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0 |_‘_-|| O| E-| %‘ j|.Access Data

Dirty Data &2 -> Data Cleaning
Data Mining & = -> Data Preprocessing

0 |_'_-|| O| E-| g I-"CIeaning Data
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Ol & X| X2l

m Ol 0| & & X 2|Data Preprocessing

Feature Scaling
Dimensionality Reduction
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= 0| A X 2|DataPreprocessing

Feature Scaling

A et HES
Dimensionality Reduction
- Feature Selection

- Feature Extraction
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Feature Scaling Hi &

= Scaling & 0

Scale : #2(AHL 0l ATH, S2-3H ,HIE, A2
Scaling 37| =&

= B3
HOIH MclE ottt 2EH UIOIHE2 AHEH 0lF I SRet AR
gt Z2 A g = US
A JHAI CIOIEE otL 2 20N XMelotHU, Balddd ME sts=
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Il IS0l AHLHS GHA Lo SHIOF A

]



© =2 2|C|oF Az

|:| O|_|- }| a| Eucledian distance
c

ICIoH M2l 22HOIA Sl & & A0Sl HEIZ 205t 48t =
4 AHOI2] XI0I2 HIB5tD 2

CE2=F & EENZ =4
cf. LlEt kALl el :2xt& vs. =220 Hel : CHAHE (2 BHAY)

= = ol N7l 7L 7L s Q - -
T T = P" O e Bhaor P— p- ,l): Pa.... '4_/,. e Q— c- 62.63 ..... G,. -
-] T == - - T = —_ — — - 1 -] - - _
AT R BT A ANEANHE ST AS
N 1B " - ” _: ] o T“ C 3! -"—')" 1B = -
Euclideandistance | ¢ <= e+ €541




Feature Scaling Z 87/
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Feature Scaling & &0

= 3 AISIZ Y (Gradient Descent)

H% 2| 2ol =4 & ==(loss function)2| = Agt2
| B O Z AISE.
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Feature Scaling & 9]

m Feature Scaling
o == A variable [feature] 9| JF HH _C’>_| =2

Bl WollOF & C
N Bl
Hal dd S8 =48 ds efe= ?lol

X 7 S}normalization ('5-;.' £ 9| 0] §)

Eo 0, H=EHAH10] &

E _i_ §}standard|zat|on
Aol (&2 20I2)
- MinMax Normalization 0~1Al0| 2 &t

A= (B2 0)

- Mean Normalization -1~1A}0| 2 ©
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https://www.youtube.com/watch?v=ZzGtRmGvLWQ
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n Ol&Xl 2l

outlier0fl CHoll £E2 2 1}

S U= e AR Mo, BE 2/ S
(S22 AS)0H T EX R ZVS L 45 US

HHEH2 = MinMaxE AtEe E13te 32, 0laXl
JH2| CIOIEd =0l Al 9991 Jt 0~5 |
U= [, =0l 2o 9994 2| gt = 0.50/ 0t

MM

22 0l &Kl HIA

z-score (Standardizations=2)) 2| Z2Ugi0| 2 L=32 E= =2 M
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z-scoreJ}t -2~2 AFO|0fl 240 95%, -3~3 AFO|0fl 99% = XH

Percentage of
cases in 8 portions
of the curve

Standard Deviations
Cumulative
Percentages

Percentiles

Z scores

T scores

Standard Nine
(Stanines)

Percentage
in Stanine

Normal,

Bell-shaped Curve

2.14% 13.59%| 34.13% 34.13% [13.59%

-4g -30 -20 -1 0 +10 +20 +30 +40

| I | | | | |

0. 1I % 2.| 3% 1 5|.9% 50:% 84I.1 % 97.|?% 99I,9%
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1 5 10 20 30 40 50 60 70 80 90 095 99
-4.0 -3I.0 —2].0 —1l.D L'IJ +1.[0 +2[.0 +3I.0 +4.0
2ID 3'0 ;lO E;U GI(J ?ll'J BIU
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N %a', E"uf‘@il' ‘_I'la'jl import pandas as pd
hOUSingsample-CSVE” Ol & df = pd.read_csv( 'hous ingsample. csv' )
cif

&2 JfA, 30|, A4

Price Sq Feet Age
method : mean(), std() 0 90300 1700 14
150500 1518 27

269200 2706 22
98000 830 15

-l

= @ n

244650 2550 28

price_mean = df .Price.meant)
price_std = df Price. std()
printi 'mean=",price_mean, ', std=',price_std)

mean= 170390.0 , std= 82743.80351337007



s

M1 B9}

m Z-score (df .Price—price_mean)/price_std
0 -0.970321
_ 2 XIX JAFO 1 -0.242792
z-scoreg A8 AL =2 U i
3 -0.877265
4 (0. 895030
df Price price mean Mame: Price, dtwee: floathd
. DrinnOd O C = A for i in range(df. shape[1]):
.P“CeE _I__|_O-|| EHCLI- gl_l- col :df||0':|:,|:|
col = (col-col .mean())/col std()
df.shape df.ilocl:, i1=col
Eorinfiool)
. (5,3) df
df'IIOC[ o ] Price  Sq Fest Age
18T €= 20| 0 -0.970321 -0.208166 -1.101840

1 0242792 -0443193 0.887593
1.195348 1.093519 0122427
0.877265 -1.331643 -0.948307
0.895030 0889485 1.040627

B L M



scikit-learn library

n DIOIMCZ HHAIHE S

scikit-learn SH &1 Jif & X}
Andreas Mueller Xl &

https://scikit-learn.org/stable/index.html#

Machine Learning with Scikit-Learn
Andreas Mueller (NYU Center for Data Science, scikit-learn)
= scikit-learn & X| &+

https://scikit-learn.org/stable/install.html



https://scikit-learn.org/stable/index.html
https://scikit-learn.org/stable/index.html
https://scikit-learn.org/stable/index.html
https://scikit-learn.org/stable/index.html
https://scikit-learn.org/stable/install.html
https://scikit-learn.org/stable/install.html
https://scikit-learn.org/stable/install.html
https://scikit-learn.org/stable/install.html
https://scikit-learn.org/stable/install.html

A&2.1 Library =H|

= scikit-learn 2t0l2¢12l importotI|

from sklearn import preprocessing

= scikit-learn 2t01E¢ei2|l £ X| ot & B (0t 2L F &)

from sklearn import preprocessing

Modu | eMotFoundError Traceback (most recent call last)
<ipython—input—2-d27adedc052b> in
——2> 1 from sklearn import preprocessing

Modu | eMotFoundError: Mo module named 'sklearn’



scikit-learn library 2X|
= Anaconda Prompt0f| A

Jtal
conda activate data_eng
= 20l

= 21 510 )

x| & library=

. conda list
(scikit-learn library 8{ =
Al

scikit-learn library &
conda install scikit-learn



A& XS}

= scikit-learn®| preprocessing

scale() HAMHE import pandas as pd
. _ from sklearn import preprocessing
HTo HAE

housing = pd.read_csv( "housingsample. csyv')
standardized = preprocessing.scalelhousing)

pd.DataFramelstandardized, columns=['Frice', 'Sg feet', ‘'&ge']l)

Price Sq.feet Age

0 -1.084852 0232737 -1.231895
1 0271449 -0.495305 0992360
1336439 1.222592 0136877
-0.930812 -1.488824 -1.060798
1.000674 0994475 1.163436

£ o M



el

gl .;li}normalization
drste als= S8 89, == [01]z AHE o= A
MinMax Scaling X' = (x-min) / (max-min)

S 0~1AI0|2 HE

st M AHE?
HLE =0 2ZIF 52| HE(abell curve)E &
o

US I AFEoH)] £2 J1HY

C
o
Irr
I e~
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2 Al A G}

(K-nearest neighbors)O| L} 21 S &1 & &l
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253, st

s MinMax ALY HAF RS
X CHEt, =g ol A

X' = (x-min) / (max-min) for i in range(df.shape[11):
col = df .ilocl:,i]

a5l col = (col—col .min())/{col .max()—cal .min())
df . ilocl:, i]=col
dForinticel)
off
Price  Sq Feet Age

0 0.000000 0.453259 0.000000
1 0335938 0.366347 092857
1.000000 1.000000 0.571429
0.04258659 0.000000 0.071429
0.861328 0.915668 1.000000

B w M



254, ‘S5t

= scikit-learn®| preprocessing

MinMaxScaler( )
fit_transform()

import pandas as pd
from sklearn import preprocessing

A = . | . 1
Al _3_1_-” %%‘ C.j housing = pd.read_csv( 'housingsample.csv')

=5
o1 Ak 3
normal ized = preprocessing. MinMaxScaler() fit_transform(housing)
pd.DataFrame(normal ized, columns=['Price', 'Sq.feet', 'hAge'])
Price  Sq.feet Age

¢ 0.000000 0463259 0.000000
1 0335938 0.366347 0.928571
1.000000 1.000000 0571429
0.042969 0.000000 0071429
0.861326 0915866 1.000000

B L R
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0 gl;l/él D':'-IglNormaIityTestO|E|-

HOIEHIIEHEEE HE =K Z&Hol= A

048 EE Y
Al 23t histogram, Q-Q plot S
SH B & ALl =-2 3 & & (Shaporo-Wilk test) S



o

AMZLzrs 0|88 838 873

s A2 22 HlW
MRUE, S22H0 JHHE I
A 2tat &= 2 histogramO| Lt kde (kernel density estimate) line2 = 2 2t
Hl

= Q-Q (Quantile-Quantile) plot
HES0[(AUolH) V& dz2 =20 2HU

rr
i
T

ANUHF=Z



MNormally distributed
data |
o T T 1
Right-skewed _ y
"
data L
i -
I T T
™
| f.,m"
Left-skewed 1

data i | -

111 ‘ LU Learn by £ example}




A2 2 dHlw H

s AREEL 22 HlW

HistogramO| Lt ked (kernel density estimate) lineS 124 & w1
Hl 1

m Library

seaborn2| histplot() : histogram 12| 7|

seaborn2| kdeplot() : kde line Z12/ 7|

seaborn<2| distplot( ) : histogram2t kde line= &4 Z12|J|
(&t, deprecated function)



AI 1 [-HQ‘E N |

= seaborn titanic Gl 0| & All

import pandas as pd
import seaborn as sns

df = sns. load_dataset('titanic')

df . head()
survived pclass sex age sibsp parch fare embarked class who adult_male deck embark_town alive alone
0 0 3 male 220 1 0 7.2500 5 Third man True NaM  Southampton no False
1 1 1 female 380 1 0 71.2833 C First woman Falze C Cherbourg  yes False
2 1 3 female 26.0 0 0 7.9250 S Third woman False MWaM Southampton vyes  True
3 1 1 female 350 1 0 53.1000 S First woman False C  Southampton  yes False
4 0 3 male 350 0 0 &.0500 S Third man True NaM  Southampton no  True



A &5.2 kdeplot()

m kde line 12l 2|
‘age’ 20l CHol M =& 0I0I & 22lY = kde line Z12|J|

sns. kdeplot (df ["age']  dropnal))

0.030 1 — age
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0000



A &5.3 distplot( )

= histogramilt kde line 212l 7|
‘age’B 0l CHoH M 121 2|

ghictogran & ke !ins
# farnel donei by sctimats Hins
sns. distplot(df['age'] . dropnal))  # kds=ralss)

0035 A
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0025 4

0020

.015

0010

0.005
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Q-Q plot

o Q_Q plOt Quantile-Quantile plot
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m Library

i
scipy.stats : Ct S

scipy :

= M

-

X
A,

ot

= _1ellh.

= Q-Q plot

=

g
_

scipy.stats.probplot() : matplotlibJ|



2554 Q-Q plot 12[7|

m scipy.stats.probplot()

2 M0l Jl=d IOl =2ot=Al 6 = THE

B mial

import matplotlib.pvplot as plt

inport scipy, stats as stats

stats,probplot (df["age'].dropnal), plot=plt)
plt . show()

Probability Plot

=)
[=]

Ordered Values

-3 —2 -1 0 1 2 3
Theoretical quantiles



Dimensionality Reduction

0 i}% Dimension

HIOIE OtOlY 2t& 0l Al = ObservationS E & olJ| 2 & Featurel| JH ==
JF Xb& 0| =!I Ct

N, 120l E E2FotJ| ?let Haldd 2E= A M, = 20 A
P22 E42=2 2xotH 2X& 0] =T
Ol d= etat=s ?loll € Mat= FItoltH 3XE 2= XHE 0] SItok A
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Feature 1

Feature 1

https://www.visiondummy.com/2014/04/curse-

dimensionality-affect-classification/
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Dimensionality Reduction

m X}8l = A Dimensionality Reduction

Feature Selection (S & &1 &, B o= {d EH)

XD Y= EH ZUHM ESHN A RSt EHS MEidl= S

UL (e HEee2= *]2 OIS 228 SE= HAHSHT)
(

[t
P
bl
llHjl

= =
Feature Extraction (S & x5,
XSO X

O
EZ Uolee S8

1o
0
HU
=
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H0
Jn
0
o
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0z
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A EOtgY
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_>i
0

= =
H==2t9| correlations ot YEIAH O 2 7] 97(J40.70[ & 0[H X
SAIE RS X222 It — DataFrame corr() &5
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AI 1 |:-”O‘E.|kll

= seaborniris GI0|E Al

import pandas as pd
import seaborn as sns

df =sns.load dataset{'iris')
df .head()

sepal_length sepal_width petal_length petal_width species

0 9.1 3.5 1.4 02 setosa
1 49 30 1.4 0.2 setosa
2 4.7 32 1.3 0.2 setosa
3 46 3.1 1.5 02 setosa

4 50 36 14 02 setosa



256.2 T=HO[E

S2E0IE S0 IR XK

df . infol)

<:lass 'pandas.core. frame.DatafFrame’>
Bangelndex: 1h0 entries, O to 1449
Data columns (total & columns):

# Column Mon—
Y sepal_length 150
1 sepal_width 100
s petal_length 150
3 petal_width 1hi
4 Species 100

Mul | Count

non-nul |
non-nul |
non-nul |
non-nul |
non-nul |

dtypes: floated{4), object({1)

memory Usage.

6.0+ KB

floated
floated
floated
floated
object

2|

=1

O]
I



Al£=6 3 correlation

m DataFrame corr()

X & HE2H9| correlationS -1~1 A0 Q] gt 2 EE ol 10 IS
=5 A2 It =3 (S Ltild)

corr = df .corr() . round(2)

corr
sepal_length sepal_width petal_length petal_width
sepal_length 1.00 -0.12 0.87 0.82
sepal_width -012 1.00 -0.43 -0.37
petal_length 0.87 -0.43 1.00 0.96

petal_width 0.82 -0.37 0.96 1.00



Feature Selection (S & & &)
Ol AE HA0 A MHGE Y

Feature Extraction (S & F=&)
L 2hO| D0t AO BWAS oA
g} e
O =

*I|% =7

A > X+ =0.2*3| +0.8* 2|

MOt M2& &2l )| B

FAHIF =& 0] OtLl et EEHot M—et=

SIass

A = = o= = L—
E F=&0ole

[
1>

M= = 1t 24

—



T3& =4 (PCA)

m PCA (Principal Component Analysis)

O A& X &(Linear Combination)0fl 2ol HEX Ol =4
2 (Dimension)= £0|= & &

1AL =2 401

o > NN

xl-



XA H=2 1xE s SA40U=S [ &= 810] zltHet 22 HAH U

&5 ot= 1X3 =4 & (Principal Component)S - 5t|

PC (Principal Component)

—ee0 €€

https://www.youtube.com/watch?v=DUJ2vwjRQag

| *—o—@ "
' ‘ | x1
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