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Termine/Themen

Zeit Themen

14.04.08, 13:15-16:30 (9.101) | - Data Mining vs. Statistik, Prozessmodelle

15.04.08, 08:00-11:15 (5.302) | - Data Warehouse & Data Mining, Business Intelligence
- Data Understanding/Data Preparation

30.04.08 (5.202) | - Labor (Data Understanding/Preparation)

19.05.08, 13:15-16:30 (9.101) | Segmentierung

20.05.08, 08:00-11:15 (5.302) | - Clusteranalyse/Self-Organizing Maps

21.05.08 (5.202) | - Labor (Clusteranalyse)

02.06.08, 13:15-16:30 (9.101) | Klassifikation

03.06.08, 08:00-11:15 (5.302) | - Entscheidungsbaume/FB Networks
-Diskriminanzanalyse/(Logistische ) Regression

11.06.08 (5.202) | - Labor (Klassifikation)

30.06.08, 13:15-16:30 (9.101) | - Assoziationsregeln

01.07.08, 08:00-11:15 (5.302) | - Sequence Detection

02.07.08 (5.202) | - Labor (Assoziationsregeln)

07.07.08.- 01.08.08 Prifungszeit (Klausur, 90 Minuten)
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Overview

ADefinitions/Foundations
AProcess Models/Data Warehouse & Data Mining

AData Mining Tasks
AData understanding/Data preparation
AModeling
ASegmentation
A Cluster Analysis
A Self-Organizing Maps
AClassification
A Decision Trees
A Discriminant Analysis
A FB Networks
ALink Analysis
A Association Rules
A Sequence Detection

;
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Motivation: Prediction

For which (potential) customer it
might be profitable to invest?

Target Group Marketing —_—

Will a customer pay back an applied
loan in proper form?

Credit Scoring E—

Which customer will probably cancel
her/his contract within the next six
months (e.g. Telephone, assurance

policy)?

Churn Prevention —

ldea:

Characterising the relationship between variables and a given class
variable by a classification model and predicting class values for new
objects by applying the classsification model
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Business Case 1: Target Group Marketing

Task: Identifying new customers by minimizing advertisement costs
simultaneously (e.g. Dispatching catalogues)

Send
advert.
letters

Generate/Test
classification model

Apply
classification
model

Provide all (potential) customers (A Resp = AYesfd) with| addi't
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Classification?

1. Characterising the relationship between variables and a given
class variable (=nominal-scaled variable) by a classification model

representetl b
b i Y Coming from

A Ru 10
A Decision Trees Aempirical data from the past
Aa judgement from experts

A Mathematical functions [ _
A Discriminant Analysis Aa foregoing segmentation

A Logistic Regression
A Neural Networks

A Feedforward Backpropagation Nets Supervised
A Support Vector Machines, Strategie

‘ Generation/Test of the Classification Model (CM)

2. Classifying new objects (A Prediction)
‘ Application of the Classification Model
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Supervised/Unsupervised Strategies

Unsupervised strategies
Extraction of unknown pattern

AData description/Visualization

ASegmentation A e.g. Cluster Analysis/Self-Organizing Maps
ALink Analysis A e.g. Association Rules/Sequence Detection
Aé

Supervised Strategies
1. Characterisation of known patterns by the given data sets
2. Classifying new data sets by using this characterization
(A Prediction)

AClassification A e.g. Decision Trees/Discriminant Analysis/
e.g. Feedforward Backpropagation Networks

ARegression

ATime series analysis

Aé
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Classification (Data View)

1. Characterising the
relationship
between variables
and a given class
variable

2. Classifying new
objects
(by using the
classification
model)

F

Data Mining
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Classification: Applications

Application Class variable Object variables
Marketing - Customer -Age, I ncome, é
- No customer -Order, contest
Credit scoring - High credit risk - Credit amount/duration, age,
- Low credit risk -Credit history,

Diagnosis of - Yes - Blood pressure
deseases - No -Medi cal tests, | ¢
Voting analysis - Parties - Attitudes to political issues
(e.g. Taxes, Di| s
- Sympathy for politicians
Intrusion Detection - Yes - Source/Destination ports
- No -Fl ags (SYN, ACK,
- Seguence numbers,...
Recognition of - Digits, letters - 16x16-Pixel
handwriting (256 Grey Level Images)
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Classification Model: Decision Tree

Decision Trees

CHAID. QUEST
Income
C5.0 C&R Tree CHAID QUEST
Income
A
Debts a
a b
a ap
b
a a X ab
a b b
y a
1
a & p b 2
a @ b b a b 4
a a a a b b b
a a b b 1. Il > Xl
a a b b Credit risk
a 29 b a = High 2. |.<X
a b b b g | 2
q 2 a ] b = Low
DX CECTTTTTTTTTTTTOPEEEEETTTTTTR FEPEE b b 3. Di < Y1
Iacome
i
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Cl assi f

C atl

On

Mo d e |

Mathematical functions
(A Discriminant Analysis)

Credit risk = by + b; Income + b, Debts

4 Debts

a
b
a ap
b
a . ab
bb
a

©

Logistic

Mathematical functions
(A Logistic Regression)

Pr(Creditrisk = HighincomeDebt$ =

=

expbo+ bincome-b:Debts)
1+ expbo + bincome- b.Debts

0 Pr(Creditrisk = HighincomeDebt$
1- Pr(Creditrisk = HighincomeDebt$

J =boe+bIncome-b.Debts

Credit risk
a = High
b b b = Low
b
IFlcome

2
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Classification Model: Neural Network

Neural Networks
(A Feedforward Backpropagation Networks)

Neural Net
Depth
Credit
A risk
Debts a
a b Income
a ap
a b a
a . b
a b b
a
a a b a
a @ a
a a a a
a a
Credit risk
...... a = High
D, frsssnnns . o Low

‘_' Xl | X2
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Classi ficati on Model

Machine learning approach for solving nonlinear, complex classification
problems, for which no mathematical model are available

ALinear separable case
A Finding an optimal hyperplane:
Maximal Margin Classifier
ANonlinear separable case
A Finding an optimal hyperplane
Soft Margin Classifier
ANonlinear Classification
A Data transformation by a
nonlinear mapping

Support ]
Vector

Maximal Margin
Classifier

[

X1
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K-Nearest-Neighbour Classification

Classifying new objects by analysing the
k-nearest-neighbours
(= Selecting the class with the highest number)

Debts a

R . a a b ] b a b
a a b b —
a b b Credit risk
a a a b b a: No Loan
a 2 a b b b : Loan
a 4 a b b
a b
b

»

Income
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Issues of a Classification Model

AAccuracy
AReliability of the model is based on the proportion of (the unknown)
correct classifications
A requires careful model tests

ATime to learn
AQuick learning or adjustments of the classification model
(only a small number ob observations are necessary)

ASpeed
ASpeed of model application might be an issue in some (real-time)
environments
(e.g. fault detection in a production line, automatic detection tasks)

AComprehensibility
AModel should be easily understandable by the human operator
A Human operator must Abelieve the m

(Michie u.a. 1994, S.7)
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Generating a Classification Model

AATr ai ni ngif
Generation of a classification model by using a given data set (or a subsample)
Result: - Decision Tree
- Mathematical function
ADiscriminant function
ALogistic regression function
- Neural Network
-é

ATest
AClassifying objects with already given classifications by using the

generated classification model

(Using test samples by
AResubstitution,
ATrain -and-Test,
ARepeated Holdout A Cross -Validation,
ABootstrap)

AComputing quality measures
(e.g. misclassification error)
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Classification Test -1 -

AResubstitution
Testing the classification model by using the given data set
(already used for Atrainingf)

vV, € V, .. V, Class v, € V, .. V, Class
0, 0,
bi Train = Test bi
. —> .
0, O,

ATrain -and-Test (for large sample sizes) (> 1000))
Dividing the given data set in
Aa training sample for generating the classification model
Aa test sample to test the model on independent objects with given
classifications (randomly selected, 20-30% of the complete data set)

V; € V..V, Class vV, ¢ V, .. V, Class
0, Train 0,
. —> .
O O
Test
O, — O,
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Train-and-Test (Clementine) -1-

4 Stream1* - Clementine 8.0
File Edit Insert View Tools SuperNode Window Help

D)2k (&[] e] 3] we][2][»] @ (=] [x][a]]

D@

70%

CI=EE

S EEEE
\ o
CREDIT.SAY @ —l ‘?ﬁ“‘/ Table

(70%) CLASS \ q

Analysis

|| CRISP-DM | Classes
119 _4 (unsaved project)
:: _ 4 Business Understanding
4 Data Understanding

_ A Data Preparation

4 Modeling

A Evaluation

_ 4 Deployment

l¢]

[»]
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Train-and-Test (Clementine) -2-

4 Stream1* - Clementine 8.0 = 8| - 10| x|

File Edit Insert View Tools SuperNode Window Help

D)2k (&[] e] 3] we][2][»] @ (=] [x][a]]

/
> CLASS

& Clementine:

Models

2 CLASS
(& Tabelle (24 Felder, 1.000 Datensitze)

CREDIT.SAY Partion S\ > EEEH| sener] (SDatei 7 Bearbeten ) Generieren [l 2% 44

ousing]number...ljob (em...lnumber...]telepho...|f0reign | CLASS] Partition l

; / Tabelle ini
c?%ﬂ 1 1 1_Training
1 \ 2 21_Training
CLASS 3 1 1_Training
q 4 12_Test
N 5 2 1_Training
1inings ini
Analyse ) ? H%:::::g
Grite der Testpartif - 11_Training
Groke derValidierufl 9 111_Tralning

10 2 1_Training

[ TR S PR S S S 6 S I S PR P R PR N S N
LER I S TR TR S PR R PR R PR L S TR U R PR N R PR
S JEC N N A U U G U G G U NG T 5 T 5 T (5 RSy
= =000 00=0000=0=0000 =
Slmlalalalalalalalalalalclaolcolcolcalcalcalas

2
1
1
1
2
1
1
1
1
2
1
1
1
2
1
1
2
3
1
1

Ca14 21 _Training
12 2 1_Training
13 12_Test
14 2 1_Training
15 12_Test
16 22 _Test
17 1 1_Training
Startwert flr Zufgl|1 8 1 1_Training
19 2 1_Training
Einstellungen ' 20 11_Training
< | R | [»]

Tabelle ] Anmerkungen
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Classification Test - 3 -

ACross -Validation (for moderated sample sizes) A Sampling without replacement
ADividing the given data set into k subsamples of equal size
AEach subsample is tested by using a model generated from the
remaining (k-1) subsamples
A Leave-One-Out: k = Number of objects

V, é A/ R VA Class V, é Vi .. Vq Class
(@) (@]
2 Train 2
. .
O, O,
Oin Oin
. Test .
On —> o, | |
— —~ 5

k-times (each with another subsample for testing)

ABootstrap (for small samples sizes)
Ak Random samples of equal size are taken from the given data set by
sampling with replacement
ASampling with replacement:  Some objects will be omitted
(e.g. an object has an probability of 1/e = 37% of ending up into the test
sample) and some objects appear more than once in the bootstrap sample
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Cross-Validation (Clementine A C5.0) -1-

4 Stream1* - Clementine 8.0
File Edit Insert View Tools SuperNode Window Help

D2lw (& [%le]s][o)e] 2] [»[@ =] *a]

DIT.SAV
~ v E
"4 Table ,
c?% \ Model name: @ Auto () Custom | |

CRE

CLASS Outputtype: (@ Decisiontree () Rule set
q [_] Group symbolics
Analysis '] Use hoosting Numberartialss | 105
vi Nurber of folds: |710j
Mode: {® Simple ) Expert
Favor: ® Accuracy (' Generality
Expected noise {(%): I—Ulj

OK P Execute Cancel Apply Reset

;,
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Credit Scoring (Model Test)

[l Table (23 fields, 300 records)
Bl File ~ Edit ) Generate |4 o 44

wmg_J pre.. Imst | per...|oth. ]pre Jpr...] age|othe..| housing| nu.. ||ob( Inu_lt.].] cLass| sc-cLass st
1 3 3 4 2 1] 4 3] 29 3 11 1 2[ 1[off 2 1
2 1 6] 4 3 1] 4 4] 48 3 3l 20 3 1 2 2
3 2l 5 4 21 1] 2[ 4 47 3 3l 11 3 1| 1
4 2l 5 4 3 1 2[ 2 M| 2 2l 2] 3 1off 1| 2
5 1] 2 4 2] 1 1 2] 32 3 2l 1] 30 201y 1] 2
B 3. 5[ 1 2] 1| 4 4] 35 3 3 1] 3] 1jop 1] 1
7 2l 4 3 3 1] 2 2] 24 3 2l 1 3 10p 2 1
g 1] 2| 4 2| 1] 3 2] 25 3 11 2] 3 10 2 2
g 1] 5[ 4 2| 1 4 1] 25 3 2l 1] 3] 1o 1] 1
10 1] 3 2 3 al 2 4] 37 3 2l 1] 2] 2/0(f 1] 1
11 3. 5 4 3 1 3] 2 32 1 2l 20 4 1y 1| 1
12 1] 5| 4 2| 1| 4 4 35 3 3 1 3 10/ 2 2
13 0 5 4 3 1 4 1] 48] 3 2 1] 4 [ 1| 1
14 11 3| 4 3 1 4 1] 25 3 2l 20 2] 1]off 1| 1
15 1 4 4 3 1| 2| 4 27 3 2l 1 4 11t 2 2
16 o, s 1] 3 1 4 3] 83 3 2l 2 3] 1oy 1] 1
17 o, 5 3 3 1 2 3] a0 3 2l 2] 3 201 1] 1
18 11 3| 4 3 1 2[ 4] 32 3 3| 1 4 [ 1| 1
19 o, 3 3} 3 1 2 3 AN 3 2l 20 30 g 1] 1
20 2l 5 3 4 1 4 3 31| 1 2l 21 3 [y 1 2 . Z
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Quality Measures

Let CM :Vix...xVm— C be a classification model, which maps
each object 0 O= Ql,...pn from object variables into the class
variable

CM @ theempiricalclassificéion of anobjecibeO
CR():: thereal(given)classificion of anobje¢ 0O

Classification accuracy
‘ QE Otest| CM(0) = CR0),Otestc O [
‘Otesﬁ
Classification error = Misclassification rate
:teleM ‘ Qe Otest| CM(0) # CR0), Otest— O {
‘Otesk
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Example: Quality Measures

Cost matrix BN Analysis of [CLASS] 8| 10| x|
Test Brie ~ Edt [ o X
empirical/ | True | False & Collapse Al @ Expand Al
real @ Results for output field CLASS
@ Comparing $C-CLASS with CLASS
True 180 | 27 Correct | 221] 73.67%
Wrong | 79 26,33%
False 52 41 Toda 500
@ Coincidence Matrix for §C-CLASS (rows show actuals)
1 2
1 180| 27
2 52 41
@ Performance Evaluation
1 | 0117
Test 2 0.665
— - @ Confidence Values Report for §CC-CLASS
Classification 221/300 | 73,67% Range | 0593-0893
accuracy 'Mean Correct | 0.000
- — - Mean Incorrect | 0.000
M'SClaSS|f|Cat|on 79/300 26,33% A|ways Correct Above | 0.000 (0% of cases)
rate Always Incorrect Below | 1.000 (0% of cases)
' 90% Accuracy Above | Never reached requested level
2.000 Fold Correct Ahove | Never reached requested level
DNS .
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Example: Quality Measures (Partition Node)

Cost matrix

Training

empirical/ | True | False

real

True 487 | 14

False 42 157

Test

empirical/ | True | False

real

True 168 | 32

False 68 32

Training Test

Classification 644/700 | 92% | 200/300 | 66,67%
accuracy
Misclassification | 56/700 | 8% | 100/300 | 33,33% Q

f ) rate
iy
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