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The quality of the data and the amount of useful information that it
contains are key factors that determine how well a machine learning
algorithm can learn

« Absolutely critical to examine and preprocess a dataset before we feed it
to a learning algorithm

 Topic in this chapter

» Removing and imputing missing values from the dataset
» Getting categorical data into shape for machine learning algorithm

Dealing with missing data

« Crucial to take care of missing values before proceeding with further
analyses

« Several practical techniques for dealing with missing values
v By removing entries from our dataset
v By imputing missing from other samples or features



Identifying missing values in tabular data

> pandas

=Tl

e i o mtringl0

i TS

x> cav_data = "' AB.CLD

1.0,£.0,3.0,4.0
5.0,6.0,,8.0
100,110,120,

*#> df = pd.read_csv(Stringl0{csv_data))

Read CSV-formatted data into a pandas DataFrame via read csv function

Two missing cells were replaced by NaN

rdt String/O function allows us to read the string assigned to csv data into a
0 10 20 30 4.0 pandas DataFrame
I 5.0 6.0 NaN 8.0
2 10.0 11.0 12.0 NaN
L b rsnulie) . sumt s isnull method to return a DataFrame with Boolean values that indicate
E [1:1 whether a cell contains a numeric value(False) or if data is missing(True)
D1
dtyeei int64 sum method : the number of missing values per column
== count the number of missing values per column
»xx df .values ) .
array([% 1.2, 3. H Access the NumPy array of a DataFrame via the value attribute
- ., han, o
[10., 11., 12., nan]])



Eliminating training examples or features with missing values

« One of the easiest way
v' simply to remove the corresponding features (columns) or training examples (rows)

533 df ¥ remove rows that contain missing values # remove columns that contain missing walues
N - df . dropna(axis=0) 4F dropnalaxis=1)
1 .0 B.0 Mal 8.0 A E i N & B
10,0 11.0 12.0 HMNaN O 1.0 2.0 3.0 4.0 ] 1.0 2.0
. ' 1 5.0 .0
2 10,0 11.0
# only drop rows where all columns are NaM # drop rows that have less than 3 real wvalues
df .dropnathow="al ") df .dropnalthresh=4)
& B o ]
& B C ]
] 1.0 2.0 3.0 4.0
1 B0 E.0 NaN 8.0 0 1.0 20 3.0 4.0
2 10,0 11.0 12.0 MaN
# only drop rows where NaM appear in specific columns (here: 'C') >x BEMHE A A

=2 df  dropl("C",axis=1)

df .dropnalsubset=['C"]) A E O
0 1.0 2.0 4.0
0 1 S Z g 3 S 4 g 1 2.0 6.0 8.0
' ' ' ' 2 10,0 11.0 Mah

2 10,0 11.0 12.0 MNaM



Imputing missing values
* One of the most common interpolation techniques : mean imputation

# impute missing walues wia the column mean(3rd edition)
sk learn., impute simplelmputer
nUmeY ne
imr==implelmputerimissing_values=np.nan, strategy='mean')

LT . array(LL 1. 2 3. L
imr=imr. fit{df.values) [ 5 B 75 8 ]
imputed_data=imr.transform{df.values) [10: R 12: E: ]j)

imputed_data

« An even more convenient way to impute missing values is by using
pandas’ 7i//na method

xx df fillnaldf. mean())

b
0
Nl
Nl

« Simplelmputer class belongs to the so-called transformer classes in
scikit-learn

v fit method : learn the parameters from the training data
v’ transform method: use those parameters to transform the data



Handling categorical data

* Ordinal features
v Categorical values that can be sorted or ordered (ex. T-shirt size)

« Nominal features
v' Don't imply any order (ex. T-shirt color)

Categorical data encoding with pandas

pandas pd

0 1 2 3
df = pd.DataFrame([['areen', 'M', 10.1, 'class1'], 0 agreen M 10.1 class]
['red', 'L', 13.5, 'classZ2'], 1 red L 13.5 class?
['blue', "AL', 15.3, 'class1']1]1) Z blue ®L 13.3 classl
df .columns = ['color', 'size', 'price', 'classlabel ']
df
color|size |price classlabel
0 | gareen 4 101 class]
1 red L 13.5 class?
g blue AL 15.3 class]




Mapping ordinal features

Convert the categorical string values into integers

v Let's assume the numerical difference between features
v XL=L+1=M+2

size_mapping = {'#L" 3,

L'y 2,
M1} color | size| price classlabel
0 areen 1 10.1 class
df['size'] = df['size'] .maplsize_mapping) 1 red 21 13.5 class?
df P blue 3 15.3 class]

Reverse mapping
v' Reverse-mapping dictionary

inv_size_mapping = {v. k k, w size_mapping. items( )}
df['size'] . maplinv_size_mapping)

0 i
1 L
2 HL
Mame: size, dtwvpe! object

0

1
¢

color
areen
red
blue

zize

AL

e classlabel
1 class
A class?
3 class



Encoding class labels

« Many machine learning libraries : class labels = encoded as integer values
AUmey ne color size price|classlabel
. . 0 green 1 101 class]
# create a mapping dict 1 red 7 13 5 class?
# to convert class labels from strings to integers 2 hlye 7 15.3 claszz1
class_mapping = {label: idx icdx, label enumerate(np.unigueldf['classlabel '11)}
class_mapping : '
('classl': 0, 'class?': 1} array(['class1', 'class2'], dtype=object)
v' Use the mapping dictionary to transform the class labels into integers
# to convert class labels from strings to integers
df['classlabel'] = df['classlabel'] mapliclass_mapping)
df
color size pricel| classlabel
0 green 1 10.1 0
1 red ¢ 13.5 1
2 blue 3 15.13 ]
v"  Reverse the key-value pairs in the mapping dictionary
# reverse the class label mapping color size price classlabel
inv_class_mapping = {v: k k, w class_mapping. items{)} 0 green ] 101 class]
df['classlabel'] = df['claszslabel '] maplinv_class_mapping) 1 red 2 13.5 classd
Adf 2 blue 3 15.3 classl
v’ LabelEncoder class in scikit-learn
sklearn.preprocessing LabelEncoder
#f Label encoding with sklearn's LabelEncoder #f reverse mapping
class_le = LabelEncoder() class_le. inverse_transformiv)
v = class_le. fit_transform(df['classlabel '] . values) , D D , ,
¥ arravi['classl', 'class2', 'class1'], dtwvpe=ohjiect)

array( [0, 1, 0]



Performing one-hot encoding on nominal features

« Nominal features

v' Don't imply any order (ex. T-shirt color)

= df(['color', 'size', 'price'l] wvalues

color_le = LabelEncoder()
Wl:, 0] = color_le.fit_transform{x[:, 013

#
array([[1, 1, 10.1],
(2, 2, 13.5],
[0, 3, 15.3]], dtype=cbject)

v' Blue=0, green=1, red=2

« One-hot encoding

sklearn.preprocessing OneHotEncoder
= df[['calor', 'size', 'price']l]l.values
color_ohe=0neHotEncoder ()
color_ohe. fit_transform({X[:.0] reshape(-1,1)) toarray()

arrav([[0., 1., 0.7,

(0., 0., 1.1,
(1., 0., 0.11)

color size price classlabel

0 green 1 10,1 0
1 red 2 13.5 1
¢ blue 3 15.13 0

Selectively transform columns in
a multi-feature array

sk learn. Compose ColumnTransformer
= df[['color', 'size', 'price']l]l.values
t ansf= BolumnTransformer([

( 'onehot ', OneHotEncoder (Y, [0,

('nothing', 'passthrough',[1.2])

13
c_transf.fit_transform(x) . astvpelfloat)
arrav([[ O, , 1., 0O, . 10 171.

o]
(o, 0., 1., 2..13.5],
(1 ., 0., 0., 3 15.311)



Performing one-hot encoding on nominal features

« More convenient way : get dummies method in pandas
v' get dummies method only convert string columns and leave all other columns

unchanged
>>> pd,get_dummies(df[['price', 'color', 'size'l])
price size color_blue color_green color_red color size price classl|abel
0 10,1 1 0 1 0 0 green 1 101 0
1 13.5 2 0 0 1 1 red 2 13.5 1
2 15.3 a3 1 0 (0 2 blue 3 15.3 0

v Drop the first column by passing a 7rue argument to the drop_first parameter

x> pd. get_dummies(df[['price', 'color', 'size'll. drop_first=True)
price size color_green color_red

0 10,1 1 1 0

1 13.5 ¢ 0 1

2 15.13 3 0 0

v' Drop a redundant column via the OneHotEncoder

color _ohe=UneHotbncoder{categories="auto’ .drop="TtTirst"')
c_transf=ColumnTransformer({[
('onehot ', color_ohe, [0]),
ﬁinothing','Dassthrough',[1,2])

- arravi [[ 1. ., 0, 1. . 10.17,
c_transf.fit_transform(¥) . astvpel(float) (o 1 NRENID
L 0., 0. 3. . 15.311)



Partitioning a dataset into separate training and test sets
« Wine dataset g

e pandas [oT8| <class 'pandas . .core.frame DataFrame'>

e UMY ne Rangelndex: 178 entries, O to 177
x> df _wine = pd.read_csv( "https:/Yarchive. ics . uci . edu/’ Data columns (total 14 columns):
'mlfmachine;learning—databasesfwinefwine.data', #  Column Mon—-Mull Count Dtwvpe
header= -——= === e
== df _wine.columns = ['Class label', "A&lcohol', "Malic acid', "dAsh', 0  Class label 178 non—-nul | intB4
"Alecalinity of ash', 'Magnesium', 'Total phenols', 1 &l cohaol 178 non-nul | floatE4d
'‘Flavanoids', 'Nonflavanoid phenols', 'Froanthocvanins', Z Malic acid 178 non—-nul | floatbd
‘Color intensity', 'Hue', '0DZ280/0D0315 of diluted wines', 3 Azh 178 non-nul | floatbd
'"Proline'] 4 Alcalinity of ash 178 non—nul | floath4d
x> print('Clazs labels', np.uniqueldf_winel 'Clazs label'])) 5  Magnesium 178 non-nul | intG4
Class labels [1 2 3] B Total phenols 178 non—-nul | floath4d
x> df _wine. head() 7T  Flavanoids 178 non-nul | floatEd
Class label Alcohol ... 00Z2B0/0D315 of diluted wines Proline ] Monf lavanoid phenols 178 non—null floatE4d
0 1 14.23 ... 3.9¢ 10E65 g Froanthocvanins 178 non—null floatE4d
1 1 13.20 ... 3.40 1050 1 Color intensity 178 non—-nul | floatbd
¢ 1 13.16 ... 3.17 1185 1 Hue 178 non-nul | floatG4d
3 1 14.37 ... 3.45 1480 1 00z280/00315 of diluted wines 178 non—nul | floathd
4 1 13.24 ... 2,93 735 13 Proline 178 non—-nul | intB4

dtwvpes: floatB4(11), intG4(3)

[5 rows x 14 columns] memory usage: 19,6 KB

« (lasses 1,2,3 which refer to the different types of grape grown in the
same region in Italy but derived from different wine cultivars

df _wine = pd.read_csv('wine.data', header= )




Partitioning a dataset into separate training and test sets
« train_test_spilit function from scikit-learn’s model_selection submodule

x> df_wine. info()

<class 'pandas.core.frame. DataFrame'>
Bangelndex: 178 entries, 0 to 177
Data columns (total 14 columns):

from sklearn.model _selection import train_test_split

w, v = df_wine.ilocl:, 1:].values, df_wine.iloc[:, 0] wvalues

dtvpes: floatB4011),
memory usage: 19.6 KB

int64¢3)

A_train, HK_test, v_train, v_test = train_test_split(¥, v, ¥ Column Mon-Mull Count Dtwpe
testsizend 0 Class label 176 non-null  intB4
random_state=0, 0 sz labe non—nu In
stratify=y) 30% for test set 1 &lcohol 178 non—nul | floatbd

2 Malic acid 178 non—null floatbd
3 Ash 178 non—null floatbd
. 4 Alcalinity of ash 178 non—-nul | floatE4d
Both trammg and tes’F c_latasets have the same class 5 Magnes ium 178 non-nol | By
proportions as the original dataset E  Total phenols 178 non-null  floath4
7 Flavanoids 178 non—-nul | floatE4d
B Monf lavanoid phenols 178 non—-nul | floath4d
g Froanthocvanins 178 non—-nul | floatE4d
10 Color intensity 178 non—-nul | floath4d
11 Hue 178 non—null floatbd
12 0028000315 of diluted wines 178 non—nul | floatbd
13 Proline 178 non—-nul | inthd



Bringing features onto the same scale
« Feature scaling: normalization and standardization
« Normalization : min-max scaling

ﬂf(E} — sk learn.preprocessing MinMaxbcaler
@ _ T 7 Tmin
anorm — mms = MinMaxScaler()
€r L - A_train_norm = mms.fit_transform(¥_ftrain)
- max . min w_test_norm = mms.transform{X_test)
o Standardlzathn sk learn.preprocessing atandardscaler
stdsc = StandardScaler()
f-} w_train_std = stdsc.fit_transform{¥_train)
. ' gj‘z — ., W_test_std = stdsc.transform(¥_test)
(i) __ L
.‘T'.s-td . o

T

=x» ex = np.arrav( [0, 1, 2, 3, 4, 5]1)

=xx oprint('standardized: ', (ex — ex.mean()) / ex.std())

standardized: [-1.46385011 -0.87831007 -0.29277002 0.29277002 0O.87831007 1.463850111]
2> print'normalized: ', (ex — ex.min()) / (ex.max() — ex.min()))

normalized: [0, 0.2 0.4 0B 0.8 1. ]
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UC OHI Q! http://archive.ics.usi.edu/ml
K

0

aggle datasets http://www.kaggle.com/datasets
FOFE AWS datasets https://registry.opendata.aws
[Et 2 (&1 IOl MY22| LHE)

ata Portals http://dataportals.org

v D
v" Open Data Monitor http://opendatamonitor.edu
v" Quandl http://quandl.com

I7|A= S0 HOH MY LIE

v 27930 Hile)d HIo[H A =5 https://goo.gl/SIHN2K
v Quora.com https://homl.info/10

v’ Datasets subredit http://www.reddit.com/r/datasets

[=]
v
v
v

O
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Equation 2-1. Root Mean Square Error (RMSE) Equation 2-2. Mean absolute error (MAE)
| < ()2 MAE(X, h) = h(x?) -

RMSE(X, h) = \jmﬁ (h(x") = ) 1—1| () =7

=7t

ZTEWTLA O Z=: 3| (regression) &4
al

e 22| (M &, £&, 175 0|=: E&F(classification) = A
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| 7N L7

 O|O|E mtY : datasets/housing/housing.csv

» ZC|ZL|OF FEHVHA BE TS

05
tarfile
urllib. request

HOUS ING_PATH = os.path.join("datasets","housing")
pandas o

load_hous ing_datalhousing_path=HOUS |NG_PATH):
cev_path = os.path.joinlhousing_path, "housing.csv")
pd. read_csv(csv_path)

housing = load_housing_datal}
hous ing . head()
housing. infol)

*>> housing["ocean_proximity"] .value_counts()
<1H COCEAM 9136

I ML AMD 6351
MEAR OCEAN 2baB
MEAR B&Y 22130
I SLAND ]

Mame: ocean_proximity, ditvpe intEd

»>»> housing. head()

longitude latitude median_house_wvalue

0 —-122 .23 37,88 4326000
1 —-122.22 37 .86 3528500.0
2 -1 . 24 37,85 322100.0
3 —-122 .23 37,85 341300.0
4 -122 .23 37 .85 342200.0

>>> housing. info()
<class 'pandas.core.frame.bDataFrame'>
Fangelndex: 20640 entries, 0 to 20639

Data columns (total 10 columns):
#  Column Mon—Mul |l Count Dtvpe

o

ogt

0 longitude ZO0EA0 non-null |floatbd
1 latitude 20640 non-nul |l | floathd
¢ housing_median_age 20640 non-null |floatbd
a total rooms Z0E40 pnon-null | floatEB4d
4 |total bedrooms 20433 non-nulll|floath4
5 population 20640 non-nul |l | floathd
B households 20640 non-nul |l | floathd
fi median_income 20640 non-nul |l | floathd
B median_house_value 20640 non-null |floatBd
g ocean_proximity Z0BA0 non-null  ohject

dtvpes: floatB4(8), ochject(1)
memory usage. 1.6+ MB

oCean_proximity

ME&AR BA&Y
MEAR BAY
MEAR BA&Y
MEAR BAY
MEAR BAY
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>>> housing.describel)
longitude latitude median_income median_house_value = gt X‘||Q|
count  20640,000000 20640, 000000 20640, 000000 20640, 000000
mean -119.563704 ad0.6374861 2.870671 Z20BE55 . 816509
std 2. 003532 2. 1354552 1.8959522 115355 . 615874
i f —-124 350000 a2 . 240000 (0, 433500 14355, 000000
20% =121 . 800000 a4.930000 2. abh3400 113600, 000000
HO% =118 . 4530000 a4, 2E0000 3.534800 179700, 000000 | S 2@
sk —118. 0710000 a7 1ooog 4.,743250 264725, 000000 M| TH=E ZHO| A ORI 2 20|
Max =114 .310000 41.,350000 ., 12.000100 200007, 000000 &3t 319 2ol 7t
|
[B rows x 9 columns]
-S4 UE2 2A 0| HO| CHE
HIO|E HEHE WEAH HAESH= U =AY 49 SIAETH Q2 ZOR Wo| #of g
longitude latitude housing_median_age
=xx o mport matplotlib. pyelot az plt 2000 1 1 . I 1000 { |
2> housing. hist(bins=80, figsize=(20,15)) BTy B ' 1 7501 F | |
array( [[<AxesSubplot:ititle={"center': "longitude'}>, e B N 1000 01
<hxesSubplot:ititle={ 'center': 'latitude'}>, 502: O_W =
<hxesSubplotititle={'center': "housing_median_age'}>], 2z Sl e cdle -l oL B0 Lo e
[<AxesSubplotititle={'center': 'total_rooms'}>, " i 000 ) T
<hxesSubplotititle={'center': "total_bedrooms'}>, - l 4000 i L
<hxezsubplotititle={'center' 'population't=], el | . 4000.1
[<hxesSubplotititle={'center': "households'}>, 2000 { . l o]
<hxesSubplotititle={'center': 'median_income'}>, ] | | | | N | | | N . . |
<hxezsubplotititle={'center' 'median_house_value'}>]], o wdo 20000 o0 dooon 0 o0 00 o000 ° oo 20000 0000
dtvpe=chject) 00 (3 500 N 1000 — T
_}}} Dlt.ShOW(j 4000 1 I l‘ 500 1 ﬁ H
o B mE '’ I
i aE o |
o--.-—_u,—

0 100000 200000 300000 400000 500000

oA A 278



234 HAE ME BH=7]

(- O A= © E o
* _I_x_ll-_l—lg I:II-IEE A|_-|—||'I (20% ng)
Import numpey 25 np
#oAZE b= A8 UCH 2380Md= A0IEIHE train_test_split(JE AMESIM 2 . #n",

def split_train_testidata, test_ratio):
ne. random.seed( 42)

shuffled_indices = np.random.permutation{ len{datal) >>> len(train_set)
test_set_size = int{len(data) * test_ratio) 16512
test_indices = shuffled_indices[:test_set_sizel >>> len(test_set)
train_indices = shuffled_indices[test_set_size:] 4128

return data.iloc[train_indices], data.iloc[test_indices] >z

train_set, test_set = split_train_testthousing, 0.2)

len{train_set)
len({test_set)

>»>» test_set head()

: ' ' ' longitude latitude ... median_house_value ocean_proximity

from sklearn.model_selection import train_test_split 20046 ng 05 3608 87700 0 L AND
, . , , , 3024 -119. 46 314 45800.0 | NLAND
train_set, test_set = train_test_splitthousing, test_size=0.2, random_state=42) 15663 -122.44 37.80 ... 500001.0 NEAR BAY
20484 -118.72 ad.28 ... 218600, 0 <1H OCEAN

test_set.head() 9814 -121.93 d6.B2 ... 27E000.,0 MEAR OCEAM

[5 rows x 10 columns]
7000

=x» housing["median_income"] hist() 5000
<hxessubp ot > 000
#xx plt.show()

3000
2000

1000
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housing["income_cat"] = pd.cut{housing["median_income"],
bins=[0., 1.5, 3.0, 4.5, 6., np.inf]
labels=[1, 2, 3. 4, 5]

housing["income_cat"] . value_counts() 70001 i
3 723F e
2 Boal 5000 - II .
4 3839 II .
o] 2367 4000 1 II .
1 822 ' 3000 1 ..
Mame: income_cat, dtvpe! intE4d
2000 4 l
housing["income_cat"] hist() 1000 1
plt.show() 0__.‘ II | . II l
1.0 1.5 2.0 2.5 3.0 3.5 4.0 45 5.0
from sklearn.model_selection import sStratifiedShuffleSplit
split = StratifiedShuffleSplitin_splits=1, test_size=0.72, random_state=42)
for train_index, test_index in split.split(housing, housinal"income_cat"]):
strat_train_set = hou;ing.loc[train_index]
strat_test_set = housing. loc[test_index] 9 0 950533 g
strat_test_set["income_cat"] .value_counts() / len{strat_test_set) i g?;ggg? xl_-|xc.|)| Eiagi A1IE§I ié;w_uia
Income_cat EM 4| ? g:é;g?gg H&1 Aol €&
for set_ in (strat_train_set. strat_test_set): Mame: income_cat, dtwvpe:! floatbd

set_.drop("income_cat", axis=1, inplace=True)
g AMA
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« Z&H(Training) M EOf| CHSHA PE EF A

housing = strat_train_set.copy()

housing.plotikind="scatter", x="longitude", w="latitude")
plt.show()

housing.plotikind="scatter", x="longitude", w="latitude", alpha=0.1)
plt.show()

OOl 7} 2=
(Bay Area, LA &K, Sa

p n
MEZ a2 o2t 2y

latitude

latitude

42 -

38 1

36 A

-124 -122 -120 -118 -116
longitude

T T T T T
-124 -122 -120 -118 -116
longitude



. FE 71

housing.plot(kind="scatter", x="longitude", v="latitude", alpha=0.4,
s=housing["population"]1/4100, label="population”, figsize={10,7),
c="median_house_value", cmap=plt.get_cmapl"iet"), colorbar=True,

charex=Falze)
plt. legend()
plt.show()

v ROl HEX|&: ol 27(s)
v M 7 o)
v Z2| ¥ jet (cmap)

v FE JhZe XSl ol P U0 2 e

latitude

42 -

&

36 A

population

-124 -122 -120 -118 -116 -114
longitude

500000

400000

300000

200000

100000

median_house value



I Download the California image

PROJECT_ROOT_DIR = os.path.join("datasets”, "housing")
$500k

images_path = os.path.join(PROJECT_ROOT_DIR, "images", "end_to_end_project”) .
os.makedirs(images_path, exist_ok=Trus) Pemtiation
DOWNLOAD_ROOT = "httes://raw.githubusercontent . com/ageron/handson-ml2/masters"
filename = "california.png" 5452k
print("Downloading”, filename) i '
ur | = DOWNLOAD_ROOT + "images/end_to_end_project/" + filename
urllib.request urlretrieve(url, os.path.join(images_path, filename)) [ $403k O
©
import matplotlib. image 2= mpimg 3 -
california_img=mpimg. imread(os.path.join(images_path, filename)) 2 L $355k 4
ax = housina.plot(kind="scatter", x="longitude", v="latitude", figsize=(10,7), 2 S
s=housing['population']/100, label="Fopulation", 3 c
c="median_house_value", cmap=plt.get_cmap("iet"), 36 | - $306k 5
jcolorbar=Fa|se, alpha=0. 4, . 2
plt.imshow(california_img, extent=[-124.55, -113.80, 32.45, 42.058], alpha=0.5, ‘}”; " $258k
cmap=plt. get_cmap("jet")) 1 ‘i;;'; ,
plt.vlabel("Latitude", fontsize=14) AN . o 0
plt.xlabel("Longitude", fontsize=14) < »-?"%'-‘ $209k
—1'24 —1'22 —1'20 —1'18 —1'16 —1'14
Longitude

prices = housingl"median_house_value"]
111

tick_values = np.linspacelprices.min(), prices.max(),

char = plt.colorbar{ticks=tick_values/prices. max{))}

char.ax.set_vticklabels{["$%dk"%¥(round(v/10000) for v in tick_values], fontsize=14)
char.set_label( 'Median House Yalue', fontsize=16)

plt. legend({fontsize=1E)

plt.showl)
fsave_fig("california_housing_prices_plot")
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corr_matrix = housing.corr()
corr_matrix["median_house_value"] . sort_walues(ascending=False)

median_house_value 1. 000000 3
median_income 0.687160 2
total_rooms 0. 1330397 3
hous ing_median_age 0.114110 21 200000 1
households 0.064508 3
total_bedrooms 0.047689 E L]
population -0, 026920

longitude -0.047432 10
latitude -0.142724 ,

Mame: median_house_wvalue, dtwvpe! floatB4d

total_rooms
N
(=]
(=
o
o
!

R g
housing_median_age

T
(=
o
(=
o
R
median_house_val

30000
40009 o -

median_income

c
S 400000 -

) ) ) total_rooms
from pandas.plotting import scatter_matrix

attributes=["median_house_value","median_income","total _rooms", "housing_median_age"]
scatter_matrixthousinalattributes] . figsize=(12.8))
plt.showl)
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housing.plotikind="scatter", x="median_income", w="median_house_value", alpha=0.1)

plt. show()

v O ot &2t
v 7t HBtgt $500,00000 A =HM
v' $450,000, $350,000, $280,000 Of| M = =H M
v sfEd 4 XA ot= Ao EF

+ S3 =Y
v 7t gy
v 7t1E 2l

=
=4
o

500000 -

400000 -

1 300000 A

200000 -

median_house_value

100000 A

T T
6 8
median_income
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12

14
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housing.plot(kind="scatter", x="median_income", v="median_house_value", alpha=0.1)} median_house_value 1., 000000
plt.show() median_income 0.687160
| rooms_per_household 0, 146285 |

housinal"rooms_per_household"] = housing["total_rooms"]/housing["households"] total_rooms 0.135097
housinag["bedrooms_per_room"] = housing["total _bedroomz"]/housing["total _rooms"] housing_median_age 0.114110
housing["population_per_household"]=housingl"population"]/housing["househaolds"] households 0. 064506
corr_matrix = housing.corri) total_bedrooms 0.047EES
corr_matrix["median_house_value"] . sort_values(ascending=Falze) population_per_household  -0.021385
population -0, 026320

housing.plotlkind="scatter", =x="rooms_per_household", v="median_house_wvalue", longitude -0,047432
alpha=0.2) latitude -0.142724

plt. show() bedrooms _per_room -0.259984

Wame: median_house_walue, dtvpe: floatf4d
housing.describe()

longitude latitude ... bedrooms_per_room population_per_household 500000
count 16512.000000 16512 .000000 ... 16354 . 000000 16512 . 000000
mean -119.5756834 a5.639577 ... 0.212878 3.096437 400000 4
std 2. 001860 2. 138058 0,057379 11.584826
min =124, 350000 a2 . 540000 0. 100000 0.6923068 S
208 =121 .800000 33 .940000 0.175304 2.431287 2 300000 4
0% -118.510000 34 . 260000 0.203031 2. B17653 &
ThE -118.010000 37 . 720000 0.239831 3.281420 £
max =114 .310000 41 .8950000 1. 000000 1243 .333333 gzommo-
£

100000 4

T T T T T T T T
0 20 40 60 80 100 120 140
rooms_per_household
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housing = strat_train_set drop{"median_house_value", axis=1) # =4 MEZ Hal H 02 2 HMn",
housing_labels = strat_train_set["median_house_value"] . copy()




E (O} = ESPN|
v’ total-_bedrooms §-80|| 4f0| 8l= 8%
v Sig7Y XA
v X Ed A
v Ol gfe =2 XMF0 8, St S)
v" dropna(), drop(), fillna() M E 0O[&

i
rE

37HX| M| &

0

sample_incomplete_rows = housinglhousing. isnul () . anviaxis=1)] . head()

sample_incomplete_rows

sample_incomplete_rows.dropnalsubset=["total _bedrooms"]) =4 1
sample_incomplete_rows . drop("total _bedrooms", axis=1) #EM 2
median = housingl " total_bedrooms™] mediant) § &3 3
sample_incomplete_rows["total_bedrooms"] . fillnalmedian, inplaces= )

sample_incomplete_rows

»>> sample_incomplete_rows = housinglhousing.isnul () . any(axis=1}] head(}
=»> samp le_incomp lete_rows . dropnalsubset=["total_bedrooms"1)

Empty DataFrame

Columns: [longitude, latitude, housing_median_age, total_rooms, total_bedr
, median_incoms, ocean_proximity]

Index: []

=>»> sample_incomp lete_rows. infol)

<class 'pandas.core.frame.DataFrame'>

Int64Index: 5 entries, 4629 to 19252

Data columns (total 9 columns):

Column Mon=Null Count Dtvpe
0 longitude 5 non-nul | floatb4d
1 latitude 5 non-nul | floath4
2 housing_median_age 5 non-null floatb4d
3 total rooms 5 non-null floathd

[ 4 total _bedrooms 0 non—null floatf4 |

5 population 5 non-nul | floatb4d
6 households 5 non-nul | floath4d
7 median_incoms 5 non-nul | floatb4d
8  ocean_proximity 5 non-nul | object

*xx sample_incomplete_rows["total_bedrooms"].fillnatmedian,

>»> sample_incomplete_rows. infol)

<class 'pandas.core. frame.DataFrame'>
IntEdIndex: 5 entries, 4629 to 19257

Data columns (total 9 columns):

#  Column Mon-Mul |l Count Dtvpe

0 longitude 5 non-nul | floatbd
1 latitude 5 non—nul | floathd
Z housing_median_age 5 non-nul | floathd
3 total_rooms 5 non-nul | floathd
L total _hedroom 0 non=riil] tloarhd]
] popdlation 5 non-nul | floatEd
] househaolds 5 non—nul | floathd
7 median_income 5 non-nul | floatEd
8 ocean_proximity 5 non—nul| ohiect

inplace=
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v Scikit-learn: Simplelmputer — F2 =l /2 & &7 CHE

sk learn. impute simplelmputer
imputer = Simplelmputer{strategy="median")

housing_num = housing.drop("ocean_proximity", axis=1)
# ChE HY: housing_num = housing.select_dtvpes(include=[np.number])

imputer . fit{housing_num)
imputer . statistics_
housing_num.median{) . values

¥ = imputer . transform{housing_num)

*>> imputer.statistics_

array([-118.51 . 34,26 29,
408 . \ 3.540813

== housing_num.median() values

arrav([-118.581 34,26 29,
408 . \ 3.5408])

housing_tr = pd.DataFramel ¥, columns=housing_num.columns, index=housing_num. index)

housing_tr. loclsample_incomplete_rows. index.values]
imputer . strategy
housing_tr. head()

. 21185

. 21184

433

433

. 1164,

. 1164,



»>> housing_cat . head{10]

H A E HX&] E Ad CI= ocean_proximity
_I——9'|- aOT © /| O |-_|_7| 17606 <1H OCEAM
= e Ob EA 18632 <1H OCEAN

v £ ocean_proximity Bt EIAE O] H 14850 NEAR OCEAN
EHl A 2 3230 [ ML AMD

v BHIAEO|AM =XI2 HFH 7|, 3555 <1H OCEAN
. . | o 13480 [ ML AMD
housing_cat = housing[["ocean_proximity"]] 8879 <1H OCEAM
housing_cat.head({ 10} 13685 | ML AMD

. . 4337 <1H OCEAM

sklearn.preprocessing OrdinalEncoder A8E1 <1H QCEAN

ordinal _encoder = OrdinalEncoder()
housing_cat_encoded = ordinal_encoder . fit_transform{housing_cat)

hols ina cat_encoded[: 10] >>> housing_cat_encoded[:10]

arrav([[0.],
ordinal _encoder . categories_ %g.%,
(1.1,
>>> ordinal _encoder . categories_ %?'%J
larrayvi ['<1H OCEAN', '"IMLAMD', 'ISLAND', 'NEAR B&Y', 'MEAR OCEAN']T, [DI]J
dtype=object)] (1.1,
N (0.1,
v @-stelag 10.11)
*»> housing_cat_Thot . toarray()
. array([[1., 0., 0., 0., 0.1,
sklearn.preprocessing OneHotEncoder [1.. 0., 0., 0., 0.]
(a., 0., 0., 0., 1.]
cat_encoder = OneHotEncoder() o
hous ing_cat_Thot = cat_encoder . fit_transform(housina_cat) (0., 1., 0.,0., 0.7,
hous ing_cat_lhot (1.. 0., 0., 0., 0.7,
(0., 0., 0., 1., 0.1]1)

housing_cat_lhot.toarray()

, =>> cat_encoder . categories_
cat_encoder . categories_ larray( ['<1H OCEAN', 'INLAMD', 'ISLAND', 'MWEAR BAY', 'NEAR OCEAM']
dtype=object)]



L} Bro| BHstY|
v’ TransformerMixin &FZ5: fit, transform, fit_transform A2 2 4
v' BaseEstimator &f = o}0|IH L}2t0[E F'd HME get_params(), set_params() A =

sk learn.base EaseEstimator, TransformerMixin
rooms_ix, bedrooms_ix, population_ix., households_ix =3, 4, 5, B

Combineddttributesidder(BaseEstimator, TransformerMixing:
__init__(=zelf, add_bedrooms_per_room= Joo# xargs £ = xxkarags g Etn",
sel|f . add_bedrooms_per_room = add_bedrooms_per_room
fitlself, ®, w= )

self # 04T SR ZE s U CHin",

transformiself, XJ:
rooms_per_household = X[, rooms_ix] / K[!, households_ix]
population_per_household = K[!, population_ix] / X[:. households_ix]

sel|f . add_bedrooms_per _room:

bedrooms_per _room = X[, bedrooms_ix] / X[, rooms_ix]

ne.c_[¥, rooms_per_household, population_per_household,
bedrooms _per_room]

np.c_[%, rooms_per_household, population_per_household]

attr_adder = Combineddttributesidder{add_bedrooms_per_room= )
housing_extra_attribs = attr_adder . transform(housing. to_numpyi))



Lol et & 7t 523t A: 54 A7 Y B (feature scaling)
= | E'-ato| CrEHM A2 Ed0| & SAHK] Ea
ax 2 € 2 (=t =2F:normalization)

3 o
3
3

k) ':._71|°| I*Q?J = A0 2 M3: pipeline class (scikit-learn)

sklearn.pipeline Fipeline
sk learn.preprocessing standardscaler

num_pipeline = Pipelinel[
{imputer', Simplelmputer(strateay="median")),
('attribs_adder', Combinedbdttributesidder()),
" {'std_scaler', StandardScaler()),

housing_num_tr = num_pipeline. fit_transform{housing_num)



g} ojo|= 2}l
otLto| =ty 2 ZF HOICE M-S Hels M-8 ColumnTransformer(scikit-learn)

v K3 9 0|29 g|AE TS 7|
v @I o 0|29 B|AE TS|
v

ColumnTransformer S22 K| TS 7|
v BEZ Z|AE (0|, Haly|, Hatr|[7F HE8F € 0|8)

sk learn. compose ColumnTransformer

list(housing_num)
["ocean_proximity"]

num_attribs =
cat_attribs =
full_pipeline = ColumnTransformer( [
("rnum", num_pipeline, num_attribs),
("cat", OneHotEncoder(), cat_attribs),
1)

housing_prepared = full_pipeline. fit_transform{housing)
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sklearn. | inear_mode| LinearRegression

lin_reg = LinearRearession()
lin_rea.fit(housing_prepared, housin
# =4 .:.”E H OHE ArESH MM L0

g
e

some_data = hOUSi”Q-i|OC[:5] , 22> print("0l=:", lin_reg.predict(some_data_prepared))
some_labels = housing_labels.iloc[:3] ol =: [210644.60459286 317768.806397211 210956.43331178 539218.98886844
some_data_prepared = full_pipeline. transform{some_datal 189747 .55849879]
. = . , =2» print{"H 02", listi{some_labels))

printC"OI=:", lin_reg.predict{some_data_prepared)) 20l 2 [286600.0, 340800.0, 196300.0, 46300.0, 254500.0]
print("H 0/ =:", list(zome_labels)) )

sk learn. metrics mean_squared_error
housina_predictions = lin_reg.predict(housing_prepared)
lin_mse = mean_sguared_error(housing_labels, housing_predictions) === lin_rmse
lin_rmse = np.sart(lin_mse) BBEZ25 . 159815848922
lin_rmse

sk learn. metrics mean_absolute_arror zz> lin_mae
lin_mae = mean_absolute_errorthousing_labels, housing_predictions) 43439 .89593007846

[in_mae



