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Introduction

* Not Just prediction of who is going to default

* We want to be able to estimate the true population
proportion of defaults with a known accuracy

e Gain insight from the data
* (Learn something new)

* Data was donated to UCI machine learning repository in
2016

* Originally comes from a Taiwanese Bank from mid 2000s

* Used by I-Cheng Yeh and Che-hui Lien in 2009 to test a novel
approach of the Sorting Smoothing Method to test estimate
and test accuracy of population proportion
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The Data Set

e 23 Predictors
 The Amount of Credit loaned
* Sex
e Education: scale 1-4
Marital Status
Age (year)
6 Months of payment History: 1-9 scale of how late each

monthly payment was (-1 was payed on time), What was
on the Bill, Amount last payed

* 1 Response: Have they defaulted on payments
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A Look at the Correlation

e cor(df[,1:24])[,24]
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Scoring the Models

caret
ggplot2

df "ccd.csv", header=TRUE

df=df[,2:25

smp_size=floor (. 5*nrow(df

set.seed(13);

t_ind= sample(seg_len(nrow(df , 51ze =smp_size

datat=df [t_ind,
datas=df[-t_ind,

X.train=datat[,1:23
y.train=datat/[,24

GENESEO

To be able to see how the
models performed a test data
set was needed

Normally a misclassification rate
and confusion matrix would be
very useful, but there is a high
proportion of non defaulters
Another method is needed to
help make sense between
Usually a ROC curve would be
used to compare different
classification models, but we
cant
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Scoring the Models

* We will be looking at Cumulative Gains

* Lift measures how good a model is at
predicting

 Compares to if no model was used R N o b

* The cornered line is the best case, the
straight line (baseline) is worst case

* The larger the area between the curve
and the baseline the better

 Shows how well of capturing L f/ L ____.
population proportions when adding to
the sample V-7 -

- best curve

— baseline

—— model

lift_results=data.frame(Y=testingiy
silr=predict(1r.fit,newdata = testing, type='prob
esults

lift_obj=1ift(v-1r,data=1ift

ggplot(1lift_obj)+ggtitle("Bayes

Tift_obj
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Sorting

]

Scoring Models

Smoothing Method
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Scoring Models, Sorting
Smoothing Method

n=50
m=6000
denom=2“n+1
data.table
ac=_u
pr=0
act=c
pre=c
probsum=cbind(predict(lr.fit,newdata = testing, type="prob ,21,as. numeric(predict(Ir.fit,newdata = testing 1,as.numeric(y)-1
sortsm=data. table(probsum, key="v1"
i 51:5950
pr=0
pr=sum{sortsm[ (i-n
ac=0
ac=sum{sortsm[ (i-n
act=c(act, ac
pre=c(pre, pr

plt=data.table(cbhind(pre,act
fit=Im(act ~ pre, data = plt

ggplot(plt, aes(x pre, y = act
geom_point
stat_smooth(method "Tm", col "red”
ggplotRegression(fit
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Bayes Generalized Logistic
Regression

eBO+BlX1+---+ﬂpo . .
* S BOtBIXi+FBpXD p(X) with X=(X,,...,X;) predictors

* Training accuracy =.808
* Testing Accuracy =.817

e Reduction in parameters brought up accuracy

fitControl=trainControl
method="repeatedcv”,
number 10,
repeats=10

set.seed(13

Ir.fit=train(¥l-., data=training, method="bayesglm", trcontrol=fitControl
Ir.fit
Ir.preds=predict(1r.fit,newdata = testing

mean(1r. preds==Y
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Bayes Generalized Logistic
Regression

Bayes Generalized Linear Model Lift Plot Adj R2 = 0.56448 Intercept = 0.17497 Slope=0.576 P=0
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K-Nearest Neighbors

k.val
erate.
erate.

c(k.val,i
set.seed(12
knn. pred=knn(X. train,>
el=1-mean(knn

e2=1-mean(knn. pred==y. train
erate.train=c(erate.train,e2

plot(k.val,erate.test,col="blue xlab=' alue "M Fica ", main="Error vs. K-value”,ylim=c(0,1),pch=19
val,erate.train,col ,pch=19
est,col
col
,col=c , blue’),pch=19

Error vs. K-value
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K-Nearest Neighbors

Adj R2 = 0.057587 Intercept = 0.97058 Slope = 0.22689 P = 4.1892e-73
KNN Lift Plot
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Results

* Found higher error rates, this could be due to the
selection of a smaller training size compared to I-
Cheng Yeh and Che-hui Lien

e Similar results to the paper when using similar
sample sizes
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