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e LinearRegression 2cfA

class sklearn.linear_model.LinearRegression(fit_intercept=True, normalize=False, copy X=True, n_jobs=1)

fit_intercept | Booleang!, LIZE:True, 2™ gt= H&E ACIX L X E KIE False &
= A4 EEH2 022 XNE
Itetol & , —_— o ol 22 0| T

normalize Booleang!, Cl = E:False, fit_intercept Jt False 21 Z < 0| Ltet0lE It

S Al, True 0| H 2| HE =2otd| &0 2= GIOIH HI £ 813

coef fitO HASE A= M 2/ H H=It BiE el J&Eote =54
A A

intercept_ intercept gt
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from sklearn.model selection import 58 val score

y target = bostonDF{'PRICE'}
X data

lr = LinearRegression ()

bostonDF.drop ([ 'PRICE'] ,axis=1,inplace=False)

)2 5 Fold #C2 MsE & T# F Ol 7|H2=E ChA| rRMSE TH.
val score(lr, X data, y target, scoring="neg mean squared error",
* neg mse scores)

>.mean (rms scores)

# cross ve re (scoring="neg mean squared error ")E gkl

ST s 9| 7|84 Negative MSE scores: ', > . round (neg

9

Gl
UI*It(' O O| 7i¥ RMSE scores : A np.round(rmse scores,
(RS E is o] WF RMSE : {0:.3f) '.format (avg rmse))

print

Negative MSE scores: [-12.46 -26.05 -33.07 -80.76 =-33.31]
RMSE scores : (358 /5.0 7575 8599 /5. 7T7]
RMSE : 5.829
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Degree:1, MSE:0.41

True function
Samples

True function
e Samples

Degree:4, MSE:0.04

X 2ol 2 AHMAI 22 E 0] It s,

| A2 S MO 2

e Model
True function
e Samples

Degree:15, MSE: 180526263
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4. L dg 22

o X2 (Degree)lt U LO® PAXS P =00 JHEE0| =

H|& &4 28 = Min(RSS(W) + alpha * | W |i})

ol

F 2= Min(RSS(W))

e alpha=02 ARL=WItHE 2= 00|22 = &
e alpha=%5S¢ctl &1 BR=W Z 00| JtZH =l Aot ofOF &
alpha 2 A& alpha St
RSS(W) Xl £ &} < > 31 Haw2A
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Mol det= 0IXIAl 2= S0l UiotH 00l D= tSXIE &

# RidgeOi| =gel

alphas =

# alphas list @2 iterationSt®HA alphal [E BE rmse 78
for alpha in alphas

ridge = Ridge (alpha = alpha)

A rRMSE AH|A
idge, X data, y target, scorin

#cross val scoreE O|&35
neg mse Scores = Cross g="neg mean squared error
avg rmse = np.mean (np.sc Y mse scores))

print ('alpha {0} e m s s 8 P RMSE : {1:.3f} '.format (alpha,avg rmse))
5 folds 2| BT RMSE : 5.829
M 5 folds 2 WX RMSE : 5.788

5 folds 2| BT RMSE : 5.653
[[H 5 folds 2| W@ RMSE : 5.518

M 5 folds & W& RMSE : 5.330

alpha [rH
alpha 0. OE'
alpha | [
alpha
alpha
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L0 15 0 0l
=get linear reg eval('Lasso', params=lasso alphas, X data n=X data, y target n

# cto| A8E alpha It O|5t1 get linear reg eval() ¥+ 2E
]

FH##44F  Lasso #E##HEH

alpha 0.07¥ M 5 EE MES| BF RMSE:
alpha 0.1 [ 5 25 MEQS| TF RMSE:
alpha 0.5¢ [ 5 ZE MEQS| TF RMSE:
alpha 14 M 5 EE MES| BF RMSE:
alpha 3¢ M 5 EE MEQ| B RMSE:




e alpha &!0l SItotEHA 2l H=+=Jt 00l 8= & = US




AdtAE U S| H

o L2 XL ANE Z2Eet 3l A

o cCiA 3= Qloll alpha gt0ll et 2/ Hl==Jt 00| &= L™ It & X

Aq=0l, Ol = 2tztot)| #?loll L2 H#HE =Itet A
o L1UHL2 AMIEZ2EEIIN0U dUHBLE +=HAIZH0| 2 2

# AtAE|H0| AF2E alpha I2tO|ES| gk
# 11 ratior 0.72 1M

0.07

elastic alphas = [ 0.07, 0.1, 0.5, 1, 3]

coeff elastic df =get linear reg eval ('ElasticNet', params=elastic alphas,

X data n=X data, y target n=y target)

444444 ElasticNet #######
alpha 0.07% M 5 EE MEQS| W RMSE: 5
alpha 0.1 M 5 EE MES| HF RMSE:

alpha 0.5% M 5 EE MEQS| W RMSE: 5
alpha 1% [EH 5 £ MES| B# RMSE: 5.5
alpha 3% M 5 EE AMES| BWF RMSE: 6.0
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o ZBINO=F MY 2| HE HEotdd= GIOIE MEON IO gt =2 It &6kl
H=E0 UE ERU= 2] BHats 8&ote A0l E=2 Z2H4AE JUHE =
ol
A O

alpha gt
Het=d
0.1 1 10 100

24 0IH 5.988 5.653 5.518 5.330

HEIEAEE 5.826 5.803 5.637 5.421

HEI 7 L+ 2K CHeta 8.827 6.871 5.485 4.634

FAQYEIUE E st 5.764 5.465 5.754 7.635

ZANEICHat B ARG+ 2Kt CHEE A 5.298 4.323 5.185 6.538

2 HE 4.770 4.676 4.836 6.241
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2 0els 2|4 Estimator 224 & & Estimator 224
Decision Tree DecisionTreeRegressor DecisionTreeClassifier
Gradient Boosting GradientBoostingRegressor GradientBoostingClassifier
XGBoost XGBRegressor XGBClassifier

LightGBM LGBMRegressor LGBMClassifier




from sklearn.datas

from sklearn.

from sklearn.ensemnt import RandomForestR

import pandas a

# EAH O|o|E

boston

NE 2E

load boston()

bostonDF DataFrame (boston.data, columr

bostonDF[ 'PRICE'] boston.target
bostonDF ['PRICE']

RTOR!]

R1CL

y target

X

data

= bostonDF.drop (['P
r (random state=0,
score (rf,
* neg mse scores)
scores)

Q
o}

[ Negative MSE score
|8 RMSE scores : !

L@ RMSE : {0:.

printi

r

oY OY oY
0l O Ol
lo o lo

£}

]
S

-

L
[2.82 3.6l

7H¥d Negative MSE scores:
¥ RMSE scores

T RMSE : 4.420

1S

X data,

np.round (rms

2gresso

= DOS

ton.feature names)

n estimators=1000)

;] target,

qe !
S ’

np.round (neg ms

e scores,

ormat (avg se))

il

72938 =13706F=200538=467318=1 878

4.53 6.8 4.34]



timators=]

o ool BHEO{ZEl x_data, s get COIE| Mg
fit (X data,

<matplotlib.axes. subplots.AxesSubplot at 0x10ee5fc40>

0[0

e feature_importance E Soll I HE SEE & = U



[ *RM:* , “PRTECE "] ]
ample.sample (n=100

plt.scatter (bostonDF sample. onDF sample.P CE, c="darkorange")

(IO, 2)
<matplotlib.collections.PathCollection at 0x124d856d0>

Jte Z28e 2AHE JHHE RM = 0|0l 1000 8=2¢€



ysize=(14,4),

~E

Regression')
sample .RM,
lr,label="1inear",

scatter (bos bostonDF

plot (X

test,

. . =
cisionTreeRegressorl| max depthE 22

set title('Decision Tree Regression:

.scatter (bostonDF bostonDF

plot (X test,

sample .RM,

pred rf2, label="max depth:3",

H
N —1

[H

max

- A B
# DecisionTreeRegressor2| max depthE 72

ax3.set title('Decision Tree Regression: \n
bostonDF

=" depth:7",

ax3.scatter (bostonDF
ax3.plot (X test,

sample .RM,

pred rf7, label max

[<matplotlib.lines.Line2D at 0x128953130>]

2|7et 943 E2

sample.

sample.

sample.

ncols=3)

iy

PRICE, )

c="darkorang

linewidth=2 )

3|7 ols

depth=2"

P CE, c="darkorange")
linewidth=2 )

3|
dept
PRICE,
linewidth=2)

c="darkorange")

ol M Alztst



