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What is Machine Learning?
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Supervised/Unsupervised Learning

p
UNSUPERVISED
LEARNING

Group and interpret
data based only

~

CLUSTERING

on input data

-

MACHINE LEARNING CLASSIFICATION

SUPERVISED

~

LEARNING

Develop predictive

model based on both
input ond output data
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| Software agent
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Machine Learning?

Deep Learning
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Deep Learning 1553
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Python Libraries




Numpy

[14] import numpy as np
a = np.array([[1,2,3,4], [5,6,7,8], [9,10,11,12]])
a

i, 2, 3, 41,

[ 5, 6, 7, 8],

[ 9, 10, 11, 12]1])

array([
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Pandas

[ ] X = iris.data
y = iris.target
df f = pd.DataFrame(X, columns=iris.feature names)
df_f.head()

sepal length (cm) sepal width (cm) petal length (cm) petal width (cm)

0 541 3.5 1.4 0.2
1 4.9 3.0 1.4 0.2
2 4.7 3.2 1.3 0.2
3 4.6 3.1 1.5 0.2
4 5.0 3.6 1.4 0.2
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Matplotlib / Seaborn

° import matplotlib.pyplot as plt
import seaborn as sns
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Scikit—Learn
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Scikit—Learn

o FEIXQIScikit-learn API AFSEA|
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Classification




Select all squares with

- . traffic lights
Sup erVISed Learnlng If there are none, click skip
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Exploratory Data Analysis

EDA (Exploratory Data Analysis
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Iris Versicolor Iris Setosa Iris Virginica

IRIS DATASET



Classification

e Predictor variables = Independent variables = Features
e Response variable = Dependent variables = Target variable

Predictor variables Target ;ariable
sepal length (cm) | sepal width (cm) | petal length (cm) | petal width (cm) species
0|5.1 3.5 1.4 0.2 setosa
1(4.9 3.0 1.4 0.2 setosa
2|47 3.2 1.3 0.2 setosa
3|46 3.1 1.5 0.2 setosa
4|50 3.6 1.4 0.2 setosa




Exploratory Data Analysis

° import seaborn as sns g
iris = sns.load dataset('iris') o
sns.pairplot(iris, hue='species'); s
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[8]

[12]

[91]

EDA

type(iris)

pandas.core.frame.DataFrame

iris.shape

(150, 5)

iris.head()

sepal_length sepal_width petal_length petal_width species

0 5.1
1 4.9
2 4.7
3 4.6
4 5.0

3.5
3.0
3.2
3.1

3.6

1.4
1.4
1.3
1.5
1.4

0.2
0.2
0.2
0.2

0.2

setosa

setosa

setosa

setosa

setosa

[10]

[11]

iris.describe()

count
mean
std
min
25%
50%
75%

max

sepal_length sepal_width petal_length petal_width

150.000000
5.843333
0.828066
4.300000
5.100000
5.800000
6.400000
7.900000

iris.info()

<class

RangeIndex:

150.000000
3.057333
0.435866
2.000000
2.800000
3.000000
3.300000
4.400000

150.000000
3.758000
1.765298
1.000000
1.600000
4.350000
5.100000
6.900000

'pandas.core.frame.DataFrame'>

150 entries, 0 to 149

Data columns (total 5 columns):

#  Column Non-Null Count
0 sepal_length 150 non-null

1 sepal_width 150 non-null

2 petal_length 150 non-null

3 petal_width 150 non-null

4 species 150 non-null
dtypes: floaté64(4), object(1l)

memory usage: 6.0+ KB

floaté64
floaté64
floaté64
floaté64
object

150.000000
1.199333
0.762238
0.100000
0.300000
1.300000
1.800000
2.500000



k—Nearest Neighbors
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k—Nearest Neighbors



k—Nearest Neighbors

Petal Width vs Length
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Iris Hlo|g Al o= R J1A4d5]7]

from sklearn.neighbors import KNeighborsClassifier
knn = KNeighborsClassifier(n_neighbors=6)

knn.fit(iris['data'], iris['target'])

KNeighborsClassifier(algorithm="'auto', leaf_size=30,
metric="minkowski',metric_params=None, n_jobs=1,
n_neighbors=6, p=2,weights='uniform')

iris['data'].shape
(150, 4)
iris['target'].shape

(150, )
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X_new = np.array([[5.6, 2.8, 3.9, 1.1],
[8.7, 2.8, 8.8, 131, .
[4.7, 3.2, 1.3, 6.2]11)

prediction = knn.predict(X_new)
X_new.shape

(3, 4
print('Prediction: {}’.format(prediction))

Prediction: [1 1 0]
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Training Set, Test Set
Total number of examples X
Training Set Test Set
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Training Set, Test Set

from sklearn.model_selection import train_test_split

X_train, X_test, y_train, y_test =
train_test_split(X, y, test_size=0.3,

random_state=21, stratify=y)

knn = KNeighborsClassifier(n_neighbors=8)

knn.fit(X_train, y_train)

y_pred = knn.predict(X_test)

print(\"Test set predictions:\\n {}\".format(y_pred))

Test set predictions:
[21221010010202200010222011100
1220022112110 21]

knn.score(X_test, y_test)

0.9555555555555556
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Regression
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Boston Housing Data

boston = pd.read_csv('boston.csv')
print(boston.head())

CRIM
0.00632
0.02731
0.02729
0.03237
0.06905
PTRATIO

15.3

17.8

17.8

18.7

18.7

DN NN RO

DN NN PO

ZN INDUS CHAS

18.0
0.0
0.0
0.0
0.0

B

396.90

396.90

392.83

394.63

396.90

2851
7.07
/80
2.18
2.18
LSTAT
4.98
9.14
4.03
2.94
5.353

(@) (@ (@ (=@

MEDV
24.0
21.6
34.7
33.4
36.2

NX
0.538
0.469
0.469
0.458
0.458

RM
6.575
6.421
7.185
6.998
7.147

AGE
65.2
78.9
61.1
45.8
54.2

DIS RAD
4.0900 1
4.9671 2
4.9671 2
6.0622 3
6.0622 3

TAX \\
296.0
242.0
242.0
222.0
222.0



Feature/Target variable W}7]

>
1

boston.drop('MEDV', axis=1).values
boston['MEDV'].values

X_rooms = X[:,5]

type(X_rooms), type(y)

(numpy.ndarray, numpy.ndarray)

y = y.reshape(-1, 1)
X_rooms = X_rooms.reshape(-1, 1)



A & (scatter plot) 2 A1ZHs}

X_rooms = X[:,5]
type(X_rooms), type(y)

(numpy.ndarray, numpy.ndarray)

y = y.reshape(-1, 1)
X_rooms = X_rooms.reshape(-1, 1)

Value of house /1000 ($)

40

10

a‘_
o Eris Teeite
:. L {3‘ °
.o.o -.d ° . ¢
7

Number of rooms



Linear Regression Model

import numpy as np
from sklearn.linear_model import LinearRegression

reg = LinearRegression()
reg.fit(X_rooms, vy)
prediction_space = np.linspace(min(X_rooms),
max(X_rooms)) .reshape(-1, 1)

plt.scatter(X_rooms, y, color='blue')

plt.plot(prediction_space, reg.predict(prediction_space),
color='black', linewidth=3)

plt.show()

Value of house /1000 ($)

5

Number of rooms

10



Linear Regression Model

e y=ax+b
o y:target
o x:feature
o a,b:Z2E0| ZHst= parameter.

o 2YS YL A2 QBB I 2 UEE model parametersS 25t &



The Loss function

5000

4000

3000

2000

1000




E2 29 linear regression

o IS =0|H (=featurel| == 52|H), f
e R,
o ZAZXsHor parametere| LA =0 3
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1

Y = ai1r1 + axxs +b



=2 29 linear regression

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

X_train, X_test, y_train, y_test = train_test_split(X, v,
test_size = 0.3, random_state=42)

reg_all = LinearRegression()

reg_all.fit(X_train, y_train)

y_pred = reg_all.predict(X_test)

reg_all.score(X_test, y_test)

0.71122600574849526



Cross—Validation (k—fold CV)

Total dataset

Experiment 1 Training Training Training Training
Experiment 2 -
Experiment 3 -‘
Experiment 4 ‘-

Experiment 5 ‘-

— 1st fold —+— 2nd fold —+— 3rd fold —+— 4th fold —+— 5th fold —

o POI5| MEIE seto] 280| ATj0| DY N5 T2 AL 4 U002 012 B 3t
o M3 3PS 0| 8
o TSI U0 DU K52 BY



Cross—Validation (k—fold CV)

from sklearn.model_selection import cross_val_score
from sklearn.linear_model import LinearRegression

reg = LinearRegression()
cv_results = cross_val_score(reg, X, y, cv=5)

print(cv_results)
[ 0.63919994 0.71386698 0.58702344 0.07923081 -0.25294154]
np.mean(cv_results)

0.35327592439587058



245 Gapminder
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Accuracy in Classification

oro
LS O

Label# Class?te| B|Z0[ A|Lp[A 2}0|7F LtH accuracy AFE0[ Z£A|
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Confusion Matrix

Accuray = % Predicted: Predicted:
Spam Email Real Email
Actual: Spam Email | | True Positive False Negative | Recall = 75
Actual: Real Email False Positive True Negative
Precision = % Fi=2x PrecisionxRecall

Precision+Recall

e precision0| £OU, “AMO 2 BZE 2S5 Z0f| HA H|YS H L’
20| 02

A=
o recall0] LM, "HA AHH LTSS HE=
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from sklearn.metrics import classification_report

from sklearn.metrics import confusion_matrix

knn = KNeighborsClassifier(n_neighbors=8)

X_train, X_test, y_train, y_test = train_test_split(X, vy,
test_size=0.4, random_state=42)

knn.fit(X_train, y_train)

y_pred = knn.predict(X_test)

print(confusion_matrix(y_test, y_pred))

[[52 7]
[ 3 11211

print(classification_report(y_test, y_pred))

precision recall fl-score support
0 0.95 0.88 0.91 59
1 0.94 0.97 0.96 115

avg / total 0.94 0.94 0.94 174



Hyperparameter &4 5}7]
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e Deep Learing Oi|A= MW B2 22| hyperparameter 24
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Under—/Over—Fit

o ALISLKZt 2| .
o kbR IH ZAMOlTHE £
ot 2o Elof Y=erp ol T
|
-
o k7IHF ACMH training set
Ofl 2+ 2 2Ot 22 T|O|Ef ¢
Al A7 Lo )

https://cambridgecoding.wordpress.com/2016/03/24/misleading-modelling-overfitting-cross-
validation-and-the-bias-variance-trade-off/



https://cambridgecoding.wordpress.com/2016/03/24/misleading-modelling-overfitting-cross-validation-and-the-bias-variance-trade-off/

Hyperparameter

05 0701 | 0.703 | 0.697 | 0.696
04 0.699 | 0.702 0698 | 0.702
1. oy 7R k=2 hyperpara meter 2/ CHY 08 0.721 | 0.726 | 0.713 | 0.703
2. 2zt oEle M| HY | 02 0.706 | 0.705 @ 0.704 | 0.701
3. RE MsH|WsHE7]| (cross-validation Z£gt) C o1 0698 0692 0688 @ 0.675
4. T =28 B2 A 0.1 02 03 0.4
Alpha
o HIEHOZ hyperparameter?| ¢i= HafolBA /1Y 52 LRES /1 223 H

Grid search CV S9| 2t At



Preprocessing




Preprocessing

e “Garbage in, Garbage out”
o OO0|HELIF= HH0M 7MY 2Eil 22 Z2|= 1

o U7} EMot11At 5= H|O|E = |2t 20| et ZE oA 42| =|0f UA| ST



T WS (categorical feature)

e Scikit-learn 2 I H4-E S5 4 QS

o FAE AR HHLE encoding Y0 EHQ

mpg | displ | hp |weight|accel |origin |size

0|18.0 (250.0|88 |3139 (14.5 |US 15.0

1(9.0 [304.0(193 (4732 |18.5 [(US 20.0

36.1 |191.0 (60 |1800 |16.4 |Asia 10.0

18.5 (250.0 |98 3525 |19.0 |US 15.0

sl N

343 |197.0 (78 |2188 |15.8 |Europe|10.0




ZF9 W4 (categorical feature)

o ZtZk9| categoryE feature2 2| ot 0 E£= 12 Y (dummy variable)
e pandas 2| get mummies() O

Origin origin_Asia | origin_US
us l 0 1
Europe 0 0

Asia 1 0.




A Z ] (missing value) # 2]

O Ol Ol A2t S EEIA| 240F, HIOE7} B[O U= B9/t US
HIOJH H=0ll= HEA B7|=0 U=A] 218 2QI5H0F
o NaN 2= #7|E[AL, LhEA #7200 s 3R Us

Q0| 2201 W2, HHE SHES 4 GH= ASTLHOF 27t TR

=13



A Z ] (missing value) # 2]
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Normalizing

e Feature 719 AF|2U0| L2} RAEIE 2
o O HQIZ HIAT AH U £FO2 b

Original Data StandardScaler MinMaxScaler
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100 .
e 15 15
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00 20
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° -10
=73 -15 -15
-20 -20




Normalizing

e s 2= 42 (EDAZ =Q)
FHEA 17 B E Bl
42 E Q& (Feature engineering)
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