too low costs: not enoug _1 H})__* stly erro
© Too higl de 7 rﬁrow 1
class y=-1| 7~ 0

@ So: much higher costs for FNs
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MINIMUM EXPECTED/'COST PRINCIPLE: NING

@ Suppose welhave: (or imbalanced data

e acostmatrix @h n

o knowledgeiof thetrue posteriorp{s | x)ajority class |
Prédiet class j wuth‘émallest expected costs when margmalnzmg
wertrﬁeélasée% ajority class k as a minority class

e 0O for a corr slassificatior

a
Ex~p(. | 0(Cl.K)) =Y p(k | X)C(j, k)
K=1

nbalanced binary cla
If we trust we trust a probabllisTc cIaTssmer we can convert its

[

scores to labels:

———— B -

(;) = (u;,m&, Z (%) ClJ. k).
J=1,...] P

>h higher costs for FNs

Can be better to take aless probable class (CEEEEEETD)
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OPTIMAL THRESHOLD FOR BINARY CASE

@ Optimal-decisions do not change if O O X
e Cisimultiplied’by positive constant
o Oisradded with constant shiftr o x X O

® Scalé and shift/C to:get simplenQ’: sts when marginalizit

ver tri lasses True class x x
y=1 y=-1

o () P

C’(—ﬁ) 0

Pred. y =1
class y =-1

h
14 ereC, Lo ahe C(M.,\ 1,\ r, W : nvert its
oon ( ) C(i.—1)—C(=1.-1)
T e(1.4)-C(=1.-1)
° 0(1‘1) = C.—1)—-C(—1.—1)

@ We predict x as class 1if in Y e (%)

| wap( \x)(c(1 K)) wap( \x)(C'(—VK))
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o
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OPTIMAL THRESHOLD FOR BINARY CASE /2

@ Letsunrall the expected valug and use C": O 0O X
(-1 Cx)THn i adggy BH1aop(Et | X)C/(—1, —1) + p(1 | )C'(~1,1)
{1 C (BN 1o XY ) p(1 ] X)C'(—1,1) X LO
i

ﬁp(”x)zc( 1.1) - C(1.1) + 1 x x
B c(1. —1) — (1, -1) e
LR e T T € R ey e Ml

@ Ifeven C(1.1) = C(—-1.—1) = 0, we-get:

c(1. 1) o
PO Xz ey se-n = ¢

@ Optimalthreshold c* for probabilistic classifier

hx) =2 Ljzpyzer) — 1
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OPTIMAL THRESHOLD FOR BINARY CASE

@ Let's unroll the expected value and use C':

(=1 x)C'(1. 1) +p(1 | x)C'(1.1) <p(—1|x)C' (1. 1) + p(1| x)C' (1.

>0 —p(1|x)]- 1+ p(1|x)C(1.1) <p(1]| x)C'(—1.1)

1
o(1|x) - -
C'(—-1.1)-C'(1.1)+1
o1 | x) c(1.-1) - C(—-1,-1) B
)
' c(—-1.1)-cC(1.1)+C(1.-1) — C(—1. 1)

@ lfeven C(1.1) = C(—1.—1) =0, we get:

p(1]x) = = — - =C'
@ Optimalthreshold c* for probabilistic classifier

.’:(x). 2 ] (x)>c*] 1
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