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Personal Bankruptcy Prediction



Why Personal Bankruptcy
Prediction

® Big rise in personal bankruptcy leads to increasing losses to
creditors

Total Liabilities, as Declared by Debtors, in Consumer and Business Insolvencies,
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@®Pre-granting strategies are not enough



The earlier, The better

12(months) before bankruptcy

De bts Totally balance(debts) of bankrupt account of a
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Some Existing Models

® Credit Scoring (Equifax, TransUnion and Fair Isaac)
® Data Mining Model (Decision Tree, Neural Network etc.)

The pitfalls

® Difficult to select the predictors

® Difficult to aggregate the original sequential data
® Low interpretation ability

decision = f (X)

\ | . How to construct X?

How to interpret f to creditor?



Our Model

®Predict bankruptcy among credit card users
87.4% of personal bankruptcy cases involve credit card debt

® Construct predictor from seguence patterns

Discover sequences patterns as personal bankruptcy features

Purpose
-- Extend existing method

-- Improve prediction performance



Personal Bankruptcy Prediction System
Using Sequence Mining Techniques



Framework of Our System
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Sequence Representation of
Client Behavior

® Sequences are constructed based on month time unit
@® Binary sequence

D | NONTH | BUREAULSCORE | XBALANGE | K.CASHADV | NCASHADV |
99753 200603 63 275,88 66, 50 2
99753 200602 3 20004 1125 ; ‘1111101100071°
99753 200601 663 051728 5, 53 2
99753 200512 63 244231 125,25 2 /
99753 20061 05 237,67 37,74 2
99753 200510 AL %) 0 o
99753 200509 o 280,78 46,3 3
99753 200508 I 181,28 2
99753 200507 i 1972 0 o
99753 200506 ol 20817 0 o
99753 200505 Gl 198,10 0 o
93753 200504 6B 2319 3, 36 )



A New Statistic Model for
Sequence Cluster

S) warity between S and A:

The sequence cluster A: sim, ()= exp(w (P(s |5, +5.,) - P(s)
_expz W xP(s|S,--S.,))
_ exp Z. 1W|><P

Seguence: S = S,S, -+




Model-based K-means

Sequence Clustering results of one variable

Bankruptcy

/’ cluster

cluster |#bankrupt |#non-bankrupt
1 1028 1450

2 6338 106

3 96 184

4 120 168

5 118 92




Bankruptcy Feature
Representation

Having ‘Cash Advance’ pattern:

2 consecutive cash advance followed by 1 with no cash advance

Month  Cash Advance Cash Advance
200610 400 0
200609 0 | 100 Vector values:
200608 100 0 _
200607 200 50 Chient 1: 300
20060? ) " Client 2: 0
200605 0 | 0
200604 50 50
200603 0 100

Chent 1 Chent 2



Deal with Transaction Data

DATE_TRANSACTION | CODE_TRANSACTION |AMOUNT

10/
10/
10/
10/
10/
10/
10/
10/
10/
10/
10/

3/
/2005
/2005
/2005
/2005
/2005
/2005
/2005
/2005
/2005
/2005

=~ o1 o1 o1 U1 O U1 Lo

~ |~

2005

0:

O O O O O O O O o O

00
00
00

:00

00
00
00

:00

00
00

00

30
36
30
30
30
36
36
36
30
30
30

20

2
O

s IR A% B Ao B
o O

DY DN DD
[0 - - -
O O O o ©

'-P.
e
ts W
D O
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transaction pattern



Experimental Results



The Data

Data from a major Canadian bank
® Totally 7495 bad accounts +10,175 good accounts

@® 2000 bad accounts +2000 good accounts Used for sequence
analysis (bankruptcy features extraction); the remaining 5495 bad
accounts and 8175 good accounts are used for evaluation



Time Line
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Comparison of Case
Ildentification

False 10% 15%
True

Our system 70.92% |82.66%

Credit Scoring | 72.68% |84.59%

False: fraction of # misidentified good account

True: fraction of # truly identified bad account
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Comparison of Loss Prediction
(observation point)

False 10% 15%
True Loss

Our system 85.2% |92.75%
Credit Scoring |64.65% |80.53%

True Loss: Fraction of balance of identified bad accounts on
observation point



Comparison of Loss Prediction
(observation point)
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Comparison of Loss Prediction
(bankruptcy point)
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True Loss: Fraction of balance of identified bad accounts
when declared bankruptcy



Conclusions

® Sequence patterns are very capable for identifying
bad accounts

® These patterns can be obtained through K-means

® Our system outperforms credit scoring In case of
loss prediction

® The system can be extended through mining
transaction data



