In [1]:

In [2]:

In [3]:

Out [3]:

J, matplotlib inline
import numpy as np
import pandas as pd

import matplotlib.pyplot as plt

# ML
from
from
from
from
from
from
from
from

# Voor statistische data visualisatie

Boston_housing

libraries inladen
sklearn import linear_model
.model_selection import train_test_split

sklearn
sklearn
sklearn
sklearn
sklearn
sklearn
sklearn

import preprocessing
.linear_model import Ridge
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.feature_selection import SelectKBest
.feature_selection import chi2
.feature_selection import f_regression
.covariance import EllipticEnvelope

import seaborn as sns; sns.set(color_codes=True)

# Inlezen van de dataset
dataset = pd.read_csv('boston_housing.

# Toon de eerste rijen van de dataset

dataset.head (10)
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17.799999 392.829987
18.700001 394.630005
18.700001 396.899994 .33 760.200016
18.700001 394.119995 .21 602.700016
15.200000 395.600006 12.43 480.899992
15.200000 396.899994 19.15 569.100008
15.200000 386.630005 29.93 346.500000
15.200000 386.709992 17.10 396.899992

.03 728.700016
.94 701.400032
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0.0.1 Beschrijving van de verschillende features:

¢ CRIM - per capita crime rate by town

* ZN - proportion of residential land zoned for lots over 25,000 sq.ft.

¢ INDUS - proportion of non-retail business acres per town.

* CHAS - Charles River dummy variable (1 if tract bounds river; 0 otherwise)

* NOX - nitric oxides concentration (parts per 10 million)

¢ RM - average number of rooms per dwelling

* AGE - proportion of owner-occupied units built prior to 1940

¢ DIS - weighted distances to five Boston employment centres

* RAD - index of accessibility to radial highways

¢ TAX - full-value property-tax rate per $10, 000

¢ PTRATIO - pupil-teacher ratio by town

e B-1000(B; — 0.63)? where By is the proportion of blacks by town

* LSTAT - % lower status of the population # Verwijder de CHAS waarden (overal 0) is een
dummy variabele dataset.drop(‘CHAS’, axis=1, inplace=True) #inplace vervangt huidige
dataframe en axis=1 -> kolom (axis 0 is een rij)- Price - Median value of owner-occupied
homes in $1000s

In [4]: # Verwijder de CHAS waarden (overal 0) is een dummy variabele
dataset.drop('CHAS', axis=1, inplace=True) #inplace vervangt huidige dataframe en azis

In [6]: # Verwijder de alle rijen waarin uitschieters staan.
# Uitschieters worden berekend via de 3 sigma regel.
# 3 stgma —-> 99,7 procent van de gegevens ligt binnen de -3 sigma —> + 3 sigma

from scipy import stats
dataset = dataset[(np.abs(stats.zscore(dataset)) < 3).all(axis=1)]
dataset.describe()

Out [5]: CRIM ZN INDUS NOX RM AGE \
count 441.000000 441.000000 441.000000 441.000000 441.000000 441.000000

mean 2.649013 9.988662  10.759479 0.547575 6.265785  67.632200
std 6.273766 19.941189 6.749778 0.112896 0.685393  27.997824
min 0.006320 0.000000 1.250000 0.385000 3.561000 2.900000
25% 0.081870 0.000000 5.190000 0.449000 5.877000  45.000000
50% 0.217190 0.000000 8.140000 0.524000 6.172000 74.500000
75% 1.656600 12.500000  18.100000 0.609000 6.590000  93.599998
max 67.920799  80.000000  27.740000 0.871000 8.780000 100.000000



DIS RAD TAX PT B LSTAT \
count 441.000000 441.000000 441.000000 441.000000 441.000000 441.000000

mean 3.851895 8.478458 389.045351 18.387302 375.393853 12.165329
std 2.054524 8.000859 158.293650 2.164533 49.296266 6.632866
min 1.169100 1.000000 188.000000 12.600000 83.449997 1.730000
25% 2.122200 4.000000 277.000000 17.000000 377.730011 6.920000
50% 3.375100 5.000000 311.000000 18.700001 392.200012 10.740000
75% 5.231100 8.000000 432.000000 20.200001 396.899994 15.940000
max 10.710300 24.000000 711.000000 22.000000 396.899994 31.990000
Price

count 441 .000000
mean 478.785715

std 180.278859
min 105.000000
25% 380.100008
50% 455.700016
75% 525.000000

max 1050.000000

In [6]: # Lineaire correlatie tussen de features
dataset.corr()

# Visualiseer de onderlinge correlatiecoéfficiénten

f, ax = plt.subplots(figsize=(10, 8))

corr = dataset.corr()

sns.heatmap(corr, mask=np.zeros_like(corr, dtype=np.bool), cmap=sns.diverging_palette(:
square=True, ax=ax,annot=True)

Out [6]: <matplotlib.axes._subplots.AxesSubplot at 0x7fcaf35419b0>
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In [7]: # pairplot

sns.pairplot(dataset) ;
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# Dataset opsplitsen in training en test set

features

print (features)
X = dataset[features] .values
y= dataset['Price'].values
print (X)
print(X.shape)

# Een alternatief voor het opsplitsen in training en test set:
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# X = dataset.iz[:,0:dataset.columns.size-1].copy()
# Y = dataset.iz[:,dataset.columns.size-1:dataset.columns.size].copy()

'ZN',

6.32000000e-03

'"INDUS',

'NOX',

'RM',
1.80000000e+01

"AGE',

'DIS',

'RAD',

2.30999994e+00 ...,

'TAX',

list(dataset.columns[:dataset.columns.size-1])

'PT',

lBI

1.53000002e+01
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3.96899994e+02  4.98000002e+00]
2.73100010e-02  0.00000000e+00  7.07000017e+00 ... 1.77999992e+01
3.96899994e+02  9.14000034e+00]
2.72900000e-02  0.00000000e+00  7.07000017e+00 ... 1.77999992e+01
3.92829987e+02  4.03000021e+00]
6.07599990e-02  0.00000000e+00  1.19300003e+01 ... 2.10000000e+01
3.96899994e+02  5.63999987e+00]
1.09590001e-01  0.00000000e+00  1.19300003e+01 ... 2.10000000e+01
3.93450012e+02  6.48000002e+00]
4.74100000e-02  0.00000000e+00  1.19300003e+01 ... 2.10000000e+01
3.96899994e+02  7.88000011e+00]]
(441, 12)

In [9]: sns.regplot(x= dataset.LSTAT,y=dataset.RM,color='#EB811B',line_kws={'color': 'green'},

Out[9]: <matplotlib.axes._subplots.AxesSubplot at 0x7fcael052710>

LSTAT

In [10]: # Opdelen in training en test set

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.33, random_stat



In [11]: # 4nitialiseren en trainen van het regressiemodel
lregmodel = linear_model.LinearRegression()
lregmodel.fit(X_train,y_train)

# Coéfficiénten en intercept wvan het lineair regressiemodel
print('coeffs: ',lregmodel.coef_)
print('intercept', lregmodel.intercept_)

coeffs: [ -3.56141289e+00  4.05479295e-01  8.14080284e-01 -2.70514977e+02
8.96450415e+01 -3.02997261e-01 -2.77339444e+01  7.47151897e+00
-2.92233040e-01 -1.61741146e+01  7.62044683e-02 -1.17962045e+01]
intercept 650.652022517

In [12]: # Voorspel de prijs van een huis met
#CRIM & ZN & INDUS & NOX & RM & AGE & DIS & RAD & TAX & PT & B & L
#0.11 § 0 & 12.03 & 0.57 & 6.80 & 89.30 & 2.39 & 1 & 273 & 21.00 & 393.45 & 6..
house =np.array([0.11, 0,12.03,0.57,6.80,89.30,2.39 ,1 , 273 , 21.00 , 393.45 , 6.48]
price = lregmodel.predict(house.reshape(1,-1))

#print (house.reshape(1,-1).shape)
print('De prijs van het huis bedraagt: ' , price)

De prijs van het huis bedraagt: [ 563.68335073]

In [13]: # Ewvaluatie wan het model
y_predicted = lregmodel.predict(X_test)

## Mean Absolute Error
from sklearn.metrics import mean_absolute_error

MAE = mean_absolute_error(y_test,y_predicted)
print ('MAE = ' ,MAE)

## Mean Squared Error
from sklearn.metrics import mean_squared_error

MSE = mean_squared_error(y_test,y_predicted)
print('MSE = ',MSE)

## coefficient of determination = r2 score
from sklearn.metrics import r2_score

r2 = r2_score(y_test,y_predicted)

print('r2 score = ',r2)



MAE
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In [14]:

In [15]:

Out[15]:

In [16]:

Out [16]:

### alternatieve manier voor het bepalen van de T2 score
r2 = lregmodel.score(X_test,y_test)

print('r2 score = ', r2)

64.0090867586
7803.89332739

0.754254234917
0.754254234917

Modeloptimalisatie en feature engineering

# Normalisatie
from sklearn.preprocessing import StandardScaler

scaler = preprocessing.StandardScaler().fit(X_train) # Normaliseer naar gemiddelde =

#scaler = preprocessing.MazAbsScaler().fit(X_train) # Deel elke waarde door de abso
#scaler = preprocessing.MinMazScaler(). fit(X_train) # Trek wvan elke waar het min af
X_train = scaler.transform(X_train)

X_test = scaler.transform(X_test)

# regularisatie toepassen

lregmodel = Ridge(alpha=0.1,t0l1=0.0001,fit_intercept=True)
lregmodel.fit(X_train,y_train)
lregmodel.score(X_test,y_test)

0.75430150652955652

# toevoegen wvan extra feature: LSTAT 2 LSTAT 3
dataset2 = dataset.copy()
dataset2.insert(dataset2.columns
dataset?2.insert(dataset2.columns.
dataset2.insert (dataset2.columns.
dataset2.insert(dataset2.
dataset2.insert (dataset2.
dataset2.insert (dataset2.
dataset2.insert (dataset2.
dataset2.insert (dataset2.
dataset2.head ()

.size-1,'LSTAT"2',dataset .LSTAT*x*2)
size-1,'LSTAT"3',dataset.LSTAT*%*3)

size-1, 'LSTAT*RM',dataset.LSTAT*dataset.RM)

size-1, 'LSTAT*RM~2',dataset.LSTAT*dataset.RM**2)
size-1, 'LSTAT " 2*xRM"2', (dataset.LSTAT**2)*dataset .RMx*
size-1, 'LSTAT*AGE',dataset.LSTAT*dataset.AGE)
columns.size—-1, 'LSTAT*AGE"2',dataset.LSTAT*dataset.AGE**2)
.size-1,'LSTAT 2*AGE', (dataset.LSTAT**2)*dataset.AGE)

columns.
columns.
columns.

columns

CRIM ZN INDUS NOX RM AGE DIS RAD TAX PT \
0 0.00632 18.0 2.31 0.538 6.575 65.199997 4.0900 1 296 15.300000
1 0.02731 0.0 7.07 0.469 6.421 78.900002 4.9671 2 242 17.799999
2 0.02729 0.0 7.07 0.469 7.185 61.099998 4.9671 2 242 17.799999
3 0.03237 0.0 2.18 0.458 6.998 45.799999 6.0622 3 222 18.700001
4 0.06905 0.0 2.18 0.458 7.147 54.200001 6.0622 3 222 18.700001
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LSTAT"2
24.800400
83.539606
16.240902

8.643600
28.408899

LSTAT"3
123.505993
763.552030

65.450837
25.412185
151.419431

LSTAT*RM
32.743499
58.687942
28.9556561
20.574121
38.093509

LSTAT*RM~2 \
215.
376.
208.
143.
272.

288501
835277
045634
977701
254300

LSTAT"2%RM"2
1072.136738
3444 .274564

838.423950
423.294448
1451.115396

LSTAT*AGE
324.695986
721.146041
246.233007
134.652000
288.886000

LSTAT*AGE"2
21170.177300
56898.423742
15044 .836331

6167.061515
15657.621416

LSTAT"2*AGE
1616.986017
6591.275063
992.319069
395.876889
1539.762358

Price
000000
600008
700016
400032
200016

504.
453.
728.
701.
760.

S W NN R O

[6 rows x 21 columns]

In [17]: features = list(dataset2.columns[:dataset2.columns.size-1])

print (features)

X = dataset2[features].values

y= dataset2['Price'].values

# splits op in training set en test set

X_train_2, X_test_2, y_train_2, y_test_2 = train_test_split(X, y, test_size=0.2, rand
['CRIM', 'ZN', 'INDUS', 'NOX', 'RM', 'AGE', 'DIS', 'RAD', 'TAX', 'PT', 'B', 'LSTAT', 'LSTAT"2'
In [18]: # trainen en testen wan het model

lregmodel2 = linear_model.LinearRegression()
lregmodel2.fit(X_train_2,y_train_2)

r2score_2 = lregmodel2.score(X_test_2,y_test_2)
print(r2score_2)

0.850152617786

In [19]: # met regularisatie
lregmodel2 = Ridge(alpha=1000,t01=0.0001,fit_intercept=True)
lregmodel2.fit(X_train_2,y_train_2)
lregmodel2.score(X_test_2,y_test_2)

Out[19]: 0.80222317254919695

In [29]: # Via KernelRidge met een polynomial kernel

from sklearn.kernel_ridge import KernelRidge

lregmodel3 = KernelRidge(alpha=10, degree=3, gamma=None, kernel='polynomial')
lregmodel3.fit(X_train,y_train)



y_predicted = lregmodel3.predict(X_train)
r2 = r2_score(y_train,y_predicted)

print(r2)
0.856500367597
In [21]: from IPython.core.display import display, HTML
display (HTML("<style>.container { width:100% !important; }</style>"))

<IPython.core.display.HTML object>
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