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1. Binary classification
examples
O] X EFE 93k logistic regression

Logistic (sigmoid) function

=~ L o=

Loss function
1. Mean square function

2. Cross—entropy function

2. Examples
1. 2—class logistic regression
2. 2—class logistic regression with L1 and L2 regularization

3. Diabetes classification



1. Binary classification

« Multivariable Regression H]©] & A /3

# Linear Regression

#data
7 dl &) A]
= g o X=np.array([[10,5],
« Multivariable linear Egg])
regression Y=np.array([[90],
« H=XW+B [80],
 Loss: mean square [501])
error #linear regression model ‘-
« Optimizer : adam model=Sequential()
model.add(Dense(1,
activation="‘linear’,  #Linear regression
. B input_dim=2))
“']_ H model.compile(
. W.B? loss=‘mse’, #mean square error
.’ optimizer= ' adam’) #gradient descent optimizer
* Fit #otE
model.fit(X,Y,epochs=2000,verbose=1)
« A= #d3S

print(p)

p=model.predict(np.array([[90, 90, 90]])) #

X2 Y
(attenda (score
nce) )
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1. Binary Classification

* Binary Classification
« Spam Email Detection: Spam or Ham

» Facebook feed: show or hide
e Like pattern => timeline

« Credit Card Fraudulent Transaction detection: legitimate/fraud

* 0,1 Encoding
« Spam Email Detection: Spam (1) or Ham (0)
« Facebook feed: show (1) or hide (0)
o [Like pattern => timeline

 Credit Card Fraudulent Transaction detection: legitimate (1)/fraud (0)



1.1 Examples of logistic classifier

Radiology

Malignant
tumor

Benign
tumor

RTODSI

ome A Better Dato Sclentist

https.//www.youtube.com/watch?v=BmkA1ZsG2P4 -



1.1 Examples of logistic classifier

Finance

DWJI 17,4990
SPS00 2,025
NASDAQ  4,976.9

AAPL 107.7
600G 750.06 A
TSLA 42 §

A Better Doto

https://www.youtube.com/watch?v=BmkA1ZsG2P4



1.2 o] A1 B-=5 Q]3I logistic regression

» Pass(1)/Fail(0) based on study hours from passing or failing
o SF5 A7) Passef Faile AHd =

1(pass) o0 0

O(fail) —@—0—-@ >
1 2 3 4 5 6 7 8 9 10 1 hours

c AHIARYAHX) =wx+b ) & TF7FsH71?

A X
H(x) = wx=0.125x 1

1(pass @ 00 2
3

0.5 >
6

O(fail) —9—@—@ > 7

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

- 2 2. O O OX



1.2 o] X &5 9] 3l logistic regression

c AE I AR (H(x) =wx +b)2 BFIEEI}?

1 @ H(x) = wx=0.125x+0
o)
e 0

H'(x) = (H(x) > 0.571: 0)

1(pass @ e H(x) = wx+b

H'(x) = (H(x) > 0.571:0)
H(5) = (H(x) > 0.571:0) == 17 Other Hypothesis function is required

0.5 i -
O(fail) >

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

1 @ H(x) = wx=0.125x+0

o H'(x) = (H(x) > 0.571:0)

1 IO
pass HH)
// H(5) = (H(x) > 0.5?1:0) = 1
0.5 MEZ2 0ZF (M, activation) &+ LR
o«mn% :

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

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




1.3 Logistic Hypothesis - logistic function

q(z)

* logistic function
e sigmoid function.
e sigmoid :
Curved in two directions,

like the letter "S",
or the Greek ¢ (sigma).

* linear hypothesis (linear regression)
e HH(x) =wx+b

* logistic hypothesis (logistic regression)

* H(x) = g(H,(x))
= g(wx + b)

1
1—e—(Wx+b)




1.3 Logistic Hypothesis - logistic function

« ZA2EF AR (H(x) = z(H,(x)) = z(wx + b)) 2 &7 738tk

1(pass

H'(x) = (H(x) > 0.571: 0)

@ H(x) = wx=0.125x+0
o)
e 0

® e H(x) = wx+b
H'(x) = (H(x) > 0.571:0)
H(5) = (H(x) > 0.5?1:0) == 17?

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

1(pass

0.5 i -
O(fail)

5 6 7 8 9 10 11 .. 20 hours

@ H;(x) = wx=0.125x+0

H'(x) = (H(x) > 0.571:0)

@ 0
////) H(0)=2(H,(x))

0.5
O(fail)%

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))
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1.4 Loss(cost) function of logistic regression model

* Loss function of Linear regression
cH(x)=wx+b for{x,y;},i=1..m
* loss function of mean square error
* L({x;}, {yi}Iw, b)=L(X)Y)
= Y (H(x) = ;)P

11



1.4.1 Mean square function for loss function

» Mean square function for linear regression

loss

+ L(w,b) = — 3T (H,(x;) = y; )?

*H (x) =wx+b

» Mean square function for logistic regression

iz (Hs(x;) — y; )*

* L(w,b) =

1
m

1

 Hy(x) = 2(H () = ——

(Wx+b)

Train : gradient descent algorithm is ok

/

L(w)

J

w* W1 Wy

W

Train : gradient descent algorithm ? X

L(w)

Many local minimum

Global minimum

Other loss function ?



1.4.2 Cross-entropy function for logistic classifier

* Cross-entropy function ey = x
y =log, x = In(x)
_ —log(¥) ry =1 e ~ 2.71828183 : Euler number
* ceny, == —
0:y) {—logu—y) y=0
* y i [—o0,00] y = log, x = In(x)
*y € {011} N
* Loss function for logistic classifier /
1 — x
* L(w,b) = - ¥iL; ce(V, y) — N B T
_ 1 i f
*¥ = Hs(x) = z(H,(x))) = —y __ / JPL
*H,(x) =wx+b 1




1.4.2 Cross-entropy function for logistic classifier

* Cross-entropy function

cce(y,y) = {—log(y) 5:3

—log(1 —¥)
*y:[0,1]
-y €{0,1}

* Loss function for logistic classifier

* Lw,b) =~ ¥, ce(¥,y:)

*y = Hs(x;) = z(H,(x;)) =
*H,(x) =wx+b

1

1+e—(Wx+b)

1

—Z

1 5
LT C

g(z) =

y=1
c(¥,y) = —log.(¥)

=0y=>1y=1

c(¥,y) = —log.(1—¥)

=o0,y=>1,y=0
L({xi},{yi}>={$0yyﬁoj=0



1.4.2 Cross-entropy function for logistic classifier

Lmse/l(W)
» Mean square function for linear regression loss /

) .
* Lsepf(W,b1X,Y) = =31, (H,(x;) = y:)? :
* HH(x)=wx+b .

wEw o wy T w Train : gradient descent algorithm is ok

» Mean square function for logistic regression

1 Lmse/s(W)
° Lmse/s(wi le, Y) — m ﬁl(HS(xi) —Yi )2

* Ho(x) = 2(H (%) = sy

Many local minimum

Global minimum W Train : gradient descent algorithm ? X

Lce/s(W)
« Cross entropy function for logistic regression

1 —
¢ Lce/s(Wr b) = EZ?]:l ce(y,yi)

1 gradient descent algorithm is applicable

* }_/ = HS(xi) = Z(HL(xi)) = 14+e—(Wx+b)
*H (x) =wx+b




1.4.2 Cross-entropy function for logistic classifier

» Mean square function for linear regression loss .|

1
* Lmse/l(W' b|X,Y) = EZﬁl(HL(xi) — Vi )?
 Hi(x)=wx+b

» Mean square function for logistic regression

1
* Lmse/s(WJ b|X,Y) = m ﬁl(HS(xi) — Vi )2

+ Hy(x) = 2(H,(0) = Ty

 Cross entropy function for logistic regression

1 —
¢ Lce/s(Wr b) = ﬁzi\il Ce(yfyi)

_ 1
* ¥ =Hs(x;) = z(H,(x;)) = T+o—(Wxth)

* H(x) =wx+b

A

Lmse/l (W)

1 2 3 4 5
w* wy wo © W

Train : gradient descent algorithm is ok

Lmse /s (W)

\//

Many local minimum

Global minimum
Train : gradient descent algorithm ? X

Lce/s (W)

e

e

_

e

gradient descent algorithm is applicable

»
»

»
L

w

#model J 2|
model=Sequential()
model.add(Dense(1,
activation="‘linear’ , #logistic regression

input_dim=2))
Model.compile(
loss=‘mse’, #mean square error

optimizer= "' adam’) #gradient descent optimizer

#model 8 2

model=Sequential()

model.add(Dense(1,
activation=°‘sigmoid’ , #logistic regression
input_dim=2))

Model.compile(
loss=‘mse’, #mean square error

optimizer= " adam’) #gradient descent optimizer%

#model 82|

model=Sequential()

model.add(Dense(1,
activation=‘sigmoid’ , #logistic regression
input_dim=2))

Model.compile(
loss=‘binary_crossentropy’, #cross entropy
optimizer= ' adam’) #gradient descent optimizer

AL
144
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Example 1. an example of Logistic Regression (binary classifier)

« Data = H]
» Train data and evluation data

« Logistic regression model % <]
* activation= sigmoid
* loss = binary crossentropy

. 6_}

A<
A=}
* model.fit
=
o

L

. 7

* model.predict

#linear model
X =np.array([[1.1, 2.3], [2.0, 3.6]]) ;Y =np.array([[10,25]])
X _val=np.array([[1.3, 1.8]]); ; y_val=np.array([[10]])

model=Sequential()
model.add(Dense(1,
activation=‘linear’ , #logistic regression
input_dim=2))
Model.compile(
loss=‘mse’, #mean square error
optimizer= ' adam’) #gradient descent optimizer
p=model.predict(np.array([[1.1, 1.7]]))#[[11.33]]

#logistic mode
X =np.array([[1, 2], [2, 3]]) ;Y =np.array([[0].[1]])
X_val=np.array([[1, 1]]); ; y_val=np.array([[0]])
model=Sequential()
model.add(Dense(1,
activation=‘sigmoid’ , #logistic regression
input_dim=2))
model.compile(
loss=‘binary_crossentropy’, #cross entropy

optimizer= "' adam’) #gradient descent optimizer
y hat =model.predict(X) #[[0.3] [0.4]]
Acc =model.evaluate(X_val, y_val, verbose=0)[1] #0.7 evaluate

accuracy of validation dataset
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Example 1. an example of Logistic Regression (binary classifier)

 Dataset A 43

 Train data

N

x1 X

oOouTh W =
DWW w—= W

 Validation data

X1 X2 y
0
0
1
1

(o) WO x I ) O JuC
oY Ll —

_ = 2 O 00K

x =np.array( | y = np.array(
[[1, 2], [[e],

[2, 3], [e],

[3, 1], [e],

[4, 3], [1],

[5, 3], [1],

[6, 2]]) [1]1])
x_val=np.array( y_val=np.array(
[[1, 1], [[0],

[2, 2], [0],

[4, 4], [11,

(5, 51]) [11])

x=np.array([[1,

y=np.array([[0],
x_val=np.array([[1, 1], [2, : ,
y_val=np.array([[0], [0], [1], [1]1 1)

2],




Example 1. an example of Logistic Rearession (binary classifier)

Data
© X=X, Y= (1)

Hypothesis function (predict function)

1
1+e-(WX+Db)

« Y=HX) =g(XW +b) =

Loss function: cross-entropy function
* Loss({X;,Y}) = ——Z _, ce(H(X;),Y))

= -3, Yilog(H (X)) + (1 - ¥;) log(1 — H(X)))

Train

e Minimize W b
W*,b* = argmin Loss(W, b)
W,b

* Gradient Descent Algorithm
initialize wy, by

d
w. =w, — a—-cost(w, b)]
n+1 n ow W=Wn,b=bn

]
bpi1 = by — agcost(w, b)]w=wn,b=bn

* Estimation
* Predict y; = H(x;)
. Accuracy=% m (i ==¥%;>0571:0)
. S Ao A%

#creatre dataset

X =np.array([[1, 2], [2, 3], [3, 1], [4, 3], [5, 3], [6, 2]])
Y =np.array([[0],[0],[0].[1], [1], [1]]) odel !
X _val=np.array([[1, 1], [2, 2], [4, 4], [5, 3]])
y_val=np.array([[0],[0].[1], [1] ])

ential_1"

#create model
model=Sequential()

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

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

#set compile(train) process

sgd=optimizers.SGD(Ir=0.9)

model.compile(
loss="binary_crossentropy’,
optimizer=sgd,
metrics=['accuracy’])

#sgd optimizer wirh learning rate =0.9
#set compiler-process

#loss function

#stocahstic grdient descent training
#evaluation index

#train model

hist=model.fit( #set train-process
Xy, #train dataset
epochs=2000, #iteration no
verbose=1, #etEY £H 2 E

validation_data=(X_val, y_val)) #Z 7}-2 dataset
#evaluate model
Y _hat =model.predict(X)
Acc
Acc_max =np.max(hist.history[‘val_accuracy’]) #2t& & |t M=t=

#predict with hypothesis function

=model.evaluate(X, y, verbose=0)[1] #evaluate accuracy of validation dataset



- . . f keras.models i ntial
Example 1. an example of Logistic Regressio| fiom ke fyers mport verce

import keras.optimizers as optimizers

import tensorflow as tf
import matplotlib.pylab as plt

import numpy as np

#evaluate model import 0s
print(model.predict(np.array([[1,1]])) ) #[[1 1]] =>[[0.22243975]]

print(model.predict(np.array([X_val[0]])) )  #[[1 1]] =>[[0.22243975]]

print(X_val) #X_ val  :[[11][22][44][53]]

print(y_val) #y val :[[O] [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.][2.1]

print('mean(round(y_hat)==y_val):',

np.mean(np.round(y_hat)==y_val)) #mean(round(y_hat)==y_val): 1.0
print(‘acc_val:',

model.evaluate(X _val, y_val, verbose=0)[1]) #acc_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=float32), array([-1.857736], dtype=Ffloat32)]
print(acc_max :', np.max(hist.history['val_accuracy'])) #acc_max : 1.0
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- . . from keras.models import Sequential
Example 1. an example of Logistic Regressio| from keras.layers import Dense
import keras.optimizers as optimizers
import tensorflow as tf
import matplotlib.pylab as plt

import numpy as np
#evaluate model import 0s

print(model.predict(np.array([[1,1]])) ) #[[1 1]] =>[[0.22243975]]
print(model.predict(np.array([X_val[0]])) )  #[[1 1]] =>[[0.22243975]]

print(X_val) #X val .
print(y_val) #y_val S e

y_hat=model.predict(X_val) ) ===o==moomomommmooooo

print("Y _hat:",y_hat) #Y _hatge I
print(‘'round(y_hat):",np.round(y_hat)) #roun

print('mean(round(y_hat)==y val):', -+
np.mean(np.round(y_hat)==y_val)) #mean (& = =====================] - (s B83lus/step — loss: 0.0114 - accuracy: 1.0000 - val_loss: 0.0020
print(‘acc_val:, El
model.evaluate(X_val, y_val, verbose=0)[1]) #a

print('loss,acc ',
model.evaluate(X, y, verbose=0)) #loss, a(ugyy
print(‘loss,acc val:',
model.evaluate(X_val, y_val, verbose=0)) #loss{sse

print(model.layers[0].get_weights())#[array([[ 0.9520 2



Example 2. a logistic regression example with L1 and L2 regularization

- 70
« Overfitting &A1& 3| 23}7] ¢ U
« Dense layer®] weight&] gt&ol A 2k8 713t}

 From keras.regularizers import 11_12

Reg = 11_12(11=0.01, 12=0.01)

model=Sequential ()

!

model.add (Dense (1,activation= ' sigmoid’ ,
input_dim=x.shape[1],
W_regularizer=reg))

model.compile (optimizer='rmsprop', loss='binary_crossentropy')

22



Example 2. a logistic regression example with L1 and L2 regularization

from keras.regularizers import 11_12

#train and validation data

x=np.array([[1, 2], [2, 3], [3, 1], [4, 3], [5, 3], [6, 2]])
y=np.array([[0].[0].[OL.[1], [1], [11])
x_val=np.array([[1, 1], [2, 2], [4, 4], [5, 5]])
y_val=np.array([[0].[0L.[1], [1] )

print(x.shape,X); print(y.shape,y)
print(x_val.shape,x_val); print(y_val.shape,y val)

# 2-class logistic regression with L1 and L2 regularization
model=Sequential() #E Ol
reg =11 _12(11=0.01, 12=0.01)
model.add(Dense(1,activation= " sigmoid’,
input_dim=x.shape[1],
W _regularizer=req))
model.compile(optimizer="rmsprop’, loss='binary_crossentropy’)

model.fit(x,y,epochs=2000,verbose=1,
validation_data=(x_val, y_val))

p=model.predict(x_val) #2858 OO 2| o =2k ALt
Print( ' accracy : {:.2f} % ' format(  #0{ =42 1A E A4t
np.mean(np.round(p)==y_val)*100)) #accracy : 100.00 %
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Example 3. an example of logistic examples

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

« Dataset—1-==

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 -041177 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

 Dataset A A

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

Y  =XY[:[-1]]

X, X _val,y,y_val=train_test split(X,Y,random_state=0,shuffle=True)

24



Example 3. an example of logj

#create model R ————.,
model=Sequential()
model.add(#add layer .
Dense( #set Dense layer structure s ==—============—==—=—————c——==
units=1, #output no .
input_dim=X.shape[1],#input element no
activation='sigmoid’)) #logistic function(regression)

model.summary() T = == T S =
#set compile(train) process —
model.compile( #set compiler-process I
loss="binary_crossentropy’, #loss function /1000
optimizer=°‘sgd’, #stocahstic grdient descent training Ao
metrics=['accuracy’]) #evaluation index 3 ———=
#train model e Ae ATt — femet [ TIEE = mmmimemmt ([ AR < cmll eemt Al TG < wmll s
hist=model.fit( #set train-process
X,y #train dataset REF R
epochs=1000, #iteration no : =========================] - (s : accu
Verbose=1, #8—#%1"78 %a RE=E Ei;: =============sss==sssssmssss=es Oz 107 o] 0. 6925 accy

————————————————————————— Oz 108 ' 9 0 o accu

2]

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

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

S S S e e == === = D= 3 y [, ABEF Yy 1. {63 WA 00,4373 - va

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

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



Example 3. an example of logistic examples

2)9 =24 Rkt dlo] H Al & o] 8-St logistic regression(binary classifier)
* from sklearn import datasets

e cancer=datasets.load_breast_cancer ()

cancer=datasets.load_breast_cancer() # cancer|‘data’] :(569, 30)
X, X _val,y,y val=train_test_split(cancer['data'],cancer['target],random_state=0,shuffle=True)
#train:((426, 30),(426,)), val:((143, 30),(143)))

« logistic classifiersS A st A ==& AAsEA 2.

569/569 [==============================] - Os 79us/step - loss: 0.4910 - accuracy: 0.7610 - val_loss: 0.4353 - val_accuracy: 0.7947
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