# SMR CASE STUDY-2 PROJECT 
# ROLL.NO. 404

loan=read.csv(file.choose())
View(loan)

#Data Exploratory 
head(loan,10)
tail(loan,10)
colnames(loan)
dim(loan)
ncol(loan)
nrow(loan)
str(loan)

# DATA CLEANING 

loan$purpose[loan$purpose == "car0"] = "car"

# Missing Values 
sapply(loan,function(x)sum(is.na(x)))
loan[is.na(loan)==TRUE]=mean(loan$years_at_residence,na.rm=TRUE)     

sapply(loan,function(x)sum(is.na(x)))
View(loan)

# Converting all the flag variables to factor variables 

fac_cols=c("phone","default","dependants","purpose","checking_balance","credit_history","other_credit","employment_duration","savings_balance","housing","existing_loans_count","job")
loan[fac_cols]=lapply(loan[fac_cols],factor)
View(loan)
str(loan)

# Target Variable Proportion 
tvp=table(loan$default)
prop.table(tvp)
###

str(loan)

loan$default=factor(loan$default,levels = c("no","yes"),labels = c(0,1))
loan

## Splitting of Data
library(caret)
set.seed(100)
s=createDataPartition(loan$default,p=0.7,list = FALSE)
loan_tr=loan[s,]
loan_test=loan[-s,]

tvp1=table(loan_tr$default)
prop.table(tvp1)

tvp2=table(loan_test$default)
prop.table(tvp2)



# ITERATION 1
model1=glm(default~.,data=loan_tr,family = binomial)
summary(model1)
# AIC: 4066.1

# 
# Information test 
IV(loan_tr$cust_id,loan_tr$default)
IV(loan_tr$acc_no,loan_tr$default)
IV(loan_tr$years_at_residence,loan_tr$default)
IV(loan_tr$job,loan_tr$default)
IV(loan_tr$dependants,loan_tr$default)

IV(loan_tr$housing,loan_tr$default)

# Variable Importance
library(caret)
varImp(model1)

# Wald test
library(survey)
regTermTest(model1,"cust_id")
regTermTest(model1,"housing")


# ITERATIONS 2
model2=glm(default~.-cust_id-acc_no-years_at_residence-job-dependants,data=loan_tr,family=binomial)
summary(model2)
# AIC: 4060.3

library(caret)
varImp(model2)

library(DAAG)
vif(model2)

# Housing is above 2.5

# ITERATION 3

model3=glm(default~checking_balance+months_loan_duration+credit_history+purpose+savings_balance+employment_duration+percent_of_income+age+other_credit+existing_loans_count+phone+amount..USD., data=loan_tr, family= binomial) 
summary(model3)
# AIC: 4074.6

library(caret)
varImp(model3)

library(DAAG)
vif(model3)

# no presence of multicollinearity

# model1 = AIC: 4066.1
# model2 = AIC: 4060.3
# model3 = AIC: 4074.6

# kolmogorov-smirnov
ks_stat(actuals=loan_tr$default, predictedScores=model3$fitted.values)

### Goodness of fit test ###


# Likelihood ratio test
library(lmtest)
anova(model1,model2, model3, test ="Chisq")
lrtest(model1,model2, model3)
lrtest(model3)

# Since p<0.05, we can reject Ho and conclude that model is a good fit.

# Pseudo R2
library(pscl)
pR2(model3)
# McFadden = 0.2176211
# The value of McFadden pseudo R2 > 0.2 
# indicating that the model is a good fit


# Hosmer Lemeshow test
library(ResourceSelection)
hoslem.test(loan_tr$default,fitted(model3))
# p-value < 2.2e-16
# Since p value< 0.05, we reject Ho and conclude that the model is a good fit


# Somers' D
library(InformationValue)
somersD(loan_tr$default,fitted(model3))
# 0.6113454
# The model has a decent predictive ability
par(mfrow = c(2,2))
plot(model3)

# Measuring prediction accuracy

# Predicting values for train data
prediction1=fitted(model3,type='response')
head(prediction1,5)
# Converting predicted probability values into binary variable
prediction_class=ifelse(prediction1>0.5,1,0)
head(prediction_class,5)

caret::confusionMatrix(data = as.factor(prediction_class), reference = loan_tr$default)

# Accuracy: 0.7712 



# Predicting values for test data
prediction2=predict(model3,loan_test,type='response')
head(prediction2,n=5)
# Converting predicted probability values into binary variable
prediction_class1=ifelse(prediction2>0.5,1,0)
head(prediction_class1,20)

caret::confusionMatrix(data = as.factor(prediction_class1), reference = loan_test$default)
# Accuracy: 0.7672  

## Measuring prediction accuracy ##
# ROC curve for Train data
library(ROCR)
p_train=prediction(fitted(model3),loan_tr$default)
perf_train=performance(p_train,'tpr','fpr')
plot(perf_train)
abline(0,1)
auc=performance(p_train,"auc")
auc@y.values
# 0.8029616
# This indicates that the model does a good job in discriminating 
# between the two categories which comprise our target variable.

library(plotROC)
plotROC(loan_test$default,prediction2)
# 0.7987

#########
library(plotROC)
plotROC(loan_tr$default,prediction1)
# 0.8052
# ROC curve for Test data

#########


# k fold cross validation
ctr=trainControl(method = "cv", number = 5)
model4=train(default~checking_balance+months_loan_duration+credit_history+purpose+savings_balance+employment_duration+percent_of_income+age+other_credit+existing_loans_count+phone+amount..USD., data=loan_tr,method = "glm", trControl=ctr ) 
model4
summary(model4)
print(model4)
# Accuracy  =  0.7635714
# Kappa     =  0.3923305
# AIC: 4074.6
model4$finalModel
model4$resample


# Predicting values for Test data
pred_kfcv=predict(model4,loan_test,'prob')
head(pred_kfcv,10)
pred_kfcv

kfcv_class=predict(model4,loan_test)
head(kfcv_class,10)

caret::confusionMatrix(data = as.factor(kfcv_class), reference = loan_test$default)
# Accuracy : 0.7672   

library(InformationValue)
plotROC(loan_test$default,pred_kfcv)
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