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Attribute

Domain

Type

Use in Network

Al (Sex)

A2 (Age)

A3 (Mean time at addresses)
A4 (Home status)

A5 (Current occupation)

A6 (Current job status)

A7 (Mean time with employers)
A8 (Other investments)

A9 (Bank account)

A 10 (Time with bank)

A1l (Liability reference)

A 12 (Account reference)

A13 (Monthly housing expense)
Al4 (Savings account balance)

Class (Reject / Accept)

0,1

13.75 - 80.25

0-28
152;:3

| - 14
1-9
0-28.5
0,1

0,1
0-67
0,1
0 .
0 - 2000
1 - 100001
0, 1

Nominal
Continuous
Continuous
Nominal
Nominal
Nominal
Continuous
Nominal
Nominal
Continuous
Nominal
Nominal
Continuous
Continuous

Nominal

Candidate input
Candidate input
Candidate input
Candidate input
Candidate input
Candidate input
Candidate input
Candidate input
Candidate input
Candidate input
Candidate input
Candidate input
Candidate input
Candidate input

Target

S99 39 S 0910 syl sals
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Dimensionality Reduction Techniques

Feature selection Feature extraction
« Filter method « Principal Component Analysis
« Wrapper method « Missing Value Ratio
« Embedded method « Backward Feature Selection

» Forward Feature Selection

« Factor Analysis

« Independent Component
Analysis
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Supervised Machine Learning
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Square Feet (X) House Price (Y) A
1300 240 Data Points
1500 320 »
~ \ Regression
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1700 330 o A A _ A LI
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1830 295 = A A AA
= A A wE
1550 256 = A A
) A A
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2350 409 S A A AA A
Qo
a 3
1450 319 [a) A A A,
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Independent Variable
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R&D Spend Administration Marketing Spend  State Profit

165349.2 136897.8 471784.1 New York 192261.8

162597.7 151377.6 443898.5 California  191792.1 Y= Wo + Wi I'"{1 + W‘ZX‘E + WEX‘E
153441.5 101145.6 407934.5 Florida 191050.4

144372.4 118671.9 383199.6 New York 182902

142107.3 91391.77 366168.4 Florida 166187.9 " Xl represents R&D Spend,

131876.9 99814.71 362861.4 New York  156991.1 ] .Xﬂ represents Administration, and
134615.5 147198.9 127716.8 California  156122.5 = XE represents Marketing Spend.
130298.1 145530.1 323876.7 Florida 155752.6

120542.5 148719 311613.3 New York 152211.8
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Support Vector Machine (SVM) -
Decision Tree °

Naive Bayes °
Random Forest -
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K-Nearest Neighbors (KNN)
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Decision Tree

WINDY
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OUTLOOK TEMPERATURE
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Supervised /\Unsupervised
Data: Data:
Labeled examples Unlabeled examples
(input , desired output) (different realizations of the
input)
Tasks:
classification Tasks:
pattern recognition clustering
regression
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K-Means Clustering

K-Means Clustering vﬁ,,ﬁi
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K-Means Clustering
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Markov Decision Processes(MDP)
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Any question?




