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Termine/Themen 

Zeit Themen

14.04.08, 13:15-16:30    (9.101)

15.04.08, 08:00-11:15    (5.302)

- Data Mining vs. Statistik, Prozessmodelle

- 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)

20.05.08, 08:00-11:15    (5.302)

Segmentierung

- Clusteranalyse/Self-Organizing Maps

21.05.08                         (5.202) - Labor (Clusteranalyse)

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

03.06.08, 08:00-11:15    (5.302)

Klassifikation

- Entscheidungsbäume/FB Networks  

-Diskriminanzanalyse/(Logistische ) Regression

11.06.08                         (5.202) - Labor (Klassifikation)

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

01.07.08, 08:00-11:15    (5.302)

- Assoziationsregeln

- Sequence Detection

02.07.08                         (5.202) - Labor (Assoziationsregeln)

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

ÅDefinitions/Foundations

ÅProcess Models/Data Warehouse & Data Mining

ÅData Mining Tasks

ÅData understanding/Data preparation

ÅModeling

ÅSegmentation

Ą Cluster Analysis

Ą Self-Organizing Maps

ÅClassification

Ą Decision Trees

Ą Discriminant Analysis

Ą FB Networks

ÅLink Analysis

ĄAssociation Rules

Ą Sequence Detection
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Motivation: Prediction

For which (potential) customer it 

might be profitable to invest? 

Which customer will probably cancel 

her/his contract within the next six 

months (e.g. Telephone, assurance 

policy)?

Will a customer pay back an applied 

loan in proper form? 

Target Group Marketing

Credit Scoring             

Churn Prevention             

Idea:

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

Draw a

sample

Send

advert.

letters

AgeéSexID

e.g. 50.000

AgeéSexID

10.000

AgeéSexID

40.000

Generate/Test

classification model

Apply

classification

model

Ag

e

éSexID

No

Yes

Resp

10.000

Ag

e

éSexID

No

Yes

Resp

40.000

Provide all (potential) customers (ĄResp = ĂYesñ) with additional services

Task : Identifying new customers by minimizing advertisement costs

simultaneously (e.g. Dispatching catalogues)
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Classification?

1. Characterising the relationship between variables and a given 

class variable (=nominal-scaled variable) by a classification model 

represented by

Å Rules                          

Ą Decision Trees

Å Mathematical functions 

Ą Discriminant Analysis

Ą Logistic Regression

Å Neural Networks          

Ą Feedforward Backpropagation Nets

Å Support Vector Machines, é

2. Classifying new objects (Ą Prediction)

Generation/Test of the Classification Model (CM)

Application of the Classification Model

Coming from

Åempirical data from the past

Åa judgement from experts

Åa foregoing segmentation

Supervised 

Strategie
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Supervised/Unsupervised Strategies

Unsupervised strategies

Extraction of unknown pattern

ÅData description/Visualization

ÅSegmentation Ą e.g. Cluster Analysis/Self-Organizing Maps           

ÅLink Analysis Ą e.g. Association Rules/Sequence Detection

Åé

Supervised Strategies

1. Characterisation of known patterns by the given data sets

2. Classifying new data sets by using this characterization 

(Ą Prediction)

ÅClassification Ą e.g. Decision Trees/Discriminant Analysis/

e.g. Feedforward Backpropagation Networks            

ÅRegression

ÅTime series analysis

Åé
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Classification (Data View)
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1. Characterising the

relationship 

between variables 

and a given class 

variable

2. Classifying new

objects

(by using the

classification 

model) 

Classification

model
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Classification: Applications

Application Class variable Object variables

Marketing - Customer

- No customer

- Age, Income, é

- Order, contest participation, é

Credit scoring - High credit risk

- Low credit risk

- Credit amount/duration, age,

- Credit history, é

Diagnosis of

deseases

- Yes

- No

- Blood pressure

- Medical tests, é

Voting analysis - Parties - Attitudes to political issues 

(e.g. Taxes, Disarment, é),

- Sympathy for politicians

Intrusion Detection - Yes

- No

- Source/Destination ports

- Flags (SYN, ACK, é)

- Sequence numbers,...

Recognition of 

handwriting

- Digits, letters - 16x16-Pixel

(256 Grey Level Images)
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Classification Model: Decision Tree
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Classification Model: Discriminant Analysis, é

Credit risk = b0 + b1 Income + b2 Debts

Mathematical functions

(Ą Discriminant Analysis)
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(Ą Logistic Regression)
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Classification Model: Neural Network

Neural Networks

(Ą Feedforward Backpropagation Networks)
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Classification Model: é Support Vector Machine

Machine learning approach for solving nonlinear, complex classification 

problems, for which no mathematical model are available
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ÅLinear separable case

Ą Finding an optimal hyperplane:  

Maximal Margin Classifier

ÅNonlinear separable case

Ą Finding an optimal hyperplane

Soft Margin Classifier

ÅNonlinear Classification

Ą Data transformation by a  

nonlinear mapping

Maximal Margin 

Classifier

Support

Vector

Support

Vector
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K-Nearest-Neighbour Classification
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(= Selecting the class with the highest number)
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Issues of a Classification Model

ÅSpeed

ÅSpeed of model application might be an issue in some (real-time) 

environments 

(e.g. fault detection in a production line, automatic detection tasks)

ÅAccuracy

ÅReliability of the model is based on the proportion of (the unknown) 

correct classifications

Ą requires careful model tests

ÅComprehensibility

ÅModel should be easily understandable by the human operator

ĄHuman operator must Ăbelieve the modelñ

ÅTime to learn

ÅQuick learning or adjustments of the classification model

(only a small number ob observations are necessary)

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

ÅTest

ÅClassifying objects with already given classifications by using the 

generated classification model

(Using test samples by 

ÅResubstitution,

ÅTrain -and-Test,

ÅRepeated Holdout Ą Cross -Validation,

ÅBootstrap)

ÅComputing quality measures

(e.g. misclassification error)    

ÅĂTrainingñ

Generation of a classification model by using a given data set (or a subsample)

Result: - Decision Tree

- Mathematical function

ÅDiscriminant function

ÅLogistic regression function

- Neural Network

- é
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Classification Test - 1 -

ÅResubstitution

Testing the classification model by using the given data set 

(already used for Ătrainingñ)

ÅTrain -and-Test (for large sample sizes) (> 1000))

Dividing the given data set in

Åa training sample for generating the classification model

Åa test sample to test the model on independent objects with given 

classifications (randomly selected, 20-30% of the complete data set)
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Train-and-Test (Clementine) -1-
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Train-and-Test (Clementine) -2-
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Classification Test - 3 -

ÅCross -Validation (for moderated sample sizes) Ą Sampling without replacement

ÅDividing the given data set into k subsamples of equal size 

ÅEach subsample is tested by using a model generated  from the 

remaining (k-1) subsamples

Ą Leave-One-Out : k = Number of objects

ÅBootstrap (for small samples sizes)

Åk Random samples of equal size are taken from the given data set by 

sampling with replacement

ÅSampling 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

O1

O2

.

Oi

Oi+1

.

On

Train

Test

k-times (each with another subsample for testing)

ClassV1
Vj Vmé ...

O1

O2

.

Oi

Oi+1

.

On

ClassV1
Vj Vmé ...



Data Mining                              Summer 2008                                    © Michael Möhring 21

Cross-Validation (Clementine Ą C5.0) -1-
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Credit Scoring (Model Test)
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Quality Measures
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Classification accuracy 

Classification error = Misclassification rate 
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Example: Quality Measures

Cost matrix 

Test

empirical/

real

True False

True 180 27

False 52 41

Test

Classification 

accuracy

221/300 73,67%

Misclassification 

rate

79/300 26,33%
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Example: Quality Measures (Partition Node)

Cost matrix 

Test

empirical/

real

True False

True 168 32

False 68 32

Training

empirical/

real

True False

True 487 14

False 42 157

Training Test

Classification 

accuracy

644/700 92% 200/300 66,67%

Misclassification 

rate

56/700 8% 100/300 33,33%
?


