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- What is machine learning?

- Supervised learning

- Unsupervised learning
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» What is machine learning?
m Machine Learning applications and tasks

m Supervised learning KNN
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m Used for
m Classification
m Regression
J

www.midocean.ae



What is machine learning?
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Machine learning!

MIDOCEA|

Give the machine the ability how to solve some  problems (e.g.

statistical phenomenon) based on incomplete information

Here, learning is not only a question of remembering but also of

generalization to unseen cases

Learn by example

UNIVI:HbII\
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03 Machine learning types MIDOCEA |
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~

m  Suppose you are building a Face recognition program

m Supervised learning (Classification):

m  You have a dataset of faces image and other images.

m The dataset is labeled (classified) into Faces images, and other images.

m  Program task know is to classify new images based on the available dataset.
m Unsupervised learning (Clustering):

m  You don’'t have a dataset, and program role know is to cluster similar images for a new
given dataset into different group, e.g. it can distinguish that faces are very different

from landscapes, which are very different from

W,
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Supervised Learning
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Week
03 Supervised Classification

MIDOCEA

USNEIEYV EBR S | Y

m Referred to as classification or pattern recognition.

m Thegoalistofinda functional mapping between the

examples) X, to a class label Y.

m i.e Y=f(X)

m A pattern is described by a set of features.

m E.g. color of eyes, or distance between the eyes.

are the examples and the features.

m Pattern recognition task can be viewed as atwo dimensional matrix, whose axes

\

input data (patterns or
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Week

03 Pattern classification tasks
/‘

Data collection and representation.

Feature selection and/or feature reduction.

Classification.

/
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03 Classification algorithms

m  Techniques for Low dimensional data sets
m  K-Nearest Neighbor Classification
m Linear Discriminant Analysis
m Decision Trees

m  Neural Networks

m Techniques for High dimensional data sets
m  Support Vector Machines

m Boosting

\
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Machine Learning Tasks ...
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Machine Learning Tasks ...
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Status
Single
Married
Single
Married
Divorced
Married
Divorced
Single
Married
Single
Married
Divorced
Single
Married
Single

Data

Tid Refund Marital Taxable

Income Cheat

125K
100K
70K
120K
95K
60K
220K
85K
75K
90K
60K
220K
85K
75K
90K

No
No
No
No
Yes
No

Yes

Income range of applicant?

IMakes credit

"
L1

card payments?

i
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The business understanding (Define objectives) MIDOCEA l
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03

m Define the project goals by asking and refining "sharp" questions that are relevant, specific,

and unambiguous. Data science is a process that uses names and numbers to answer such
questions. You typically use data science or machine learning to answer five types of

guestions:
1. How much or how many? (regression)
2. Which category? (classification)
3. Which group? (clustering)
4. |Is this weird? (anomaly detection)
5. Which option should be taken? (recommendation)

m Determine which of these questions you're asking and how answering it achieves your

business goals.
\_ W,
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Predictive Model

MIDOCEA

UNIVERSITY

03

m  Find a model for class attribute as a function of the values of other attributes

Tid Employed

1
2
3
4

Yes
Yes
No
Yes

Level of
Education

Graduate
High School
Undergrad
High School

# years at
present
address

5
2
1
10

Class

Credit
Worthy
Yes
No
No
Yes

N

Model for predicting credit
worthiness

Employed

Education

{ High schooal,
ndergrad }

Number of




Week

B 03

m  Find a model for class attribute as a function of the values of other attributes

Classification Example MIDOCEA I

UNIVERSITY'

N

# years at

. Level of Credit
Tid Employed Education present Worthy
address
1 Yes Undergrad 7 ?
rid Employed  Levelof  FYERREL credi " sraduate > :
pioy Education P Worthy 3 Yes High School 2 ?
address
1 Yes Graduate 5 Yes
2 Yes High School 2 No
3 No Undergrad 1 No
4 Yes High School 10 Yes

5
Test
\ !

i
Training Lear.n. ) Model
Set Classifier
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Week
03 Examples of Classification Task
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m Classifying credit card transactions

[HYOM 1IN YOL2Y S njl C

as legitimate or fraudulent

ep o . ’ "'lgéﬁwi’f’: Ty
m Classifying land covers (water bodies, urban areas, forests, o e ©

etc.) using satellite data

m Categorizing news stories as finance,

weather, entertainment, sports, etc
m Identifying intruders in the cyberspace
m Predicting tumor cells as benign or malignant

m Classifying secondary structures of protein

as alpha-helix, beta-sheet, or random coil

www.midocean.ae
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m Fraud Detection
m  Goal: Predict fraudulent cases in credit card transactions.
m Approach:
m Use credit card transactions and the information on its account-holder as attributes.
m  When does a customer buy, what does he buy, how often he pays on time, etc
m Label past transactions as fraud or fair transactions. This forms the class attribute.
m Learn a model for the class of the transactions.

m  Use this model to detect fraud by observing credit card transactions on an account.

\_ W,
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03 Classification: Application 2 MIDOCEA |
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m  Churn prediction for telephone customers
m  Goal: To predict whether a customer is likely to be lost to a competitor.
m Approach:

m Use detailed record of transactions with each of the past and present customers, to find

attributes.

m  How often the customer calls, where he calls, what time-of-the day he calls most,

his financial status, marital status, etc.
m Label the customers as loyal or disloyal.

m  Find a model for loyalty.

\_ /
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03 Classification: Application 3

MIDOCEA

UNIVERSITY

Sky Survey Cataloging

Goal: To predict class (star or galaxy) of sky objects, especially visually faint ones, based on

the telescopic survey images (from Palomar Observatory).

m 3000 images with 23,040 x 23,040 pixels per image.
Approach:
Segment the image.
Measure image attributes (features) - 40 of them per object.
Model the class based on these features.

Success Story: Could find 16 new high red-shift quasars, some of the farthest objects that are

difficult to find!

~
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Week ||
03 Classifying Galaxies MIDOCEA

Courtesy: http://aps.umnedy ' ¥ = % > 110 ‘l

Early Class: Attributes:
e Stages of Formation e Image features,
e Characteristics of light
waves received, etc.

Intermediate

Late

Data Size:

e 72 million stars, 20 million galaxies
e Object Catalog: 9 GB

e Image Database: 150 GB
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03 Regression MIDOCEA |
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\

m Predict a value of a given continuous valued variable based on the values of other variables,

assuming a linear or nonlinear model of dependency.
m Extensively studied in statistics, neural network fields.
m Examples:
m Predicting sales amounts of hew product based on advertising expenditure.
m Predicting wind velocities as a function of temperature, humidity, air pressure, etc.

m  Time series prediction of stock market indices.

/
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Regression
i 03

Linear
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Clustering
03

Finding groups of objects such that the objects in a group will be similar (or

another and different from (or unrelated to) the objects in other groups

\

related) to one

Intra-cluster
distances are
minimized

Inter-cluster
distances are
maximized

/
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03 Applications of Cluster Analysis MIDOCEA :
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m Understanding
m  Custom profiling for targeted marketing
m  Group related documents for browsing

m  Group genes and proteins that have similar

functionality

m  Group stocks with similar price fluctuations

B Summarization

s Reduce the size of large data sets

Clusters for Raw SST and Raw NPP
F o - - . Fle Edt ols  Help
_ ook v 5 - @ B Y| @oeerch (irevortes Bristory | B S [ - =
. Use of K-means to e B e e
i Links 48] Customize. Licks  §@]Free Hotmal 4] Windows
lm partition Sea Surface -
. . Web Images Groups Directory m
Tem pe ratu re (SST) GO &)gl.e SearchNews | SearchtheWeb |
é Land Clus and N et P I’I m ary News ™ e£74 Search and browse 4,500 news sources updated continuously.
Kl " . Top Stories Auto-generated 8 minutes ago
Production (NPP) into Woria _
lust that reflect th lus w E Bechtel Gets Huge Contract for
= Hong Kong Iraq Work
Sea Clust C US e rS a re eC e Business The Hindu - 15 minutes ago = ‘ Salt Lake Tribune - and 294 related »
ScilTech Beijing, April. 18. (PTI): Four 2nne
Northern and Southern sports more people died of killer NewsASI2 | +unlinked" SARS cases hits
Sea Clust H Entertai t respiratory disease SARS in Hong Kong Toronto condo
ea clus H e m |Sp heres . nterainmen today, raising the toll to 69 even as 30 new Canada.com - and 25 related »
K ] | Health cases were reported, Health Department .
e s e ’ Cluster officials said. San Marino GP notebook =l
longitude Sl 77t el [ [@ e ~

www.midocean.ae



Week |
03 Clustering: Application 1 MIDOCEA
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m  Market Segmentation:

m Goal: subdivide a market into distinct subsets of customers where any subset may
conceivably be selected as a market target to be reached with a distinct marketing mix.

m Approach:

m Collect different attributes of customers based on their geographical and lifestyle

related information.

m  Find clusters of similar customers.

m Measure the clustering quality by observing buying patterns of customers in same

cluster vs. those from different clusters.

\_ W,
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03 Clustering: Application 2 MI DOCEA
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\

Document Clustering:

m Goal: To find groups of documents that are similar to each other based on the important
terms appearing in them.

m Approach: To identify frequently occurring terms in each document. Form a similarity

measure based on the frequencies of different terms. Use it to cluster.
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03 Association Rule Discovery: Definition MIDOCEA :
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m  Given a set of records each of which contain some number of items from a given collection

m Produce dependency rules which will predict occurrence of an item based on

occurrences of other items.

TID Items

L B, Gl bl Rules Discovered:

2 Beer, Bread {MI”(} —> {COkE}

3 Beer, Coke, Diaper, Milk {Diaper, Milk} --> {Beer}
4 Beer, Bread, Diaper, Milk

5 Coke, Diaper, Milk

W,
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m  Market-basket analysis

m  Rules are used for sales promotion, shelf management, and inventory management

m Telecommunication alarm diagnosis

m  Rules are used to find combination of alarms that occur together frequently in the same

time period

B Medical Informatics

m  Rules are used to find combination of patient symptoms and test results associated with

certain diseases

/
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Association Analysis: Applications

MIDOCEAI'“

UNIVERSITY

An Example Subspace Differential Coexpression Pattern from lung cancer dataset

* An Example Subspace Differential Coexpression Pattern from lung cancer dataset

N
o
o

The Expression of Ten Genes (each curve is a gene)

102 Cancer Patients

i

67 Normal Patients

Case—control Samples

Enriched with the TNF/NFB signaling pathway

which is well-known to be related to lung cancer

P-value: 1.4*10 (6/10 overlap with the pathway)

(0]

c

)

S

© . .

z 200~ 10 92 Patients (92/102 = 90%) on which : 42 Patients (42/67=63%) The other

= Patients the ten genes are NOT coexpressed i on which the ten genes 25 patients

b i et Al 4 i i i 1 are coexpressed 1 +8§PNK2A1
g 150 e n_.y.‘ iR, Il i ——HSPBI
E l‘l "': | ‘ b A ‘ |Il‘ TI‘! g‘Tﬂ | ‘ ——UsSP11
‘@ 100H / I ,,I‘- [|| ,?"'t‘. Hih J ——CDHI

& o i j g 3 : ONAS

2 il ; i ‘ ] t" Hol \ PRI | —— smarce
= 115ty K | 1 ‘ §:| ——cDcas
% 50H.4 Mw ' S iT" I j\n,ls‘ l\ 'f‘:‘ ALY | ——HRas

@ !ﬂ H y { ' " 1| ’}‘ Ay 1 BT | —— M
g oLk *! L | 1 t

o 0 20 40 60 100 120 180

Three lung cancer datasets [Bhattacharjee et al.

2001], [Stearman et al. 2005], [Su et al. 2007]

\
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UNIVERSITY

m Detect significant deviations from normal behavior

m  Applications:

Credit Card Fraud Detection

Network Intrusion

Detection

Identify anomalous behavior from sensor networks for

monitoring and surveillance.

Detecting changes in the global forest cover.

_/
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K-Nearest Neighbor Classification
K-NN
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KNN
( O 3 d—M—I—%E—R—E—I—T\Y
m Used for
m Classification
m Regression
J
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K-Nearest Neighbor Classification 1D E
03 USNEIEYV EBR S | Y
> : 2
’ Euclidean | Z(xi — )—
m K nearest neighbors measured by &
a distance function. , | k
! Manhattan | ZI:|-\’,- _,V,-l
m These functions are valid only | e
k
with continuous variables. [ i i [ Z(IT _ 1|)‘1J
i=1

\_ /
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KNN Example
B 03

\_

Consider the following data concerning credit default. Age and Loan are two numerical variables

(predictors) and Default is the target.
Age
o
35
45
20
35
52

8 &38R

Know we want to classify unknown case ((Age=48 and Loan=$142,000) using Euclidean distance.)

Loan
$40,000
$60,000
$80,000
$20,000

$120,000
$18,000
$95,000
$62,000
$100,000
$220,000
$150,000

Default

N

||| | |Z2|2|L|<L|<

A

/
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Week

03

Using Euclidean distance: E.g. distance between (48, $142k) and (33, 150k)

o Sqrt[(48-33)A2 + (142000-150000)A2] = 8000.01

KNN Example

So for all the dataset

Age
25
35
45
20
35
52
23
40
60
48
33

Loan
$40,000
$60,000
$80,000
$20,000

$120,000
$18,000
$95,000
$62,000
$100,000
$220,000
$150,000

$142,000

Default

Distance |
102000
82000
62000
122000
22000
124000
47000
80000
42000
78000

A

e < € | ||| Z2|Z2|2|2|2|2

\s"“c
\M \/(‘1—‘1) +(x,— .2)

8000 1

/
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Week

KNN Example cont.
B 02

Know we choose the number of neighbors K

If K=1 then this caseisY

If K=3 then we have 2 Y and 1 N which give us Y

Age Loan Default Distance
25 $40,000 N 102000
35 $60,000 N 82000
45 $80,000 N 62000{
20 $20,000 N 122000
35 $120,000 N 22000
52 $18,000 N 124000
23 $95,000 Y 47000
20 $62000 Y 80000
60 $100,000 Y 42000
48 $220,000 Y 78000
33 $150,000 Y 8000
i
a8 - $142,000 ?
,.f’@,o‘-"' 5
BFD = \[(x, - 7)) + (- 1)

2
Loan$

3

1

$250,000

$200,000

$150,000

$100,000

$50,000

>
>

# Non-Default

M Default

/

www.midocean.ae



/‘

03 1- Classification using KNN:

Steps:

g Find distance.

g Find Rank.

m Find the output according to the value of k.

Euclidean Distance:

d=./(y;—y1)%+ (x — x1)?

/
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Example
B 03

Consider k=3
Name | Cigarettes | Weight Heart Attack Distance
A 7 70 Bad V3 =72+ +(70 - 70)2 1)
=4 -/
B 7 40 Bad V(3 =7)2 + +(70 - 40)
? = 30.27 @

C 3 40 Good V(3 =3)2 4 +(70 - 40)?

= 30.00 @
D 1 40 Good JG=1)7 + +(70 - 40)? @

= 30,07
E 3 70 Good

/
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Example
B 03

m Consider k=4

/
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Example2:
B 03

Height (CM) Weight (KG) Class
167 51 Underweight
182 62 Normal
176 69 Normal
173 64 Normal
172 65 Normal
174 56 Underweight
169 58 Normal
173 57 Normal
170 55 Normal
170 57 ?

/
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03 Solution cont.:
/‘

| Height (CM) | Weight (KG) Class Distance Rank
169 58 Normal 14 1
170 55 Normal 2 2
173 57 Normal 3 3

| 174 56 Underweight 4.1 4

167 51 Underweight 6.7 5
173 64 Normal 7.6 6
172 65 Normal 8.2 7
182 62 Normal 13 8
176 69 Normal 13.4 9
170 57 ?

/
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Week
Solution cont.: 1D E
/- 03 UNIVERSITY
| Height (CM) | Weight (KG) Class Distance Rank
169 58 Normal 14 1
173 57 Normal 3 3 If K=2, Normal
174 56 Underweight 4.1 4
If K=3, Normal
167 51 Underweight 6.7 5
If K=4, Normal
173 64 Normal 1.6 6
17 65 Normal 8.2 7 i K=5, Normal
182 62 Normal 13 8
176 69 Normal 134 9
170 57 ?
\__ y,
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2- Regression Using KNN: 1D -
03 UNIVERSITY
/‘
Age loan  HousePriceindex  Distance
25 $40,000 135 102000
35 $50,000 256 82000
o 980,000 Bl 62000
20 $20,000 27 12000 |
35 20000 139 2000 2
R swo0 150 124000 -
3 $95,000 127 47000 (48, 142.000)
40 $62,000 16 80000 i
80 $100000 139 42000 3 { @35
48 $220,000 250 78000
3 $150,000 2644 8000 1
8 $142,000 ;
\__ y,
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Week

03 2- Regression Using KNN:
/‘

K=1
» using the training set to classify an unknown case
» (Age=33 and Loan=5150,000) {Euclidean distance}.
~|f K=1 then the nearest neighbor is the last case in the set
»with HPI=264.
»D = Sqrt[(48-33)*2 + (142000-150000)*2] = 8000.01 >> HPI=264
K=3
~the prediction for HP! is equal to the average of HP!
for the top three neighbors
»HPI = (264+139+139)/3 = 180.7

8 Bsssueus&eond

loan  HousePrice Index  Distance

$40,000
$5.,000
580,000
520,000
$120,000
$18,000
$35,000

$100,000
$220,000
$150,000

$142,000

-3t g

139

558

~e—§ BB

/
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Example: Assume k=3
B 03

x1 X2 weight
7 7 6

7 4 3

3 4 2

1 3 1

2 1 ?

/
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m The data is explored, putted into a suitable place and prepared to
m use in our machine learning training. In this step, we understand

m  the nature of data that we must work with. We need to understand the characteristics, format,

and quality of data.

m A better understanding of data leads to an effective outcome. In this, we find Correlations,

general trends, and outliers.
m Data wrangling is the process of cleaning and converting raw data into a useable format.

m In real-world applications, collected data may have various issues

W,
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Solution: K=3 MIDOCEA
O 3 d—N—I—V—E—R—S—I\
Weight = 3+§+1 =2

x1 X2 weight |Distance| Rank

7 7 6 7.81 4

7 4 3 5.83 3

3 4 2 3.16 2

1 3 1 2.23 1

2 1 2

/
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KNN disadvantages
i 03

Computationally expensive

Requires a large memory to store the training data.

/
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