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Background

Credit risk management requires
estimating future vulnerabilities & losses

Criticality of predictive models in credit risk
management

Role of predictive modeling in asset
groups having similar characteristics

Statistical & data-driven approaches
Sampling & algorithm selection issues
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Credit Card Business

Repayment

Default
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Business Requirements for Predictive Modelling

Customer service

Increase returns . .
* Survival analysis

Acquire good customers » Lifetime value analysis
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» Segmentation Early warning

. . » cross sell
» Credit scoring

* Up sell

* Delinquency modeling

* Fraud modeling

ISIS 2007



Default Modeling — Account monitoring
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Catch the Defaulter Early

» Before first 10 days from first use
» Before first 20 transactions
» Before 25% of credit limit utilization

* Limit the field monitoring to the likely
default cases & save costs

* Minimize the probable loss
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Issues in modeling Credit card default

« Skewed/imbalanced dataset — straight forward

modeling will result in poor performance

e Correlated features — results are too trivial for the

domain experts

e Business requirement — Focus on defaulters
prediction accuracy rather than on overall

classification
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Default modeling — proposed solution

Under sampling

Over sampling
Cluster sampling \ —
Statistical
Machine learning j
Business metric / Evaluation
Technical metric ‘
Deployment
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Sampling

Under sampling

Positive cases are retained and negative cases are randomly sampled
to balance

Over sampling

Negative samples are over sampled to match and balance the positive
case

Cluster sampling

This is a modified under sampling. Positive cases are sampled with
cluster prototypes to balance the negative cases.
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Classifiers

Naive Bayes
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Full Bayes
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Classifiers
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Neural nets (FBP)

Logistic regression
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Decision tables
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Classifiers

Decision trees
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Experiment

Data characteristics:
» Real world data set
120 fields, 20,000 records
* 10% default cases
* Pre processing
 Cleaning
 Imputing missing values
« Sample preparation
« Validation

» 10 fold cross validation
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Results

Table 1. Results for over-sampling the minority class for

balancing
Sample plan — Over sampling
Algorithm J CA TP TN
Simple Bayes 57.3 36.2 79.0
Complete Bayes 56.7 49.1 68.7
NBTree 57.0 43.4 70.5

Neural networks (FBP) 57.8 35.3 78.7

Neural networks (RBN) | 59.2 51.3 61.2

Logistic regression 59.2 40.2 74.5
Decision trees 58.7 46.3 68.6
Decision rules 58.5 38.5 73.8
Decision tables 57.7 41.2 74.5
Support vector machines | 56.9 38.1 68.5
Knn 56.5 39.2 67.0
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Results

Table 2. Results for under-sampling the majority class for

balancing
Sample plan — Under sampling
Algorithm | CA TP TN
Simple Bayes 60.5 37.5 81.5
Complete Bayes 59.2 50.1 68.2
NBTree 60.0 46.1 73.3

Neural networks (FBP) 59.8 36.2 81.9
Neural networks (RBN) | 60.3 554 64.9

Logistic regression 61.1 44.2 75.1
Decision trees 60.2 48.7 71.2
Decision rules 59.0 40.5 77.9
Decision tables 60.8 43.4 77.4
Support vector machines | 58.2 41.2 70.2
Knn 55.7 42.0 65.0
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Results

Table 3. Results for under-sampling the majority class for
balancing with cluster prototypes

Sample plan — Over sampling
Algorithm 4 CA TP TN
Simple Bayes 57.4 37.1 80.1
Complete Bayes 55.9 48.2 70.3
NBTree 57.6 43.5 71.7

Neural networks (FBP) 56.8 36.7 79.5
Neural networks (RBN) | 60.3 53.5 60.5

Logistic regression 58.9 42.3 75.2
Decision trees 58.6 47.6 69.7
Decision rules 59.1 40.5 75.9
Decision tables 57.0 41.5 73.3
Support vector machines | 57.2 39.7 69.4
Knn 57.1 40.6 62.6
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Discussion for current dataset

General
» The lift curve shows better prediction of default with model

» Both sampling and classifier seem to have effects on prediction
performance

Sampling

«Sample balancing has significant effect on performance improvement
» Balanced samples have higher accuracy

» Under sampling seems to be better than other methods

 Cluster sampling has not shown significant improvement despite the
minimum information loss assumption
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Discussions

Classifier

» Only few classifiers have performed well from the business perspective,
even though classification accuracy of most of them are not significantly
different

* RBF net with prior clustering and logistic classifier seems to be winner
from the business perspective

» True negative prediction accuracy is better with simple classifiers like
Bayes
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Conclusions

» Defaulter modeling with business objectives are more acceptable by

domain experts than classical prediction techniques

« Sampling in general and under sampling in particular will enhance the

classification accuracy

» Classifier has to be selected based on the data profile and the business
objective. Usual classification accuracy or lift can not be taken as

performance indicators.

* It may be desirable to use more than one classifier to predict true positives

and true negatives separately.

ISIS 2007



Scope for further research
* Risk segmentation and outlier detection

* Performance improvement with multi classifier models

» Data profiling for performance and model selection
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