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Introduction

m fepoR 3 E 42(NIs)
have become a major concern not only in health care
Institutions but also among the general public.

Since 1994 the Geneva University Hospital has been
undertaking yearly prevalence studies in order to monitor and
detect Nls.
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m Support Vector Machine (SVM)
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Data colle tlon and p eparatlon

B AP AR g
I U480 BFEA iR AE 3 - BEE ONIS

I &7 R RS
medical records ~ kardex (;£32 1 it H )
Xray and microbiology reports

Interviews with nurses and physicians in charge of
the patient
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Data colle tlon and Q eparatlon
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Data colle tlon and p eparatlon
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The |mbalanced data problem
m oK FER
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m For convenience we identify positive cases with the minority and
negative cases the majority class

m  Asymmetrical soft margin support vector machines
biasing the inductive process to boost sensitivity
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Supportvectorﬁmachme
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f(x)= .sz'gn’ D 1oy (x,x)+b l
\ k=1 /
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Minimize —”w” subjectto v, (W'x, +b)=1 Vi

#| M Lagrange 7k #t 7 /% ((Lagrange Multiplier Method)) =] 45 (3.6) 4% 42
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Maximize W(e Za —/2 Zc:r::r vy XD X,

i=1 i=1, j=1

subjectto a, = 0. Zn yx =0
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Minimize —HwH +CZ/E’ subjectto y.(wix, +5)>1-£. &£>0 (3.11)
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Maximize 7 (a ﬁ’: / Za{a BAY
i= i=l,j=1
subjectto C > a, >0, Za} x. =0 (3.12)
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k(x,y) = (¢(x),4(y)) (3.13)
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Asymmetrlcal soft margln

m In order to adapt the SVM algorithm to these cases the
basic idea Is to introduce different error weights c+ and c-

for the positive and the negative class, which results in a
bias for larger multipliers a of the critical class.
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Performance metrlc
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Results (sym margm)

SN Performancs

>’ Ml Table 1: Perfofmance for different SVM d onfigu- |
p rations (origingl class distribution: 0.11 pps, 0.89 |

--------

neg)

SVM C(lassifier
RBF Gaussian

Hyperpar.
(0 =0.1)

Sensit

tivity

Specifl-
city

o1
0 J Sym. margin

C =4

0.026

1

o = i
Sym. margin C =20
Sym. margin C =45

0.44  0.964 N
0.506 0.944

SVM classifier against difterent C

values



performance

Results (asym margln)

Controling the sensivity of S%Wh

. ==

neg)

Table 1: Pertormance fof different SVM configu-
rations (original class diptribution: 0.11 pos, 0.89

SVM Classifier Hyperpa
RBF Gaussian

Accu- Sensi- Specifi-
(c = 0.1) racy tivity city

]
.

Aaccuracy

 sensitivity

specificity

asym. margin JCt =3 0876 .586 0.912
asym. margin | CT =5] 0.828 [0.76  0.837
asym. margin | C't =11 0.816 [0.88  0.809
§_asym. margin WYC =29 0.744 .92 r0.722

mance of the asymmetrical-margin

SVM classifier against different C'
values



Resu {s (compare)

m Cohenetal., 2003

Table 2: Over/undersampling via synthetic example gen-
eration (0.5 pos 0.5 neg). Bracketed figures are baseline
sensitivity rates obtained prior to class balancing.

Classifier Accu. Sensitivity  Specif. Method k_means based

undersampling

IB1 0.84 088 [®KnU
B % 2w | NaiveBaves| 0.75 0.74 HYB _
g4 [C4.5 068 07770 0.67 Rwmu nybridmethod
siet (AdaBoost J 0.75  0.84[0.45] 074  KMU

SVM 0.75 0.83[043] 074  KMU

m The best sensitivity rate in these previous experiments was 0.87, attained by
Naive Bayes coupled with hybrid over/undersampling via prototype generation.

m  SVMs using asymmetrical margins and a C+ parameter of 29 perform
remarkabl better with a sensitivity rate of 0.92.
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Results gROCc'urve)

ROC curve
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1—specificity

Figure 3: ROC Curve for SVM classi-
fiers varying error weight values for the
positive class '




e — S e . i
s e R :
s . ¢ 3

R T s

Conclusmn

PR TS AL G E O R R

- /f@IEJ_::F\:“%E » 41 * (asymmetrical soft margin);# &
E o P B A WEEA S AT - i o

m Symmetrical soft margin SVMs* st & [2.6-50.6] %

m  Asymmetrical soft margin SVMs* st & [58.6-92]
%

LEERTESE ERSE T3 5 L0

N
TAY % 327 3 B % £ System Reliability Lab.

\__




é..;r

""." e ¥ =:z-" -nﬂ-—’w—-% T e
e T =S _ﬁ-,_ = = .-_,—j:_:_' R R e -

m AR {F‘ B W] A T @?F‘f %2 (Class Imbalance
Problems)g A BER AR A A ,};,f‘;y_ 52 Hout
> #3g W) (Minority Class Examples)s 4p % M en3gipl o
FE S o

Tl Sy
e T
e
= i

m B RAEE TS A T e R T

=1 =~ é"l’wié—il]ﬁk
11, y — 1B 5E W) mﬁdxgzg % Ag iR H
e
B

T Rp W] etk A Hc o
AR (Skewed Class
Sk A 0 U Bk A

TiE
i
ALK ADL TR R
Dlstrlbutlon) @ AP R § Hk
TR X &}'g\)' .ﬁli\m&\P 4] o

o e Fgé;‘g/;% TRk e Elfi}];‘;,

No B2 2 ARfE A “F1¥1fef gy
TAY % 327 £ B R % % System Reliability Lab.




IR i SR = R
5 Bofg i A kg e LK\F'J_/FE-;}‘
P WA SDIERIE FES o PTILT T T A
) AL e E Rl o

m *’h&iﬁ?% HHSVMSs:E 7

A R R P IPAY g‘*—’ﬂ?"iln\

PFHARE ~FEH s PP B “‘ 2 ROC curve

T IB &

N R ZHRPH AT F 1 e B g Eey
% L7 3 B R % £ System Reliability Lab.




YL B ZHep st F1 1 amer et
&S &2 Graduate school of Industrial Engineering & Management,
O/\Qr National Yunlin University of Science & Technology

=\—

ARV AR P %3 System Reliability Lab.

http://campusweb.yuntech.edu.tw/~gre/index.htm

THE END




