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MACHINE LEARNING



Machine learning subset of Al
learn from data

supervised learning

unsupervised
learning

datacamp



TRAININLS DATA

~ /
LABELS

Newv DaTA

€O

SUYPERVISED
LEARMING

AT tOohEL

/

TRAINING >

Z APrE

DATA

&(d
C &

UMSUPERVISED
LEARNMNIMG

AT hobEL

....................
-----
. .

.
.

. .

""""""



MACH [NE  LEARNIMG

SyPER VISED
LEARNING

N\

REGLRESSION  CLASSIFICATION

|
|

UMSUPERVISED REiIMFORLEMENT

LEARNIN(G LEARN INb

/N

CLUSTERING RECOMMEN DATI ON

ENSEMPBLE
LEARNING



MACH [NE  LEARNIMG

SUPERVISED
LEARNIM G

N\

REGLRESSION  CLASSIFICATION

|
|

UMSUPERVISED REiIMFORLEMENT

LEARNIN(G LEARN INb

/N

CLUSTERING RECOMMEN DATI ON

ENSEMPBLE
LEARNING



https://www.kensukekoike.com









MACH [NE  LEARNIMG

SyPER VISED
LEARNING

N\

REGLRESSION  CLASSIFICATION

|
|

UMSUPERVISED REiIMFORLEMENT

LEARNIN(G LEARN INb

/N

CLUSTERING RECOMMEN DATI ON

ENSEMPBLE
LEARNING



GOAL

PREDICTING
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4

LINEAR REGRESSION

USED IN FORECASTING

Predicting future sales by Predicting the price of a
looking at what happened house based on house
before. criteria

Predicting how many
people may buy
something because of
ads

Predicting the needed
stockin a supply chain
process
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“Predicting the price of a house based on house criteria”

house age distance to the nearest MRT station number of convenience stores house price of unit area

0 32.0
1 19.5
2 13.3
3 13.3
4 5.0
3 7.1
6 34.5
7 20.3
8 31.7

84.87882
306.59470
561.98450
561.98450
390.56840

2175.03000
623.47310
287.60250

5512.03800

1783.18000

10

9

5

379

422

47.3

548

431

32.1

40.3

46.7

188

22.1



house price of unit area

379
422
473

54.8

32.1

46.7

188

22.1



INPUT OVTPUT

house age distance to the nearest MRT station number of convenience stores house price of unit area
0 32.0 84.87882 10 379
1 19.5 306.59470 9 422
2 13.3 561.98450 5 473
3 13.3 561.98450 5 54.8
4 5.0 390.56840 5 431
5 7.1 2175.03000 3 32.1
6 34.5 623.47310 7 40.3
7 20.3 287.60250 6 46.7
8 31.7 5512.03800 1 18.8
9 17.9 1783.18000 3 22.1

S
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house price of unit area

561.98450

390.56840
2175.03000

62347310

287.60250

5512.03800

1783.18000

379
422
473

54.8

32.1

46.7

188

22.1
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house price of unit area

379
422
47.3
54.8
43.1
32.1

46.7
18.8

22.1
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Fraud Detection

Medical Diagnosis
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“Who will Buy a Life Insurance?”

age bought_insurance

o 22
1 25
2 47
3 52
4 46
5 56
6 55
7 &0
8 62

9 61

0

0
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Customer Segmentation Fraud Detection

Spam Filtering Medical Diagnosis



“Who Will Develop Diabetes?”

Pregnancies Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome

6 148 72 35 0 336 0.627 50 1
1 85 66 29 0 266 0351 3 0
8 183 64 0 0 233 0672 32 1
1 g9 66 23 94 281 0167 21 o
0 137 40 35 168 43.1 2288 33 1
5 116 74 0 0 256 0201 30 0
3 78 50 32 88 31.0 0248 26 1
10 115 0 0 0 353 0.134 29 0
2 197 70 45 543 305 0.158 53 1

g 125 96 0 0 00 0232 54 1






DATA

Pregnancies Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome
0 6 148 72 35 0 336 0627 50 1
1 1 85 66 29 0 266 0351 3 0
2 8 183 64 0 0 233 0672 32 1
3 1 89 66 23 94 281 0167 21 0
4 1] 137 40 35 168 431 2288 33 1
5 5 116 74 0 0 256 0201 30 0
6 3 78 50 32 88 310 0248 26 1
7 10 15 0 0 0 353 0134 29 0
8 2 197 70 45 543 305 0.158 53 1
9 8 125 96 0 0 00 0232 54 1

TrRAININ],

o)

Glucose = 124.5
entropy = 0.933

samples = 576
wvalue = [375, 201]
class = 0

BMI < 29.85
entropy = 0.978
samples = 233
value = [96, 137]

= HE
entropy = 0.!
nmpiy- =175

value = [41, 17] value = [55, 120]
5=

class = 1

entropy = 0.961 entropy = 0.938 entropy = 0.988
samples = 117 samples = 48 samples = 99
value = [43, 56]
class = 1

value = [72, 45] value = [31, 17]
class = 0 class =

F( @

L DEC1$YON TREE
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N

Glucose = 1245

entropy = 0.933

samples = 576 .
value = [375, 201]

class = 0
True False
BMI = 29.85
entropy = 0.978
samples = 233
value = [96, 137]
class =1
Age = 28.5 Age 5 56.0 Glucose = 1545
entrnpy 0.818 entropy = 0.873 entropy = 0.898
samples = 244 samples = 58 samples = 175
value = [182, 62] value = [41, 17] value = [55, 120]
class =0 class =0 class =1

entropy = 0.961 entropy = 0.938 entropy = 0.988

samples = 117 samples = 48 samples = 99

value = [72, 45] value = [31, 17] value = [43, 56]
class =0 class =0 class =1
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GOAL

DIVIDING YOUR
DATASET IN
LOGICAL GROUPS

CLUSTERING
USE CASES

Clustering patients with
Customer Segmentation similar symptoms and

medical histories

Clustering transaction to
flag transactions that
don’t fit into any existing
cluster as potential fraud.



K-means clustering

Input: K =the expected number of clusters
Output: exactly K clusters

Unlabelled Data Labelled Clusters

K-means

X = Centroid

S



Hierarchical clustering

A dendrogram is a tree-like
structure that explains the
relationship between all the
data points in the system.

T
-

Cluster
distance

e
-

AL

Data points

i hical Cl . lained]


https://towardsdatascience.com/hierarchical-clustering-explained-e59b13846da8

Hierarchical clustering

L

Decreases
SEEEEIRI
Increases

EEEEIRElR

| bbbbiied

Granularity Cluster size

i hical Gl . lained]


https://towardsdatascience.com/hierarchical-clustering-explained-e59b13846da8

.
=

Hierarchical clustering

Cluster distance




Hierarchical clustering

Cats Dogs

Big ears Calm behavior

[ I Small sized

Big sized

i hical Gl . lained]


https://towardsdatascience.com/hierarchical-clustering-explained-e59b13846da8
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Recommendation Systems

Recommendation systems COLLABORATIVE FILTERING CONTENT-BASED FILTERING
typically help customers to Read by both users

buy the most suitable rz—:; rz_z O —
product for them. '

Similar users O
4—).. Similar articles

Based on “Associations”

wE

Recommended

to user
Read by her,

recommended to him!

[Brief on Recommender Systems]


https://towardsdatascience.com/brief-on-recommender-systems-b86a1068a4dd

Recommendation Systems

S



https://towardsdatascience.com/brief-on-recommender-systems-b86a1068a4dd

Recommendation Systems

canned vegetables

pipfruit ‘
Q O grapes
curd cheese o O liquor (appetizer)
tropital fruit @rocessed cheese
tea ®
O canned beer
O o
turkey S
whole milk O fice ‘ herbs male cosmetics
@ O Q O
onions
cereals soft cheese other vegetables Q ! bottled water

O O O O roll products

specialty cheese O
ogurt =
e O Soups spices

meat spread@ O

O abrasive cleaner

sausage O
sliced cheese O

mayonnaise

[Association Rules]


https://www.kdnuggets.com/2016/04/association-rules-apriori-algorithm-tutorial.html

More likely
to see

Recommender Systems: Netflix

K2L, oo £
{. L3 AN

BETFLX o= o o - -——l“l-'vl

e - — l

™ Less likely

[Brief on Recommender Systems]


https://towardsdatascience.com/brief-on-recommender-systems-b86a1068a4dd
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Reinforcement Learning

DRAW A
YELLOW TRIANGLE




Reinforcement Learning S

DRAW A
S YELLOW TRIANGLE
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A machine learning training
method based on rewarding
desired behaviors and
punishing undesired ones.
n general, a reinforcement
learning agent -- the entity
oeing trained -- is able to
perceive and interpret its
environment, take actions
and learn through trial and
error.




Source: Youtube

'This is Albert



https://www.youtube.com/watch?v=8fICnUvIw6g
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Ensemble Models

ENSEMBLE MODE |

[ |
| —J

J-3-d)>

MoOEL 4 MOODEL X Moopel .. Mooel 4
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MooeL 1 MODEL Y- Mooel .. MOOEL L




Technique 1: Bagging

Bootstrapped
samples Face
+ SR Individual
predictions

A - Learnerl ——p Yes

Training +

data

&3 &3

A > ———3p Learner2 ——p Yes

+

Yes

:

Ensemble
prediction

A x -3 |Learner3 —p NO

[Ensemble Learning, IBM]


https://www.ibm.com/think/topics/ensemble-learning

Technique 2: Stacking

Base Learner 1

Base Learner 2

Final Prediction

Data Meta Learner

Base Learner 3

Base Learner n

[Ensemble L. earning, IBM]


https://www.ibm.com/think/topics/ensemble-learning

Technique 3: Boosting

Incorrect
Training data Model #1 predictions
C
fnh —r >
O
Incorrect
Weighted data Model #2 predictions
5
® — >
Incorrect
Weighted data Model #n predictions
O —> >

Correct
predictions

Correct
predictions

Correct
predictions

[Ensemble Learning, IBM]


https://www.ibm.com/think/topics/ensemble-learning

Popular Ensemble Learning Algorithms

* eXtreme Gradient Boosting (XGBoost)

e ADA Boost
e Random Forests



7
I

Example Model: Random Forests
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| ) — |
Y ® § o
TR e B ﬁ

5786 09 oﬂ
ﬂ



MACH [NE  LEARNIMG

SyPER VISED
LEARNING

N\

REGLRESSION  CLASSIFICATION

|
|

UMSUPERVISED REiIMFORLEMENT

LEARNIN(G LEARN INb

/N

CLUSTERING RECOMMEN DATI ON

ENSEMPBLE
LEARNING



DEEL 3

DEEP LEARNING



AT

MA(H) AlE
LEARNIN

NEep LEARNIND \/

LLM




" ' \\ ‘\; » \ N / /| _ b
7 N\ T

; —Z BaS|s model voor Deep Learning: ><
Neuraal Netwerk 1l




Wﬂ?{.‘—?
w m. e t ’...“-\

Blology o ;3::.'.::;43" L

%ﬂ. ’l"' v__'_

-

'_-it._g- .‘h ’-.
- .-’.-.,-”.. ~a " '
¢¢' A -—i-ﬂl-w-‘u.. e ﬂj ’d ,
v ""‘-W..“.—Wq‘.‘ \\’.\» ".— ' f

- O — iy iy =, . N LY e :
“-"""n- e .*.!'a 4«, PR

m"d J‘i o A
- L o Vg}'} : !
\\ ', TR
5., Y

‘5 "I "o\ogﬁ: —_ ._ ' " o 3;"}““‘~ ——
'l|' ’:ﬁ ‘ 'Os-\-" : ' q’ \_- ;)N!"‘;\.. -
AL o — .." b . 1*) ."{ ™ |
I M NS ! o e W
' gl

.q.\'.\\-.-a __.-'
.

-

y—

d-‘-

-uﬂcé’ w 4\‘ _.‘."'
--e" ~ 3

-".\J"""‘L:‘:—': .‘2 .




T R
e O L
g it et |

— ®
Biolo '
_.'-': . -—— o - : ’ 3 -?:'——.
Sawias - AWHIRTwY 7 1) AW
PR : - v T - " f..“ S
== l —~f* . - Frod. o il e . SR

N R’lr?

e R
A% ’ SMTH o

s S

Ma
.
- =

S & O O Math 2 Ciatictine—0
M\\WVAY AN AT AN

) /
e, Oy, @
\‘\\ f// W

\ N \'l’ N4 N\ 9 < '
KRN SO SA AL R AR XI5
o7 0N 7,4\ "l \W_A7 v. v % . r‘v.'[\‘ &) “‘JQ\‘, )74 . "’
SRR A< W SN S M
ZXN 7/ A\\.I’A.A\\ AR 4TRRN

G
6"?"{,1\ XK K \:",0 OOAKA /
7 SN/ / \\:"\g/‘\'./' ARS \'lA
1 17 S \
NI

Hidden Layers



ANN: Artificial Neural Network
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ANN: Artificial Neural Network
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ANN Training
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Feed new data
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Example: Diabetes Prediction




INPUT FEATURE EXTRACTION

CLASSIFICATION OUTPUT
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INPUT FEATURE EXTRACTION + CLASSIFICATION OUTPUT
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2D CNN
ANIMATION

BASIC
ARCHITECTURE



https://www.youtube.com/watch?v=CXOGvCMLrkA
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Teachable Machine

Train a computer to recognize your
own images, sounds, & poses.

A fast, easy way to create machine learning models for
your sites, apps, and more - no expertise or coding
required.

¥ .4 PSJs Coral ® nede S OO

DEMO

Marshmallow

Not Marshmallow




OEFENING : Train je eigen Deep Learning model

Teachable Machine

Traina computer to recognize your
own images, sounds, & poses.
A fast, easy way to create machine learning models for

your sites, apps, and more - no expertise or coding
required.

T .le PSis Coral ¥ nede G OO

Marshmallow

Not Marshmaiiow (T

Groepjes van 4

Train het model om volgende
bewegingen te herkennen:

e /waaien
e Drinken
e Boksen

Na het trainen probeer je
modellen van andere groepen uit
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Husky vs Wolf

N




Predicted: Husky
True: Wolf

Husky vs Wolf

Predicted: Wolf
True: Wolf

Predicted: Wolf
True: Husky

Predicted: Husky
True: Husky

§*



Predicted: Husky
True: Wolf

Husky vs Wolf

Predicted: Wolf
True: Wolf

Predicted: Wolf
True: Husky

Predicted: Husky
True: Husky

§*



Husky vs Wolf

No Snow = Husky Snow = Wolf Snow = Wolf No Snow = Wolf

Predicted: Husky Predicted: Wolf Predicted: Wolf Predicted: Husky
True: Wolf True: Wolf True: Husky True: Husky

N



General Testing Approach
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Accuracy: Classification
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Accuracy: Classification

|
CANCeR? K

ROC: Receiver-operating characteristic

AUC: Area Under Curve
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Example: Diabetes Prediction




Logistic Regression Decision tree - 3 levels Decisiontree -6 levels




True label

Logistic Regression

Predicted label

Acc=76%

300

250

200

150

100

50

True label

Decision tree - 3 levels

Predicted label

Acc =76%

300

250

200

150

100

True label

Decisiontree -6 levels

Predicted label

Acc =85%
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True Positive Rate

Receiver operating characteristic

1.0 1

0.8

0.6

0.4 1

0.2 1

Logistic Regression
— Decision Tree - 3 levels
Decision Tree - 6 levels

I I
0.4 0.6
False Positive Rate

0.8

1.0



Tree

1SION

A “Full-Blown” Deci

We add one more model




True Positive Rate

Receiver operating characteristic

1.0 -

0.8 1

0.6 -

0.4

0.2 1

” Logistic Regression
- Decision Tree - 3 levels
Decision Tree - 6 levels

Decision Tree - full

I I
0.4 0.6 0.8
False Positive Rate

1.0



True Positive Rate

Receiver operating characteristic

1.0 -

0.8 1

4’/(, S
;fs\}-a%
- )

'

Logistic Regression
- Decision Tree - 3 levels

Decision Tree - 6 levels
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