3] Y EA(Linear Regression Analysis):

y(EEH, EEHR)E x(FHH, )0 st AgEty B O g #AE RAL
SAAL 7.

AP el H2A (Linear Regression Analysis): @] {2404 y(E5H 4,

)9 A7 A (linear).

T dd 8] H+A(Simple Linear Regression Analysis): x(5H% 4,

87,

X3 HEA(Multiple Linear Regression Analysis): x(SH®H S,

A dFHEA

S X P3| YA (Multiple Linear Regression Analysis)

A &(x1), Uol(x2)2F At (y)ake] A EA

TARE(x]), 8L HEx2) L AMF FrE(y)ete] WA XA

x : EY¥H 4 (independent variable) or AW 4~ (explanatory variable)?} 27§ o]At
y : &&¥H 2 (dependent variable) or ¥H8-¥ 4~ (response variable)

Z X33 H 23 (Multiple Linear Regression Model)

x1, x2 9 yo] Aol IAZE A& such that
Y, = B+ Biay + Boxy + e, i=1,2,,-n  e; ~ iid N(0,0%)

4P 8]+ (Simple Linear Regression Analysis)
eg) o HEJ () FaAISAINy)Y] EAEA

T =(x)9F AFQ F=(y)EAEA

TOEFLZZ ()9} 3t} ol ah=/d = (y)zhe] o7

x © YW L (independent variable), %% (explanatory variable)
ol2d¥ 2~ (input variable)

y : 5492 (dependent variable), ¥H-3-¥ 4 (response variable)
&9 5 (output variable), target ¥4

1. 433 P2 F(Simple Linear Regression Model)
29 40] xoF yof yaAgto] #AVE o2t 22 4
Yy, =B+ Pizite i=12,,n e ~ iid N0,o°)
By ¢ vyt x9] AlA9] AHM(intercept)s& UEIW+= 24 (parameter)
By vyt xQ] A4l 7]&7|(slope)E YUEW= 24 (parameter)
~ x7F 157V5HH y= 5,92 571
y, -9y g oz i8R A x aH(dEH L)
egl) °Fo] &% (x)at FaR|&AIZHy)S HAZA

20.0
i | z (mg) | y (hr) s
1 0.5 2.86 i
2 1.0 2.66 s
3] 20 3.69 .
4] 35 6.40 . )
5| 55 9.27 3 .
6| 80 13.53 N
71 105 19.38 T T
8 | 120 19.71 :



2. R AA|3H(Least Square Method)
Zo&l glole (zy,y), (29,y5), 5 (2,9, ) S ©] 835}

/80751 94 _7'<_7<é?yl\-c‘)_ ﬂoaﬂl = 6}7]
Bo e Q= Z yi—by—bx; )} 2 FAFATE by,b, 9] 3

i=1

il

B 2o s wEAne 0 %L By B2 -0 2 wEAE b9 3
1

= X:(l,x), 1ERnX1,xERnXd,dzl,yER.’LXl

ﬁ(@)(XX)le (A)

B

« Agrel 5] A M (Fitted regression line) : y = X3 = 3, + Bz (B)

o 4= (7)1

A gl 3] 1AM (Fitted regression line) : y = 3, + B,z =— 1.0605+ 1.6046x =
~OFE83F0] 1Img F7FotH FFA| LA 1.6046A13F 57T

eg2) AlFAtRE FOjAH, z, = (1.5,3,6,9,13) ~ X, = (1,z,), 1€ B!

oka x| &ALl dEgte y(z,) = X,8 = B, + Bz, = —1.0605+1.6046z,  (C)

3. 2RAS

SSTO(Total Sum of Squares, AA|AF&) = E (y,—y)*

SSE(Error Sum of Squares, QAMAZ3) = Eéi = z](y,-—g},-)2
i=1

i=1

MSE(Mean Squared errors) = % Dol 9] =AY = o

n

SSR(Refression Sum of Squares, 3| HASS) = = SSTO-SSE

—

ARAS(R? coefficient of determination): x#H22 Al&3sto a2 Zolct A
- xHaT7 AYES e yHSY WE9 vlE - Fojdl Bdo] AA¥-E(y )%
X1 YEdl= 3t [0.1]
. SSR
SSTO
xt yo] AFA4(r, Correlation coefficient) = ++vR? (B3= 5,9 £35) [-



<Python>

import numpy as np

import matplotlib.pyplot as plt

n=8; nt=5

x=np.array([ 0.5, 1., 2., 3.5, 55, 8., 10.5, 12. ]).reshape(n,1)

y=np.array(| 2.8654883 , 2.66422646, 3.68812138, 6.39507074, 9.26655548, 13.52528373,
19.38166085, 19.6975463 ]).reshape(n,1)

xt=np.array([ 1.5, 3, 6, 9, 13]).reshape(nt,1)

X=np.hstack((np.ones((n,1)),x))
beta=np.linalg.inv(X.T.dot(X)).dot(X.T).dot(y) #(A)
print('beta=",beta)

yh=X.dot(beta) #(B)

e=y-yh # ZFXHresidual)
SSTO=np.sum((y-np.mean(y))**2)
SSE=np.sum(ex*2)

SSR=SSTO-SSE

R2=SSR/SSTO
corr=np.sign(beta[1])*np.sqrt(R2)
corrl=np.corrcoef(x.T,y.T) # corr=corrl|0,1]
print('R square=',R2,'cor(x,y)=", corr)

print('cor(x,y) matrix="',corrl)

plt.figure(1)
plt.plot(x,y,'k.");plt.plot(x,yh, 'b-")
plt.xlabel('x"); plt.ylabel('y")

Xt=np.hstack((np.ones((nt, 1)),xt))
yth=Xt.dot(beta) #(C)
print('yth=",yth)

Hpol 2 o] &>
import numpy as np
import matplotlib.pyplot as plt

from sklearn.linear_model import LinearRegression

n=8; nt=5

x=np.array([ 0.5, 1., 2., 3.5, 5.5, 8., 10.5, 12. ]).reshape(n,l)

y=np.array(] 2.8654883 , 2.66422646, 3.68812138, 6.39507074, 9.26655548, 13.52528373,
19.38166085, 19.6975463 ]).reshape(n,1)

xt=np.array([ 1.5, 3, 6, 9, 13]).reshape(nt,1)

model = LinearRegression().fit(x, y)

beta0=model.intercept_ # BO
betal=model.coef # B,



R2= model.score(x,y) #R>
yh=model.predict(x) #y = y(z)
yth=model.predict(xt) #y(z,)

plt.figure(1)

plt.plot(x,y,'k.")
plt.plot(x,yh, 'b-")
plt.xlabel('x"); plt.ylabel('y")



Decision Tree (SJAMAARUT)
Atgel ojset shlol e A,
eg) £ AR (AR 4n=nl1+n2+n3=50+50+50)

2 A1, FHA2, ZPA3 = Setosa, Versicolor, Virginica~ 3Z%

H2=S[, SW, PL, PW ~

import numpy as np

1111:”—7(]7] ]
E == s

= ESEE]
import matplotlib.pyplot as plt

2AtR 2207

from sklearn.datasets import load_iris

# ZE
iris = load_iris()

print(iris.feature_names) # Y49 (X[0],X[1],X[2],.X

X, Y = load_iris(return_X_y=True)

from sklearn import tree # DecisionTree &2{ 27|
clf =
plt.figure(0)

DTreeb=tree.plot_tree(clf fit(X,Y))#iris.data, iris.target))
# 1 (DTreeb)& epst¥d = A% (jpgs k™ 7.
plt.savefig('DTreeb.eps')

tree.DecisionTreeClassifier(max_depth=>5).fit(X,Y)

#710](depth)=3 13

clf3 = tree.DecisionTreeClassifier(max_depth=3).fit(X,Y)
yh3=clf3.predict(X)
plt.figure(1)

DTree3=tree.plot_tree(clf3.fit(X,Y))
#1H(DTree3)g epsitd =2 A At
plt.savefig('DTree3.eps')

X[3] <=0.8
ginl = 0.667
samples = 150
value =[50, 50, 50]

7 \

LA
2ol7o],

eps7t ot £5)

S =00 X[3] <= 1.75

samples = 50 ginl-=-0.5
X(2] <= 4.95
ginl = 0.168

value =[50, 0, 0] | | Samples =100
samples = 54

value = [0, 50, 50]
/—'
value = [D, 49, 5]

rd N

X[3] <= 1.65 X[3] == 1.55

ginl = 0.041 ginl = 0.444

samples = 48 samples = 6
value = [0, 47, 1] value = [0, 2, 4]

N\

/ N\ /

™~

2]

[3])=(SL,SW,PL,PW)

X[2] <= 4.85

= 0.043
samples = 46

value = [0, 1, 45]

gini

/

X[0] == 5.95

ginl = 0.444

samples =3
value = [0, 1, 2]

/

\

X

gini = 0.0
samples = 43
value = [0, 0, 43]

gini = 0.0 gini = 0.0 gini = x[lﬂ :Em gini = gini = 0.0
samples = 47 samples = 1 samples = 3 Eamples' =3 samples = l samples = 2
value = [0, 47, 0] value = [0, 0, 1] value = [0, 0, 3] value = [0, 2, 1] value = [0, 1, 0] value = [0, 0, 2]

ginl = gini = 0.0

samples = 2
value = [0, 2, 0]

samples =1
value = [0, 0, 1]

Tree % (Dtreel): Zlo]=5.



AlYaw &= (Ginl impurity): Atzo] ZHL7F FLAsHA Ao Ao™ AHA.

gini=1— Y pkI0), p(klt): 917 =E(node)ol Al ko] 451 A4=o] u]g
k=1

UAt = (root node): 15078 MEZoA ZFZefjA AE4=50:50:50
3 3

gini=1—Y,p(kl0)* =1— >,(50/150)> = 1—1/3=0.667

k=1 k=1
oA 7] 2R71E & Aldee=s Aaststes /7€ #5171
- FR7IE X; =08, o]rrH gini=0+0.5=0.5 ~ B27]%0|5}l7} yeske @®/@o2 oy o=z

wo .
L1) BEa=50, SA AE4=50:0:0, ojtf A4z (gini)=0 -~ stop
X; > 0.8 H=(e28Y) AB24=100, 2L AMZ4=0:50:50, olrf gini=0.5

~ X[3]l==08 >
T gini = 0.667
samples = 150
value = [50, 50, 50]

VA"

oo [ CI=173
samples = 50 < 2 LE Pt ° x}lEEEA| Ba27]%o0 _
& amples = 100 the AtarEsA] E57|&0] X[3]=0.8,
value =[50, 0, 0] | vajue = [0, 50, 50] - =

X; > 0.8 He AEAA o8 7] 2/718%F AUEtEE 2A4dsts #/71F 4617

— BE2I|& X, =1.75, ot} ¢ini=0.168+0.043=0.211

X;>08 & X; < 1.75 H= MEL=54, Zg2 ME4L=0:49:50]0] g¢ini=0.168

X;>0.8 & X;>1.75 BH= AMEL=46, ZfA AE4=0:1:450]T ¢ini=0.043

NBRRIE FolF AUEY WA B8 BRI U e REHW Auxz 2t
eS| X1 K] LS~ overfitting)

X[3] <= 0.8
gini = 0.667
samples = 150
value =[50, 50, 50]

/N

— X =17
anlI = 0.050 [g3i]ni<= 0.5 5

samples = samples = 100

value = 50, 0, 01}’ f y5jue = [0, 50, 50]

7 N

X[2] <= 4.95 X[2] <= 4.85
gini = 0.168 gini = 0.043
samples = 54 samples = 46
value = [0, 49, 5] value = [0, 1, 45]
/" gini=0.041 gini = 0.444 gini = 0.444 gini = 0.0
| samples =48 | samples = 6 samples = 3 [ samples = 43 \
value = [0, 47, 1] value = [0, 2, 4] value = [0, 1, 2] value = [0, 0, 43] /

~ _—

Tree F+%&(Dtreel): Z10]=3. —

1. 9o X[3]<0.8 ==> Z2fA]1(Setosa) (reds12}0])

2. 9eF X[3]>0.8 & X[3]=<1.75 & X[2]=4.95 ==> Z&A2(Versicolor)(green-s 12}0])
== OFoF X[2]<4.95 & 0.8<X[3]<1.75 ==> Z|A2(Versicolor)

3. GHoF X[3]>0.8 & X[3]>1.75 & X[2]>4.85 ==> 22| A3(Virginica)(blues 12}0])

== OFoF X[3]>1.75 & X[2]>4.85 ==> ZefA3(Virginica)



RF(random forest):

oj2] 719 JAtAZ% - (decision trees) 22 7

At&7F FojX|H Bootstrap sample(5¥3x& #2)Z o 7 FESA 2 AR
decision treeg A-&sto] 72t Aute] FH3 A2, FRAC] Bol AREH.

#pQIRL R ¢ Ttaly®] 2 A|HoA AjufE 37FK] F5(1,2,3)9] 2= RFE 9419

import numpy as np

=
aTr

Mo

import pandas as pd

from sklearn import tree

yx=pd.read_csv('d:/Python2021_Lecture/wine_tr.csv')

yx=yx.values

y=yx[:,0]; x=yx[:,1:] # 127] ®3(X[0]~X[11])

M = tree.DecisionTreeClassifier().fit(x,y)

print(M.feature_importances_) # 127} ¥4 0%

71}t [0.44283579 0. 0. 0. 0.06558198 0.
0.38525106 0. 0. 0. 0. 0.10633117]

~ QWS = X[0], X[6], X[11], X[4]

yh=M.predict(x)

plt.figure(0)

DTree_wine=tree.plot_tree(M.fit(x,y))
#18(DTree_wine)Z epstd 2 A% (jpgst= 7Hs)
plt.savefig('DTree_wine.eps')

®[0] == 0.461
ginl = 0.654
samples = 131
value = [44, 54, 33]

vl -

X[6] == 0129 X[6] == 0.262
gini = 0.163 gini = 0.515
samples = 56 samples = 75
value = [0, 51, 5] value = [44, 3, 28]
ginl = 0.0 gini = 0.0 gini = 0.0 xld;lnid: 1:? 11:? S
samples = 5 samples = 51 samples = 28 sagrnples =47
value = [0, &, 5] value = [0, 51, 0] value = [0, 0, 28] value = [44, 3. 0]

£ N

gini = 0.0 gini = 0.0
samples = 3 samples = 44
value = [0, 3, 0] value = [44, 0, 0]

1. 9FeF X[0]<=0.461 & X[6]<=0.129 ==> &&3
2. 9FeF X[0]<=0.461 & X[6]>0.129 ==> &&2
3. §tek X[0] >0.461 & X[6]<=0.262 ==> %3
4. 9ok X[0] >0.461 & X[6] >0.262 & X[4]<=0.195 ==> &F2
5. §tek X[0] >0.461 & X[6] >0.262 & X[4] >0.195 ==> &%



