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A, o] ATelAe= FAx Zd vlolHel logistic

regression = %83 A sample 9] breast cancer 4=

o Zal & Aoltl. 18]3l logistic regression = %83
A Ao s FHATIT fEA AR
feature S F7}3t= Wo tfal =9 AHolt}.
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machine learning ©] & °FQ] supervised learning ©
AT = de= A= regression problem I}
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classification problem ©]
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Sk W olal, classification = Ho|E] 9} Z}7te] o]
Ej 5ol &3k group ©] FolHE W A= dlo]Ert

ol group o ZFEA oS3t Zolt) o] FoA
classification problem & 843} 7] Y3+ st& welo=

loglstlc regression, neural network ¢} 72 2] 7}A|7}

9t} decision tree Y SVM & <1 7}A] machine
learning 718 o] &3 A cancer classification & A] =3¢
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k.

A3t7] 4 logistic regression = A&

¥ o] =i 2015 UE ARm e dzaai)e] oz o
AFAGe] A P& wol gy ATl

(NRF-201 5R1A2A1A0500 1845).

&3l classification ¢ JEF=E Folil

9} F-score 7} Z7FgoH, false positive, false negative & H|&0°] 7

OoF
ot

& o

23} benign sample ¥} breast cancer
false positive 2} false

o). 1A logistic regression 2] parameter #tS HIH O Z regression

=0

= =2

=

=

3l A2 feature
ARSI

d3akz] 9l feature

AHEA Q1 polynomial regression 2} 7+o], logistic
regression o &= H| o] &l 2] A S YEM = hypothesis
function(regression function)©| T:%H sk}, 3FA] T logistic
regression 9| A& test H|o]E]ol| sigmoid function & *
&3k Ayglo] 1 o 77F$-1 positive class, 0 | 7}7k
™ negative class & 573k},

hypothesis function R (x) = 9 (6"x)
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el G2 el A theta learning model 2] parameter
vector = UrE]rlH_L x © feature 9] vector & YEFHTE
o] Aol A logistic regression 9] R A2 Matlab
o] &3l A4 Fd3sF3 2™, parameter learning ol A
gradient descent &312]FS AF-&3lT).
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A4S 3T vo]E = TCGA(The Cancer Genome
Atlas)oll Al 9 RNA-Seq gene expression data ©]T}.
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FFHo] Z feature 5 U84 MEE feature 5 FF
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parameter 7} %521

bl

1

L

F52 feature 9} ¢! feature & H7
Hol| Hshohd A = o] A oﬂ"*a‘ﬂ sk AY 04]"}
Al Rk AUt yE ol 7 TR

T U7 T TR
E w=2 AT A9 feature T ol A

feature =

-525 -



201664 FA|stad =Dl

2

rox
|_

T M|23A M[25(2016, 11)

parameter 7} ¥<l feature £ ET U f’ﬂH 3 1A
=

N 2§ feature

o =
EEI——T

¢y
oA F HA A ZE feature =

=, parameter 7F &

=1

A feature =

QAT 2 He] MRS feature 5 V]9 feature
vector ] F=7}8}aL logistic regression training 2 THA] 4
&3t parameter = A4 ST},
gene (feature)| parameter
ACCN1 0.0689 —
feature vector ACCN2 -0.0875
20531 genes ACCN3 0.1071 —
sum(pos_features) ACCN4 0.0077 —
—| sum(neg_features) ACCNS 4.9354e-04
ACCSL -1.5632e-05
> 0.0001
pos
ACCN1
ACCN3
ACCN4
< -0.0001
neg
ACCN2
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<X 1>¥ <% 2>00A4 7 AAE nlwslh <E 1>
< feature & F7F5FA] 3L logistic regression & 43

3 AF}o)al, <F 2>+= 2 79 feature S F7}3F TF2-ol
| AFSh logistic regression At} ZHZbe] el A A&
10 70 e] 32 10-fold cross validation &2 10 ¥ testing
b A3grolth. w2 o] AdgEe] A=
Ueldth 6 719l €2 =AU E true positive(TP), false
positive(FP), true negative(TN), false negative(FN),
precision, recall #ko] T},

)

<3 I>feature & F7}81A 92 regression o A3
TP FP TN FN Precision Recall
110 2 9 0 0.9821 | 1.0000
110 0 11 0 1.0000 [ 1.0000
110 2 9 0 0.9821 | 1.0000
109 1 10 1 0.9909 | 0.9909
108 0 11 2 1.0000 | 0.9818
109 0 11 1 1.0000 | 0.9909
110 0 11 0 1.0000 [ 1.0000
109 1 10 1 0.9909 | 0.9909
106 1 10 4 0.9907 | 0.9636
109 0 11 1 1.0000 [ 0.9909
[ 109] 07] 103] 1] 09937 ] 0.9909 |

gradient descent 231259 iteration 375 10 WHO

2 AU E 8%t b AREE Btk <x
>4 == 98.6%, F-score ak= 0.9923 o]t}

<HE 2> feature & F7}3 t}2-9 classification A3}

TP FP TN FN Precision Recall
110 1 10 0 0.9910 | 1.0000
110 2 9 0 0.9821 [ 1.0000
110 0 11 0 1.0000 | 1.0000
110 0 11 0 1.0000 | 1.0000
109 0 11 1 1.0000 | 0.9909
109 0 11 1 1.0000 [ 0.9909
110 0 11 0 1.0000 | 1.0000
109 0 11 1 1.0000 | 0.9909
108 0 11 2 1.0000 | 0.9818
110 0 11 0 1.0000 | 1.0000

[ 109.5 ] 03] 107 ] 05] 09973 ] 0.9955 |

<H 2> AT AEZE feature 2 71E HIPS EolX| Tt
<3 1>9] AR A=} precision, recall #ko] =
T} feature & F71FS W = 99.3%, F-score
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