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Overview

m Classification models
Requirements
New classification techniques: ALBA, AntMiner+
Incorporating domain knowledge

m Applications
Financial engineering
m Credit scoring
m Audit: going concern opinion prediction
Information management:
m B/ICT alignment
= Mining software repositories

m Conclusion
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Classification Models

Requirements

m Classification models should be:

Accurate
mMeasured I n PCC, ROC, confusic
= Typically only performance measure used

Comprehensible

m Preferably a low number of short, compatible rules

m Key issue in domains as medical diagnostic and credit scoring
Justifiable

= In line with prior (expert) knowledge

m E.g.: Increasing income should yield higher probability of being
granted credit

Acceptable for implementation



0 — KDD 2008 Workshop on Data Mining for Business Applications
New Classification Technigues

Rule Extraction and Induction

m  ALBA (Active Learning Based Approach)
Rule extraction from black-box models

Data 2> C4.5/RIPPER rulesets
Data 2 SVM model - C4.5/RIPPER rulesets

=) More accurate
=) More comprehensible
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David Martens, Bart Baesens, Tony Van Gestel, Jan Vanthienen,
Decompositional Rule Extraction from Support Vector Machines with Active Learning,
IEEE Transactions on Knowledge and Data Engineering, Forthcoming
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New Classification Technigues

Rule Extraction and Induction

m  AntMiner+
Rule induction based on ACO

Data - rule set
= Accurate
m  Comprehensible

TABLE VII
OVERALL AVERAGE OUT-OF-SAMPLE PERFORMANCES

Technique Accuracy  Ranking #R #T/R Time

AntMiner- 81.92 3.5 9.1 3.3 1776
AntMiner 72.76 7.1 9.8 1.3 390
AntMiner2 73.03 7.0 10.1 1.3 422
AntMiner3 71.96 7.5 10.4 1.3 867
RIPPER 79.75 4.3 3.2 2.8 0.3
c4.5 79.34 4.3 30.0 0.1
INN 80.37 4.3 0.0
logit 78.42 3.3 0.3
SVM 81.93 2.9 941

David Martens, Manu De Backer, Raf Haesen, Jan Vanthienen, Monique Snoeck, Bart Baesens

Classification with Ant Colony Optimization
IEEE Transactions on Evolutionary Computation, Vol. 11, Nb. 5, pp. 651-665, 2007
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AntMiner+

Justifiability

m AntMiner+
Accurate

Comprehensible

Justifiable ?

= In line with prior knowledge
m Monotonicity Constraints = < z7:f(z*) < f(z?), ¥i,j (or f(z') = f(x7),¥i,5)

An increase (or decrease) in a certain input(s) cannot lead to a
decrease in the output.

Credit scoring example: increasing income, keeping all other variables
equal, should yield a decreasing PD.

Medical diagnosis example: an increase in tumor-size will lead to a
higher probability of recurrence.

David Martens, Manu De Backer, Raf Haesen, Bart Baesens, Christophe Mues, Jan Vanthienen
Ant-Based Approach to the Knowledge Fusion Problem
ANTS Workshop 2006, Lecture Notes in Computer Science, Brussels (Belgium), September 2006
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AntMiner+

Justifiability

Checking &ccount Savings Account Credit History customer=bad customer = good

I <=15months { - = - = . "
[ CCUu racy B [l e [cammores |- : . . x
i furriture/buginess | < 0€ < B0Ear»=50% and < 250 £ or unknown / no savings | - H -
4 >=250€ and < B00£ or >= 500 - . [
- - 5 »=0 and< 100€ or nochecking | < 50€ &ll credit: paid back duly or &l ®
. O I I l re e n S I I I m account credits &l this bank paid back duly
E ewisting credits paid back duly till H
o of crtical accounl
- - R 7 »>=50%€ and < 250 € or unknown / no savings or >= 230 | - . ®
Eand < 500€ or>=500€
m Justifiability @ | _ | |
] radin/television <0E - all credit: paid back duly or all . W
credits al this bank paid back duly
10 ewisting credits paid back duly till H
now of critical accounl
" »=0 and< 100 € or nachecking | - - ®
accountorx=100£
12 car [hew)/retraining | - - - ®
H o H o
No constraints Hard constraints

Acc 4R |#1/R Acc 4R |#1/R

instances| Avg o Avg o

auto 392 86.3 29| 3.5 6.4 ||87.6 22| 1.9 | 3.4
bel 277 794 3.2 3.0 7.3 ||80.0 29| 2.2 | 5.6

pima 768 68.9 3.6| 5.1 6.2 ||69.2 23| 4.6 | 5.3
ger 1000 72.3 13| 4.3 44 || 715 1.3] 4.2 | 3.6

hab 306 75.0 34| 3.2 3.8 || 742 33| 3.6 2.5
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Applications

m Real-life Applications
m Financial Engineering

Very regulated domain: validation key issue
s Credit Scoring
= Audit Mining

m Information Management

m Business/ICT Alignment
= Mining Software Repositories
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Applications

Financial Engineering

m Credit scoring

Provide a score or classification of a credit applicant
given the application characteristics provided.

Client Income Sex Amount Default
A 1.600 M 175.000 N
B 2.600 F 350.000 Y
C 3.280 M 50.000 N
M) 950 M 120.000 Y
E 10.500 M 1.000.000 N
F 5.700 F 240.000 N
G 2.400 F 250.000 N
N 7

l Data Mining

Classification Model

if income <10.000 and Amount Loan > 100.000 and ...
then default = yes

Client Income Sex Amount Default

New client 2.000 F 500.000 @
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Applications
Credit scoring

m Importance comprehensibllity.

“In the future it should be clear what the basis of their ratings of

companies is,” Me r k eTherescan't loe.sonte black box from
which something comes out and which no one understands.”

(Reuters, August 2007)

ECONDMY | 19,08 2007

German Chancellor Calls for More Market Transparency

4 B Angela Merkel wants hedge funds to respect
1 aninternational rule of conduct

In the aftermath of recent turbulence on the global financial market,
German Chancellor Angela Merkel reiterated her call for greater
transparency, especially as far as hedge funds are concerned.

"In the case of hedge funds, we need to know where the capital comes from
and how high the credit risks are," Merkel said in an interview for 8ild am
Sonntag, which was published on Sunday.

Merkel stressed that the world's top rating agencies should also be mare
open about the way they calculate their ratings.

"In the future it should be clear what the basis of their ratings of companies
is," Merkel said, "There can't be some black box from which something
comes out and which no one understands."
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Applications
Credit scoring

. R etal I RI:if (Checking Account <2 100€ and Duration == 15 m and

Credit History = no credits taken and Savings Account < 500&)
then class = bad
R2: else if (Purpose = new car/Tepairs/education/others and
Credit History = no credits taken/all credits paid back duly at this bank and
Savings Account < 300<)
then clasz = bad
E3: else if (Checking Account < 0 and
Purpose = fumiture/domestic appliancesbusiness and
Credit History = no credits taken/all credits paid back duly at this bank and
Savings Account < 230&)
then class = bad
F4: else if (Checking Account < (< and Dhoation > 15 m and
Credit Histery = ernifical account and Savings Account < 230&)

m Banks . oo class ~ bad,

RI: if Fegion = not EUL3 and Loan Loss Res/Gross Loans = 3 and
Ini(Total Assets) << 8.4 then class = low rating
R2: else if Loan Loss Prov/Net Int Rev = 105 and Betum on Avg Equity = -3.4
then class = low rating
R3: else if Fegion = not EU15 and Total capital Batie < 10 and
Wet Interest Margin < 2.1
then class = low rating
R4: else if Region = EU MNext or Others and Loan Loss Prov/MNet Int Bev = 42
then class = low rating
R3: else if Fegion = JPY or EU MNext or Others and Cost to Income Fatic = 80 and
Wet Loans/Cust&ST Funding = 46
then class = low rating
R&: else if Region = JPY or EU MNext or Others and Loan Loss Prov/Net Int Bev = 42 and
Wet Interest Margin < 2.1
then class = low rating
R7: else class = good rating
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Applications
Credit scoring

m Going Concern Opinion

The auditor evaluates whether substantial doubt exists about the
client entity’s ability to cont

Company RE/TA TUTA CR Going _Ct_)ncern
Opinion
A -0.05 0.75 0.51 Y
B 0.12 1.05 1.10 N
C -0.03 0.80 042 Y
D -0.02 1.20 095 N
E 0.05 1.10 1.35 N
F 006 1.01 144 N
G 010 06 085 Y

l Data Mining

Classification Model

if Retained Earnings/Total Assets < 0 and Current Ratio < 1
then Going Concern Opinion = yes

N

Company REITA TUTA CR \ Going Concern

Opinion
B

New company -0.05 0.91 041 ®
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Applications
Audit mining

m Going Concern Opinion

The auditor evaluates whether substantial doubt exists about the
client entity’s ability to cont

Accounting debacles (Enron, Wor
- importance of proper and thorough audit analysis

if Negative Net Income = 1 and Retained Earnings/Total Assets < 0.05
then class = going concern opinion

else if In{Total Assets) < 10.813 and Total Liabilities/Total Assets > 1
then class = going concern opinion

else if Current Ratio <= 1 and In(Total Assets) < 10.81 and Retained Earnings/Total Assets < 0.05
then class = going concern opinion

else it ATotal Liabilities/Total Assets = 0.094 and AWorking Capital /Total Assets < -0.241
then class = going concern opinion

else class = non going concern opinion

David Martens, Liesbeth Bruynseels, Bart Baesens, Marleen Willekens, Jan Vanthienen
Predicting Going Concern Opinion with Data Mining
Decision Support Systems, Forthcoming
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Applications

Audit mining

m Decision Table

P P Size L S L S
[RE/TA|[NEG NI] LNTA |CR|TL/TA[AWC/TA|[ATL/TA [[report = 1|report = 0]
1] - : : x :

S [ =o000a

<t10813|_ | <1 <-0241 =507 x
0 = = 0241 -
<005| —° =1 - - X
~ | <0004 -
> 10.813 <-0241 ——4507 x
= 0241 - -
=1 - - b'e
ou1 | < 0.094 -
10813 <1 | <92 =75001 X
S = 0.941 - -
> 0.05 =1 - - x
S | <0004 -
> 10.813 <0241 =707 X
= 0.941 - -
11 .
As DSS {dary ewerrsyjul t ati on

Pierre Berger (senior auditing partner KPMG)
m Much better than linear models
m Useful for intial check by junior auditors

aud
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Applications

Information Management

m Business/ICT Alignment
Alignment of ICT investments with business requirements

NnThe processes by which ali gnme
organi sations need t oSadheewalbndt t er
Chan, 2001

Based on survey by KULeuven and PWC
m CIO/ICT managers from 790 European companies

m Variables: 18 Qs, with score 1 (strongly disagree) to 5 (strongly
agree)

m Classes: top (highly aligned) and bottom (poorly aligned) 25%

Bjorn Cumps, David Martens, Manu De Backer, Stijn Viaene, Guido Dedene, Raf Haesen, Monique Snoeck, Bart
Baesens

Inferring rules for business/ICT alignment using Ants
Information and Management, Forthcoming
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Applications

Business/ICT Alignment

m Validation by domain expert
Dr. Bjorn Cumps (KBC)
Mr. Paul Allaerts (Dexia)

Model is comprehensible and justifiable, and useful

if Business and ICT planning processes are tightly integrated (Partnership)
and Performance management impacts budget allocation (Governance)
and Alignment processes at a centralised and decentralised level are in line (Architecture)
and ICT investments are prioritised against business strategy ( Value Measurement)
and There is a clear business ownership for ICT projects (Partnership)

then Organisation is highly aligned

else if Performance management impacts budget allocation ( Governance)
and Alignment processes at a centralised and decentralised level are in line (Architecture)
and The business has a good understanding of the impact of ICT ( Communication)
and ICT investments are prioritised against business strategy ( Value Measurement)

then Organisation is highly aligned
else Organisation is poorly aligned
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Applications

Software Mining

m Software mining
Mining software repositories

m Three angles

Software fault prediction

s Exhaustive software testing impossible
m Predict faultiness

Mining change histories for fault prevention
Effort prediction

Olivier Vandecruys, David Martens, Bart Baesens, Christophe Mues, Manu De Backer, Raf Haesen
Mining Software Repositories for Comprehensible Software Fault Prediction Models
Journal of Systems and Software, Forthcoming



0 _ KDD 2008 Workshop on Data Mining for Business Applications
Applications

Software Mining

and Normalized_Cyclomatic_Complexity > 0.17
then class = Erroneous module

[ | Val I d atl O n by d O m al n expe rt else if LOC_Code And_Comment = 1 and LOC_Comments > 5 and

Normalized_Cyclomatic_Complexity = 0.23 and Num_Unique_Operands = 38
then class = Erroneous module

ir' Céd riC Van EISUWé (Altran C | S) else if Halstead_Content > 50.37 and Halstead_Error_Est = 0.6

and LOC_Blank = 16 and LOC_Comments = 14 and LOC_Executable = 53

MOdEl iS |Ogica| and useable then class = Erronecus module

else if Halstead_Content > 50.37 and LOG_Blank = 16 and

Difficu |t pre_ proceSSI ng taSk Of LOC Code_And Comment = 2 and LOC_Comments > 14 and

Normalized_Cyclomatic_Complexity > 0.08

logging all necessary information

else if Halstead_Content > 50.37 and LOGC_Code_And_Comment > 2 and

9 I ntel I Igent tOOIS LOGC_Comments > 5 and Mormalized_Cyclomatic_Complexity = 0.17

then class = Erroneous module

- S Oftware fau It p re d i Cti O n it LOC_Blank = 16 and LOC_Code_And_Comment = 2

else class = Correct module
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Conclusion

m Key Success Factors:

Importance comprehensibility and justifiability
m Regulated domains
» Insight needed
s New domains
Suitability non-l it near techniqgues ( ANN,
m Not interested in logics
m As part of rule-based learner (e.g. ALBA)

m Classification model as decision support system

As a basis for decision making: incorporate information that is
hard to quantify, private, etc.

m Opportunities for data mining



