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e Binary Classification
e Spam Email Detection
e Spam or Ham
e [acebook feed: show or hide
e Like pattern => timeline
e Credit Card Fraudulent Transaction detection
e legitimate/fraud

e 0,1 Encoding
e Spam Email Detection
e Spam(1) or Ham(0)
e [acebook feed
e show(1) or hide(0)
e Credit Card Fraudulent Transaction detection
legitimate(1)/fraud(0)
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A Better Data Scientist
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1.2 2A] 24 3] (Logistic Regression)

e 9|, Pass(1)/Fail(0) based on study hours from passing or failing
o SFEAIZFY Passe) Fail 8] 2H =

X y

A 1 O

2 0

1(pass) e 00 3 0
5 1

6 1

. 7 1

O(fail) —@0—0-@ >
1 2 3 4 5 6 7 8 9 10 M hours
o M3 ARE(h(x) =wx+b)ZE EFH7}537}2

A X y
H(x) = wx=0.125x 1 O
1(pass ) 2 0
3 0

0.5 5 1

6 1

O(fail) —9—@—@ 7 1

1 2 3 4 5 6 7 8 9 10 11 hours




1.2 22X 24 3]¥(cont.)

o A

1(pass ® @ 0

FARI(h(x) =wx +b)=E ©O|XEF7}53H7)?

h(x) = wx=0.125x+0
y = h(5) = (h(x) > 0.5?1:0) > 1

h(x) = wx+b
y =h(5) =(H(x)>0.571:0)=>0

~N o U wW N = X
- = =2 O O OX

0.5 1 -
O(fail)

10 11

. 20 hours

h(x) = wx=0.125x+0

New h(x)

1(pass @ ./

Other Hypothesis function is required

h(5) = (H(x) > 0.571:0) = 12 Bt&FSI=

MZ2 0=

(7t4, activation) 7t 2R

10

11 ... 20 hours




1.2 22X 24 3]¥(cont.)

e |ogistic function
e sigmoid function.
e sigmoid :
Curved in two directions,
like the letter "S",
or the Greek ¢ (sigma).

1
1+e~2

° g(z) =
e linear hypothesis (linear regression)
o hi(x)=wx+b
e |ogistic hypothesis (logistic regression)
* h(x) = g(h(x))

= g(wx + b)

. 1
T 1—e—(wx+b)




1.2 22X 24 3]¥(cont.)

o A 2E 3| AR D (h(x) = z(h(x)) = z(wx + b)) E 5+ 7} 3T}

~N o U wW N = X

- = =2 O O OX

1(pass

h(x) = wx=0.125x+0
9 = (h(x) > 0.571:0)

b @
(0]
o

h(x) = wx+b
9= (H(x)>0.5?1:0)
H(5) = (H(x) > 0.521:0) == 17

0.5

O(fail)

0.5

O(fail)

1 2 3 4 5 6 7 8 9 10 11 .. 20 hours

h;(x) = wx=0.125x+0
0 ¥ =hx) =g(h(x))

H(x)=z(HL(x))

Lo |

1 2 3 4 5 6 7 8 9 10 11 .. 20 hours

Linear regression model

model=Sequential()

model.add(Dense(1,
activation=*linear’,
input_dim=1))

Logistic regression model

model=Sequential()

model.add(Dense(1,
activation=‘sigmoid’,
input_dim=1))




1.2 22X 24 3]¥(cont.)

- . = lossy,se(W) in Linear Regression
Biacn e poi v .
e Linear Regression => Logistic Regression o ”
o mES N - N
o y=h(\)=90@.9(2) == [0~1] |
o 9§, =wx+b, [—00 ~ + 0] ; -.._.- ___.-" L I T A v
o &‘}é -]‘)\(mean sgquare errOr) ? e '-:h'" ; "'.-:. DS 1 Global minimum point
b =T q ' w No Local minimum points
e loss(X)Y) = %Z(yi — ;)2 GDA : good

o)
® =% ? losspyse(W) In Logistic Regression
e w*,b* =argmin,,,(loss(w,b)|X,Y)) 8 4

e Gradient Descent Algorithm

o A=

o P=h(x) =0c@), 9 =wx+b* Local minima?t 27| =
° -Tioﬂ 7]‘%] v/_v': . w EI-% ﬁn_\_*EI_éléll-_)I\_jl' rél-g—_ﬂ-tl-

1 Global minimum point

N Local minimum points
Li-9)* 1wrn 2 some Loca p

e R?=1- = mse ==Y.(9; — y; GDA : difficult
Z(yi_y)z NE(yl yl)

v




1.2 22X 24 3]¥(cont.)

lossy,se(W) in Linear Regression

N -
St 7He Rtk .
e Logistic Regression A1 & 3] 7] 4] o N
o RUFS N s
° 9=h=90, 92 =——= [0~1] .
o yy=wx+b, [-oo ~ + oo] " ."-___ ___.". T
A A] 32~ 2 e '-:""‘1"'{ R 1 Global mini int
o = é U-T(mean square error) ’ " No foczlrmm?n%r; F:)%ir;\ts
1 . R GDA : good
® loss(X,Y) = =3, (ylog(§:) + (1 = y) log(1 — )
o) e . - :
o 5F7? loss,se(W) in Logistic Regression lossc(w) in Logistic Regression
o w*,b* = argmin,, ,(loss(w,b)|X,Y)) 4 1
e Gradient Descent Algorithm
o 9= [>
o y=hx)=0@),y, =w'x +b"
o H7IA * > >
© ]— ]T 1 G|0bLa| mlinimgm point. . 1 Global minimum point
— some Local minimum points ini i
ARAA| A Z GDA : difficult ng?cgi',;?;”'m“m points




1.2 22X 24 3]¥(cont.)

lospmse(W) In Linear Regression

e Linear Regression

°® El_tﬂ
o Jy=hx)=wx+b
o =213 (mean square error)
e loss(X,Y) = NZ(Yi — 9:)? ‘lossmse(w) in Logistic Regression
= 2L 3 —2 1 o V}/* zw/]_ 3 Wy S W
¢ 5_}? 1 Global mini i r
- - obal minimum point
e Gradient Descent Algorithm(GDA) No Local mimmlﬁm%omts
. . GDA : good
e Logistic Regression
[ ] EGE] . i
i isti i 1 Global minimum point
e j= h(x) = g(ﬁz),g(Z) = — [0 ~1] tos5e(w) in Logistic Regression some Local minimum points
1te™” 4 GDA : difficult

® N=m( =wx+b [—o~+o]
o =415k (binary cross entropy)

o loss(X,Y) = ——Z 21 (vlog (@) + (1 —y) log(1 — 91))
o] =t - >
° T H 1 Global minir‘:wlum point
e Gradient Descent Algorithm No Local minimum points

GDA : good




1.2 22X 24 3]¥(cont.)

e Linear Regression
o ¢
o y,=h(x)=wx+b
o =213 (mean square error)

e loss(X,Y) = %Z(Yi — 92
2
e

o
1

e Gradient Descent Algorithm(GDA)

e Logistic Regression
o ¢

)= hw) = 93,92 = == [0~1]
h(&)=wx+b [—

® y =
o =213+ (binary cross entropy)

00 ~ + 0]

o loss(X,Y) = —EZ?il(ylog(?i) + (1 —y)log(1 —9;))

- A
o T
e Gradient Descent Algorithm

lossyse (W) in Linear Regression

7 - o e T : 3 a <
* ﬁl Wo w

w

1 Global minimum point
No Local minimum points
GDA : good

lossyse(W) in Logistic Regression

f

1 Global minimum point
some Local minimum points
GDA : difficult

lossq.(w) in Logistic Regression
A

w* w

model=Sequential()

model.add(Dense(1,
activation=‘linear’ ,
input_dim=2))

model.compile(
loss=‘mse’,

#E=o| &
#Imear regression

ol = A
#ele EXol4

# A8k mean square error

optimizer=°sgd’) #gradient descent optimizer

model=Sequential()
model.add(Dense(1,

activation=°sigmoid’ ,

input_dim=2))
model.compile(

loss=‘mse’,

optimizer=°sgd’)

#*E=IO| &=

#logistic regression
EEL R

#2= 4 2t mean square error
#gradient descent optimizer AN

model=Sequential()
model.add(Dense(1,

activation=‘sigmoid’ ,

input_dim=2))
model.compile(

#EHO|

#logistic regression
#UHSE

loss=*binary_crossentropy’, #2= & 2t == cross entropy

optimizer=°‘sgd’)

#gradient descent optimizer

v

*

w

I~ Global minimum point
No Local minimum points
GDA : good




#Linear Regression

A _/T:ET' e #data 4 o e
1.2 = ] L il :'il (COnt.) X=np.array([[1], [2], [3], [5]. [6], [7]]) T it Saee  Farand
y=np.array([[50],[55],[60],[90], [93], [95]])

# 3 4d Traina
Mo

: . 2] 3 5 1=RpS| model=Sequential() -
e Linear Regression 41 3] 7] &4 A 4acd Dense layer
- - - - Dense( #set Dense layer structure
< < o
o RAANFASEF, AT A= units=1, #, Y= >
input_dim=X.shape[1],#1, 2= £ == X1 Y
e y=hx)=wx+b [-o0 ~ + o0] activation='linear’))  # linear function(regression) (hour) (score)
e 2] Bl model.summary() 1 50
e <=A15F=(mean square error)
#eh5 A (compile)
1 model.compile( #set compiler-process 2 53
= =N({. — v.)2 . )
e lOSS(X’ Y) - NZ(yl Yl) loss='mse’, #loss function 3 60
&) 2 optimizer='sgd’, #stochastic gradient descent training
o g metrics=['mse") #evaluation index 5 90
e w* b* = argmin,, ,(loss(w,b)|X,Y)) #ot& 6 93
. ) hist=model.fit( #set train-process
e Gradient Descent Algorithm X.y, #BHAT| O| Ef Al 795
= epochs=2000, #HtE o538l
® Oﬂ = verbose=1) #otgbE =8 2

® y=hx)=w'x+b #2 9 o}
® -‘75' 7]—}(] -/—,7: printCh([[5],[8]]): ', model.predict(np.array([[5].[8]1]) ))
#h([[5].[81]): [[ 82.44047 ] [108.262146]]

—1Iv(5. —v.)2
¢ mse = NZ(yl yi) print(X,":", model.predict(X))

#[[1] [2] [3] [5] [6] [7]] :
#[[48.007107] [56.615417] [65.223724] [82.440346] [91.04865 ] [99.65697 ]

print(model.evaluate(X,y))
#loss acc = [19.41866111755371, 19.41866111755371]

Ol = 240| &==7} oL 2t 22l BF 2



1.2 22X 24 3]¥(cont.)

e Logistic Regression -4} ;o] &7

o HYl =T

0~1]

)
A
Il

h(x) = g(31),9(2) = —
V1=h(x)=wx+b [—oo~+ 0]

®
o A (binary Cross entropy)

loss(X,Y) = —= ml(ylog(yl) + (1 —y)log(1—-9;))

e w',b* =argmin,, ,(loss(w,b)|X,Y))
e Gradient Descent Algorithm

#Logistic Regression -
from keras.models import Sequentia fy Tomay T
from keras.layers import Dense
from Kkeras import optimizers -
import tensorflow as tf =========
import matplotlib.pylab as plt
import numpy as np

import 0s

#el| o] Bl A B 7d

X=np.array([[1], [2], [3], [5], [6], [7], [11]])
y=np.array([[0],[01,[0],[1], [1], (1], [1]1)

#5250 AP
model=Sequential()

model.add( #add layer
Dense( #set Dense layer structure
units=1, #1,output no

input_dim=X.shape[1],#1,input element no
activation='sigmoid’)) #logistic function(regression)
model.summary()

#3571 A 7 (compile)

model complle( #set compller process
loss="binary_crossentropy’, # =4 §F<
optimizer="sgd, #stochastlc gradient descent training
metrics:['accuracy']) #evaluation index

#3h5

hist=model.fit( #set train- process
XY, #5} <5 d| 0] E| Al
epochs=1000, _#REE Sl
verbose=0) #t5 Y £9 1 E

#5Lel 3 7}

printCh([[5],[811): ‘,model.predict(np.array([[5].[81]) ))
#h([[51,[8]]): [[0.78487945] [0.9704663 ]

print(model.predict(X))
print(np.round(model.predict(X)))
#1021 [3][5]1[6][7][11]]

#[[0.16298041] [0.2883153 ] [0.45736802] [0.78487945] [0.88359964] [0.9404536 ] [0.9966323 ]

#l0J[0][0] (1] ][] 2]

print(model.evaluate(X,y))
#loss acc = [0.2228706330060959, 1.0]
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#dataset 23 A

X =np.array([[1, 2], [2, 3], [3, 1], [4, 3], [5, 3], [6, 2]])  #Cl<5tllo] E] Al X
Y =np.array([[0],[0],[01.[1], [1], [L]]) #otFdlo] B Al Y
X = np.array( X_val=np.array([[1, 1], [2, 2], [4. 4]. [5, 31]) #7l o B Al X
e Logistic Regression oI A [E; g Y oy 7T Y _val=np array([[O}, (0} [1], 11 ) #7SEO B ALY
e Dataset A4 [3, 11, | [e], T A
o XY [4, 31,| [el, model=Sequential()
o RFUlAA [5, 3], | [1], model.add( #1322 9] 3t layer 7}
. [6, 211} [11, Dense( #Dense layer®] %
* Logistic Regression 3 E35) units=1, #, %9 g9 %
o §=hX= g g(z) = 1+2_Z [0 ~1] input_dim=X.shape[1], #2, & &4 ] &
e Ji=hkx = +b 00~ + 00 activation= " sigmoid’)) #logistic regression
) = l X) = wx [ ] model.summary() #model9] 7% =9
o SEUyAY
. T‘/_\_/\E]@_z': #ﬁlﬁ(complle) HFH A
sgd=optimizers.SGD(Ir=0.9) #sgd optimizer wirh learning rate =0.9
o loss(X,Y) = ——2 L ylog(@:) + (1 —y)log(1 —3:)) model.compile( #set compiler-process

#3=21 3+ cross-entropy

#3¥<5 7] stochastic gradient descent training
#5g 7HA

loss="binary_crossentropy’,
optimizer=sgd,
metrics=['accuracy’])

o SHEVI(UR) 2A
e w* b* = argmin,, ,(loss(w, b)|X,Y))
e Gradient Descent Algorithm

o oS e
o A . i hist=model.fit( #set train-process
jﬂ' y=/il(x)=g(Yz)IYz=W X +b Xy, #8h2= o] o] €] Al
o HUIX|F 1 epochs=2000, #@?%%23}]—?
o accuracy =< = ¥i) verbose=1, #st59Y £9Y R E
validation_data=(X_val, y val)) #7152 o] 5 Al
#4 7}
y_hat = model.predict(X) #MZ X9 oS kA9 = h(x)
Acc = model.evaluate(X, Y, verbose=0)[1] #5}+5 t| o] E] Al X,Y 2] A & (e 57 & =) A4k

Acc_max = np.max(hist.history[‘val_accuracy’]) #+ = # o] 4=




2 1 O] ] -E— d“ X‘" (Cont ) #dataset 28 A

X =nparray([[1, 2], [2, 3], [3, 1], [4, 3], [5, 3], [6, 2]])  #S=1+5tllo] AL X
y =np.array([[0],[0].[0],[1], [1], [1]]) #sr s HlolH ALY
X = np. array( X_val=np.array([[1, 1], [2, 2], [4, 4], [5, 3]]) #5vlolE Al X
e Logistic Regression | A [E;: g} {[=@ ]np-am y_val=np.array([[0],[0],[1], [1]]) #AZ ol HA Y
e Dataset A4 [3, 11,| [el, el A A I
o XY [4, 3]1,| [e], model=Sequential()
o HulA [5, 3],| [1], model.add(
s [6, 211) [11], Dense(
e Logistic Regression % [TT1) units=1,
e y=hX)=g®@),g9(2) = 1;_2 [0~1] inp.ut_(_jim:X.shape[l],
o 9 =h(x) = +b  [—o0~ +oo] activation= ' sigmoid’))
Y= l X) = wx model.summary()
o SISHUIHAT
o 2AF #3}<5 (compile) W A A
sgd=optimizers.SGD(Ir=0.9) #sgd optimizer wirh learning rate =0.9
e loss(X,Y) = ——2 L ylog(@:) + (1 —y)log(1 —3:)) model.compile( #set compiler-process
. loss="binary_crossentropy’, #<=% &< cross-entropy
o SE7I(8W) 278 optimizer=sgd, #5h5 7] stochastic gradient descent training
e w* b* = argminy,(loss(w,b)|X,Y)) metrics=['accuracy’]) #5571 A =
e Gradient Descent Algorithm .
o 9= #he |
R A . . hist=model.fit( #set train-process
® y=h(x)=g@). i =wx+Db s+2= gl o] E] Al
= e X.y, #ol5H o Bl Al
o SF7HAF epochs=2000, #ol 5 HHE 31 4
e accuracy :ﬁz(yi =) verbose=1, #5h59N =8 B E
validation_data=(X_val, y val)) #7152 o] 5 Al
#3237}
y_hat = model.predict(X) #ME X9 o5 gk A9 = h(x)
Acc = model.evaluate(X, y, verbose=0)[1] #8}<5 Bl o] E] Al X,Y 2] A5 (o= &) AA
Acc_max = np.max(hist.history[‘val_accuracy’]) #°} <5 & & o] 4 &=



from keras.models import Sequential

from keras.layers import Dense
import keras.optimizers as optimizers

2.1 O] 21(_1'5]._% = 01] X—" (Cont_) import tensorflow as tf

import matplotlib.pylab as plt

import numpy as np

import 0s

#evaluate model #dataset 28 *J

print(model.predict(np.array([[1,11)) ) #[[1 1]] =>[[0.22243975]] X =np.array([[1, 2], [2, 3], [3, 11, [4, 3], [5, 3], [6, 2]1) #B}<5 o] €] 4l X

print(model.predict(np.array([X_val[0]])) )  #[[1 1]] =>[[0.22243975]] Y =np.array([[0],[01,[0],[1], [1], [11]) #8-2=glo]E Al Y
X_val=np.array([[1, 1], [2, 2], [4, 4], [5, 3]]) #Z o H Al X

print(X_val) #X val q[11]1122][44][53]] Y _val=np.array([[0],[0],[1], [1] ]) #HaSH oA Y

print(Y_val) #y val :[[0] [O] [1] [11]

y_hat=model.predict(X_val)

print("Y_hat:',y_hat) #y_hat : [[0.22243977] [0.3137669 ] [0.53874916] [0.82207584]]

print(‘'round(y_hat):",np.round(y_hat)) #round(y_hat): [[0.] [0.] [1.] [1.]]

print(‘acc_val:',

model.evaluate(X _val, y_val, verbose=0)[1]) #acc val: 1.0 cf, linreg.score(X_val, y_val,) in machine laerning
print('mean(round(y_hat)==y val):',

np.mean(np.round(y_hat)==y_val)) #mean(round(y_hat)==y val): 1.0

print('loss,acc ',

model.evaluate(X, y, verbose=0)) #loss,acc :[0.33072206377983093, 0.8333333134651184]
print(‘loss,acc val:',

model.evaluate(X_val, y_val, verbose=0))  #loss,acc val: [0.3210359811782837, 1.0]

print(model.layers[0].get_weights()) #[array([[ 0.9520406], [-0.4421141]], dtype=Ffloat32), array([-1.857736], dtype=Ffloat32)]
print(acc_max :', np.max(hist.history['val_accuracy'])) #acc_max : 1.0

20




2235 AT

1) Diabetes Diagnosis(3 3= X1 &)= ¢} logistic regression(binary classifier)

e Dataset

o 879 5A S 2= MEY 2719 hl S Zh= F e "ol Al
1 2 3 4 5 6 7 8 9
1 -0.88235 -0.14573 0.081967 -0.41414 0 -0.20715 -0.76687 -0.66667 1
2 -0.05882 0.839196 0.04918 0 0 -0.30551 -0.49274 -0.63333 0
3 -0.88235 -0.10553 0.081967 -0.53535 -0.77778 -0.16244 -0.924 0 1
4 0 0.376884 -0.34426 -0.29293 -0.60284 0.28465 0.887276 -0.6 0
5 -0.41177 0.165829 0.213115 0 0 -0.23696 -0.89496 -0.7 1
6 -0.64706 -0.21608 -0.18033 -0.35354 -0.79196 -0.07601 -0.85483 -0.83333 0
7 0.176471 0.155779 0 0 0 0.052161 -0.95218 -0.73333 1
8 -0.76471 0.979899 0.147541 -0.09091 0.283688 -0.09091 -0.93168 0.066667 0
9 -0.05882 0.256281 0.57377 0 0 0 -0.86849 0.1 0

#0[ O] £ A 4o

XY =np.loadtxt('data/data-03-diabets.txt',dtype=float,delimiter=",’
X =XY[::-1] #X:(759, 8)

Y =XYYL #Y:(759, 1)

X, X_valy,y val=train_test_split(X,Y,random_state=0,shuffle=True)
#train:((569, 8),(569, 1)), val:((190, 8),(190, 1))

21




#R MY

model=Sequential()

model.add(#add layer

Dense( #set Dense layer structure

units=1, #1, 2| =
input_dim=X.shape[1],#8, = S & 2| &=
activation='sigmoid’)) #logistic regression

model.summary()

#sh& 2 A M (compile)

model.compile( #set compiler-process
loss="binary_crossentropy’, #loss function
optimizer=‘sgd’, #stocahstic grdient descent training
metrics=['accuracy’]) #evaluation index

#ets

hist=model.fit( #set train-process
XY, #train dataset
epochs=1000, #iteration no
verbose=1, #el5Itd £ 22

validation_data=(X_val, y_val)) #% 7|2 dataset

ool Homo)
print(‘acc_train :', model.evaluate(X, y, verbose=0)[1]) #
print(‘acc_val :', model.evaluate(X_val, y val, verbose=0)[1]) #

» 04885 - accu

C 04885 - accuracy: - va 0.4378 - va

print(‘acc_train_max :', np.max(hist.history['accuracy'])) #

print(‘acc_val _max ', np.max(hist.history['val _accuracy])) #




A& e X

FA - A AFZA ek glo g Al eof] T slo] Dense 2 € ¥} LogisticRegression 222 A5t A5
< H] 3L 4] 52t

&

o TolElA B4

from sklearn import datasets

cancer=datasets.load_breast_cancer() # cancer|[‘data’] :(569, 30)

X _train, X_val, y train, y_val=train_test_split(cancer['data’],cancer['target'],random_state=0,shuffle=True)
#train:((426, 30),(426,)), val:((143, 30),(143)))

1. Dense o] 43 x| A€ 59 mulo] A4 2 451
e Dense #lo]ol = A3 vH=11 8h5ato] F7FE Hlo|H & A -5 acc_denseE T-35HA] 2.
Dense( #set Dense layer structure
units=1, #1, & ee|
input_dim=30 # = S& 2| &=
activation='sigmoid’)) #logistic regression

23




2.3 7 X (cont.)

2. LogisticRegression = ©]§-3F x|~ g 3|7 el o] A 9 A 5 A
e Sklearn.linear_model 3 7] %] ©] 2] LogisticRegresion = 2| 2~ &©] 83} acc_logreg= 7-35} A 2.
from sklearn.linear_model import LogisticRegresion

logreg=LogisticRegresion().fit(X_train,y_train)
acc=logreg.score(X_train,y_train)

3. acc_dense®} acc_logreg®] W] w41 5FA] 2.,

24







