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pip install mglearn
pip instll scikit-learn==1.0.2
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from IPython.display import display, Image
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import matplotlib

from matplotlib import font_manager, rc
import matplotlib.pyplot as plt

import platform

path = "C:/Windows/Fonts/malgun.ttf"
if platform.system() == "Windows":
font_name = font_manager.FontProperties(fname=path).get _name()
rc('font', family=font_name)
elif platform.system()=="Darwin":
rc('font', family='AppleGothic')
else:
print("Unknown System™)

matplotlib.rcParams[ 'axes.unicode_minus'] = False
%matplotlib inline

display(Image(filename="img/linear_model®@l.png"'))
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display(Image(filename="img/linear_model®2_mse.png'))
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import numpy as np
import matplotlib.pyplot as plt



import matplotlib
import pandas as pd

# 28X &EH UAS %, EX
import sklearn
import mglearn

2.

e

print("numpy H & , np.__version_ )
print("matplotlib HH& : ", matplotlib._ version_ )
print("sklearn H & ", sklearn.__version_ )
print("mglearn H & mglearn.__version_ )
print("pandas H& pd.__version_ )

numpy HH& : 1.26.4
matplotlib H& : 3.9.0
sklearn HH& : 1.0.2
mglearn H& : ©0.1.9
pandas HH& @ 2.2.2

from sklearn.model_selection import train_test_split
from sklearn.linear_model import LinearRegression

Ed0| oLt o] 1 &=

mglearn.plots.plot_linear_regression_wave()

w[0@]: ©.393906 b: -0.031804
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!'pip install scikit-learn==1.0.2

from sklearn.linear_model import LinearRegression
from sklearn.datasets import load_boston

boston = load_boston()
X = boston.data
y = boston.target

# 2 doled - A

# 28 HO0H - €&
C:\Users\user\anaconda3\envs\sklearn102\1lib\site-packages\sklearn\utils\deprecati
on.py:87: FutureWarning: Function load_boston is deprecated; " load_boston™ is dep
recated in 1.0 and will be removed in 1.2.

The Boston housing prices dataset has an ethical problem. You can refer to
the documentation of this function for further details.

The scikit-learn maintainers therefore strongly discourage the use of this
dataset unless the purpose of the code is to study and educate about

ethical issues in data science and machine learning.

In this special case, you can fetch the dataset from the original
source::

import pandas as pd

import numpy as np

data_url = "http://lib.stat.cmu.edu/datasets/boston"
raw_df = pd.read_csv(data_url, sep="\s+", skiprows=22, header=None)
data = np.hstack([raw_df.values[::2, :], raw_df.values[1l::2, :2]])
target = raw_df.values[1::2, 2]
Alternative datasets include the California housing dataset (i.e.
:func: ~sklearn.datasets.fetch_california_housing™) and the Ames housing
dataset. You can load the datasets as follows::

from sklearn.datasets import fetch_california_housing
housing = fetch_california_housing()

for the California housing dataset and::

from sklearn.datasets import fetch_openml
housing = fetch_openml(name="house prices", as_frame=True)

for the Ames housing dataset.

warnings.warn(msg, category=FutureWarning)
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print( boston.keys() )
print( boston.feature_names )

dict_keys(['data', 'target', 'feature_names', 'DESCR', 'filename', 'data_modul
e'])

["CRIM" 'ZN' "INDUS' 'CHAS' 'NOX' 'RM' 'AGE' 'DIS' 'RAD' 'TAX' 'PTRATIO'

'B" "LSTAT']

x — -

e NE - PNl
plt.hist(y)

(array([ 21., 55., 82., 154., 84., 41., 30., 8., 10., 21.]),

array([ 5. , 9.5, 14. , 18.5, 23. , 27.5, 32. , 36.5, 41. , 45.5, 50. ]),
<BarContainer object of 10 artists>)
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X_train, X_test, y train, y_test = train_test_split(X, vy,
test_size=0.3,
random_state=42)

B2 F=FH g, A5
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model = LinearRegression().fit(X_train, y train) #
pred = model.predict(X_test)
pred




array([28
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23.
24.
26.
27.
15.
22.
17.
13.
17.
21.
22.
22.
16.
20.

5.
21.
31.
25.
20.
22.
12.

7.
15.
15.
23.
13.

.64896005, 36

28065815, 21
57297369, 5

07974981, 18
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import pandas as pd

.49501384,
14668944, 17.
82286159, 18.
19191985, 20.
44319095, 30.
934748 , 23.
16564973, 25.
50268505, 30.
93767876, 31.
19006621, 13.
3124053 , 34.
99282065, 18.
68101452, 30.
57699669, 20.
42550472, 27.
.43504661,
19857446, 12.
95762512, 19.
.42970803,
91078077, 24.
06972676, 24.
.47894211,
59054562, 19.
27826455, 34.
86300844, 24.
11020547, 25.
97398533, 25.
.07953576, 22.
.86242766, 28.
.65990044, 23.
.68286302, 18.

3921241 ,
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85527988,
59943345,
22571177,
57695918,
07693812,
3257627 ,
6223286 ,
86975466,
01963242,
08649576,
31613646,
91729352,
97379993,
98679953,
92909733,

06060014,
13138581,
03241742,
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6955941 ,
18608828,
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81792146,

98342478,

dict_dat = {"& M 2t":y_test, "0l=gt":pred, "@Xt":y_test - pred}
dat = pd.DataFrame(dict_dat )

dat
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23.6
324
13.6
22.8

16.1

17.1
14.5
50.0
14.3

12.6

ofl 52
28.648960
36.495014
15411193
25403213

18.855280

17.403672
13.385941
39.983425
16.682863

18.285618

152 rows x 3 columns

2Kt
-5.048960
-4.095014
-1.811193
-2.603213

-2.755280

-0.303672

1.114059
10.016575
-2.382863

-5.685618

dat['QXE U] = abs(dat['2Xt'])

dat[' @A Z ']

dat
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36.495014
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18.855280

17.403672
13.385941
39.983425
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152 rows x 5 columns
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= MAE(mean absolute error) : B HCHZt

= dat[' X '] ** (2)

X XECH

-5.048960

-4.095014

-1.811193 1.811193
-2.603213 2.603213
-2.755280 2.755280
-0.303672 0.303672
1.114059 1.114059

XA &

5.048960 25.491998

4.095014  16.769138

3.280421
6.776718

7.591567

0.092216

1.241127

10.016575 10.016575 100.331779

-2.382863 2.382863

-5.685618

» MSE(mean squared error) : B M& 2%t

5.678036

5685618  32.326247
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MAE (mean absolute error)
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### MSE, MAE, RMSE, RMLSE
sum(dat['2 Xt E 2t '])/1len(dat[ ' X EH-E'])

3.1627098714574284
np.mean(dat['2@ Xt EH2t'])

3.1627098714574284

MSE (mean squared error)

o ZtZto| HIOIE S| (MM EL-CI5ah) ~ 2 2 &5 HIOIH2 MEL| /42 LIFOEA

value = np.mean(dat['2 XX ="'1)
value

21.51744423117749

mse_value = sum(dat['@Xt'] ** 2) / len(dat['2X'])
mse_value

21.517444231177492
from sklearn.metrics import mean_squared_error

mean_squared_error(y_test, pred)

21.51744423117749

RMSE (root mean squared error)
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# (1) N=0l FEE AN AGHI (2) Mzst gt 202 LS
rmse = np.sqrt(mse_value)

# rmse = mse_value ** 9.5 # CtE 2H

print(rmse)

4.638689926172852

™ A 4= (coefficient of determination)
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at= otdl- Z2F A=+ Lot
&= o {:.2f}".format(model.score(X_train, y train)))
print("HAE OIOIE HNE &= : {:.2f}".format(model.score(X_test, y test)))

# R 29
print("2& OOIH ME
=d OO NE &= : 0.74
HAE OOIEH ME &= : 0.71

train_test_split(X, y, test_size=(i/10),

for i in range(1, 6, 1):
X_train, X _test, y_train, y_test

model = LinearRegression()

model.fit(X_train, y_train)
pred = model.predict(X_test)

pred[:5]
np.abs(y_test - pred).sum() / len(pred)

((y_test - pred)**2).sum()/len(pred)
(((y_test - pred)**2).sum()/len(pred))**0.5

mae =

mse =

rmse =
: ", (i/10))

print("test_size
print("MAE : {:.3f}".format(mae))
{:.3f}".format(mse))

print("MSE :
print("RMSE : {:.3f}".format(rmse))

print("")

test_size : 0.1
MAE : 2.834

MSE : 14.996
RMSE : 3.872
test_size : 0.2
MAE : 3.189
MSE : 24.291
RMSE : 4.929

test_size : 0.3
MAE : 3.163
MSE : 21.517

RMSE : 4.639
test_size : 0.4
MAE : 3.298
MSE : 21.833
RMSE : 4.673

test_size : 0.5
MAE : 3.398
MSE : 25.175

RMSE : 5.018

SE= WUl
HO|EHE Lt A0 2t RMSEE O{E A Z|=X| 2Qlsl Xt
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