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File Name: loan sanction 

US Small Business Administration is helping small businesses by lending and guaranteeing a small portion of the loan. You 

will then want to classify this loan as “higher risk—more likely to default” or “lower risk—more likely to not default” when 

making your decision. The attributes are given below: 

Attribute Information: 

 
1. Build a logistic regression model to classify “default” (Dataset: loan_sanction_data- logit.xlsx”) 

a. The logit regression model includes the steps such as 

i. Step 1- load the data in regression excel software 

ii. Load the data 

iii. Try to use the icons select data and add names 

iv. The click the logit regression icon 

v. The regression box pops up 

vi. Select the dependent variable as default training \ 

vii. Select the transformation variable and add a dummy variable to real estate, employment, default, new job 

viii. After creating the dummy variable transformation with respect to K-1 condition select the variable 

ix. Then in out of sample try to select the default variable 

x. The run the data 

xi. \the end of regression model 

A) Interpret the value obtained. and finalize the data.
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2. How did you improve the predictive power of the model? 

 

 The predictive model mainly helps in identifying who is going to churn. It is mainly interested in predicting accuracy 

 Model performs concerning the accuracy 

 To remove the insignificant value in the model 

 P-value mainly explains about the sample matches the population, the goal of the predictive model is to build the training data 

concerning test if it works with the test data 

 

 Three criteria with which the predictive model works is 

 

a. Specificity 

b. Accuracy 

c. Sensitivity 

d. Considering the cut-off value 

 For each record model calculates the probability if greater than the cut-off value then the positive class or negative class can be 

classified 

 If we check with training data and perform poorly with test it is called overfitting, memorized training data of out of sample. 

 If the cut-off value is been adjusted in the confusion matrix then we can obtain a good fitting model to further determine the 

predictive nature of data using regression 

 If the model is overfitting then use the stratified sampling, and adjust the cut off rate else try to gather data furthermore to make 

the model consistent and fitting. 

In this loan section data set, the data in the confusion matrix obtained is fitting and we decided to adopt this model as it has a 

more true negative rate with a 0.50 cut-off that is specificity 
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 To analyze the factors that are related to the output in the regression model are 

o VIF should not be greater than 5 

o The coefficient should be lesser than 0.05 

o P-value is pseudo R square value should be lesser than 0.198 

o The nagelkerke value should vary above 20% 

o The exponential coefficient are classified based on 

 Greater than 1 the loan is accepted 

 Equal to 1 the equal chances for sanctioning the loan and rejecting the loan 

 Lesser than 1 rejecting the loan 

While analysing the output obtained from the logit regression model we could infer that those variables that are influencing the 

default training data are 
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The portion- the role of government sanction the loan plays a main variable concerning the +1 increase 

The new business start-ups- considering the no new small business start-up keeping it as a base the +1 addition may increase the 

need for availing the loan to new small start-ups in the city concerning an already existing business 

The recession positive note- with keeping no recession as the base the +1 addition may indicate that the recession in the 

country would influence the loan demand in the city that may increase the bank to sanction more loan 

The jobless people- the employees with a job as a base could infer that with +1 increase could indicate the demand for loans with 

jobless people. 

The disbursement gross value- the amount of disbursement +1 increase could simultaneously increase the rate of loan sanction 

by the bank. 

Comment on the confusion matrix 
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The true positive rate that is the sensitivity value is 61.8% in training data and 59% in 

testing data with a cut-off of 0.50 

The true negative rate is 72% for training data and 71.4% for testing data from which we could infer that the specificity rate that is 

the total negative rate of loan sanction by the bank is more. 

The accuracy rate obtained in the confusion matrix states that the value is around 68% correct in training data and 67.4% correct in 

testing data. 

To improve the loan sanction by the bank, it will be advisable for the bank to collect some more new data to predict the availing of 

the bank loan by the people in the country. 

3. Fit a neural network model to classify “default.” (Dataset: loan_sanction_data- nn.xlsx”) 

a. Discuss the changes that you made to the hyperparameters to fit the model 

i. To set the hyperparameters the variable that needs to be considered are 

1. Learning rate=low value rate it keeps repeating idea values 

2. Hidden and hidden nodes- depends upon the number of inputs 

Structure of neural networks-connection of interconnected neurons, the hyperparameter layers consist of input layers that take in the 

input and passes to the network 

3. The input layer includes how many nodes/neurons= no. of input variable or single variable 

4. The output variable or layer consists of predicting the churn yes or no concerning one-note 

representing the churn and the gradient descent going on 

5. Hidden layer consists of 

a. 1 or 2 business problems stated as deep learning 

b. Overfitting if we choose more hidden layer memorization 

How many nodes= 2/3(number of input nodes+no of levels of output nodes) 

c. Neurons<2*no of nodes in the input layer 

d. The epochs and iterations that include the input variable, the dummy variable and the continuous normalise 

e. For the loan sanction data provided the no of hidden layers that need to be implemented that depends on the total no of 

input and concerning the level of output 

f. Here the input is default and the output includes 31 variables 

g. The summation equation includes 

h. Z=w+w1x1+w2x2+w3x3+…wnxn 

i. Includes the activation function that is G(Z): I/(I+EXP(Z) 

b. Each neuron is the sum of the activation function that introduces non-linearity in the function 

c. That leads to the calculation otherwise wise called the function approximation 
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d.  

e. The slope is negative as the x value increases the value 

of y decreases 

f. How many nodes= 2/3(number of input nodes+no of levels of output nodes) 

i.  =2/3(1+39)=2*13=26 

ii. That leads to the calculation of 26 nodes. 

iii. The learning rate is 0.15 

The validation set proportion is 0 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

b. How did you improve the predictive power of the model? Comment on the confusion matrix 

i. THE PREDICTIVE POWER OF THE CONFUSION MATRIX has 

been improved by adding more variables like adding dummy variables that could relate to the three variables obtained in the 

confusion matrix that is specificity, accuracy and sensitivity 

ii. THE MLP architecture training data output that we obtained infer the value FOR TRUE NEGATIVES AS 

1 concerning FALSE NEGATIVE VALUE THAT GIVES THE VALUE OF 0.99. 

iii. From which we could infer that the specificity rate seems to have a higher value than the sensitivity is a 

true positive rate 

Hence it is been compared with the test data that has been inferred that the model is not fitting and both provide the same 

specificity rate which is the true negative rate 

iv. Hence it is advised to the bank to avail some more data that may help in determining the more true positive 
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rate so that they can concentrate on sanctioning the loan more accurately. 

c.  

 

 

 

 

 

 

4. The analyst is interested in identifying defaulters-. Which of the two models would you choose? Justify your answer 

 

Logit regression analysis 

 

 The predictive model mainly helps in identifying who is going to churn. It is mainly interested in predicting accuracy 

 Model performs concerning the accuracy 

To remove the insignificant value in the model 

 P-value mainly explains about the sample matches the population, the goal of the predictive model is to build the 

training data concerning test if it works with the test data 

 

 Three criteria with which the predictive model works is 
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a. Specificity 

b. Accuracy 

c. Sensitivity 

d. Considering the cut-off value 

 For each record model calculates the probability if greater than the cut-off value then the positive class or negative class 

can be classified 

 If we check with training data and perform poorly with test it is called overfitting, memorized training data of out 

of sample. 

 If the cut-off value is been adjusted in the confusion matrix then we can obtain a good fitting model to further determine 

the predictive nature of data using regression 

 If the model is overfitting then use the stratified sampling, and adjust the cut off rate else try to gather data furthermore 

to make the model consistent and fitting. 

 In this loan section data set, the data in the confusion matrix obtained is fitting and we decided to adopt this model as it 

has a more true negative rate with a 0.50 cut-off that is specificity 

 To analyze the factors that are related to the output in the regression model are 

o VIF should not be greater than 5 

o The coefficient should be lesser than 0.05 

o P-value is pseudo R square value should be lesser than 0.198 

o The nagelkerke value should vary above 20% 

o The exponential coefficient are classified based on 

 Greater than 1 the loan is accepted 

 Equal to 1 the equal chances for sanctioning the loan and rejecting the loan 

 Lesser than 1 rejecting the loan 

 NEURAL NETWORK ANALYSIS 

 Learning rate=low value rate it keeps repeating idea values 

 Hidden and hidden nodes- depends upon the number of inputs 

Structure of neural networks-connection of interconnected neurons, the hyperparameter layers consist of input layers that take in the 

input and passes to the network 

 The input layer includes how many nodes/neurons= no. of input variable or single variable 

 The output variable or layer consists of predicting the churn yes or no concerning one-note 

representing the churn and the gradient descent going on 

 Hidden layer consists of 

 

 

 

 

o 1 or 2 business problems stated as deep learning 

Overfitting if we choose more hidden layer memorization 

o How many nodes= 2/3(number of input nodes+no of levels of output nodes) 

o Neurons<2*no of nodes in the input layer 

o The epochs and iterations that include the input variable, the dummy variable and the 

continuous normalise 

o For the loan, sanction data provided the no of hidden layers that need to be implemented that 

depends on the total no of input and concerning the level of output 

o Here the input is default and the output includes 31 variables 

o The summation equation includes 

o Z=w+w1x1+w2x2+w3x3+…next 

o Includes the activation function that is G(Z): I/(I+EXP(Z) 
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o  

o Each neuron is the sum of the activation function that introduces non-linearity in the 

function 

o That leads to the calculation otherwise wise called the function approximation 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

o  

o The slope is negative as the x value increases and the 

value of y decreases 

o How many nodes= 2/3(number of input nodes+no of levels of output nodes) 

 =2/3(1+39)=2*13=26 

 That leads to the calculation of 26 nodes. 

 The learning rate is 0.15 

 The validation set proportion is 0 SOME OF THE 

DISADVANTAGES OF NN ARE 

o BLACK BOX -No of coefficient, weights will be output and may have different model 

o Time-consuming it takes a long time to train the neural network products 

The common framework that incbackpropagatedagated learning 

 
o Analyzingng the output of both models 
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o mode l 

name 

o regressio n o neural network 

o  1 o the predictive model mainly 
helps in identifying who is going to 
churn. it is mainly interested in 

predicting accuracy 

structure of neural networks- connection of 

interconnected neurons, the hyperparameter 

layers consist of input layers that take in the 

input and passes to the network 

 

o  2 o it predicts the output data o it works in terms of how the 

brain works 

o  3 o the input data can be compared 
with the test data to predict the future in 
terms of the 

forecasting model 

o the error rate can be minimized by 
implementing the hyperparameters that 
include the hidden layer 

o  4 o the equation of 
regression is y=mx+c+…. 

z=w+w1x1+w2x2+w3x3+…wnx n. 

includes the activation function that is g(z): 

i/(i+exp(z) 

o 

o  5 to analyze the factors that are related to 

the output in the regression model are 

vif should not be greater than 5 

the coefficient should be lesser than 

0.05 

the input layer includes how many 

nodes/neurons= no. of input variable or 

single variable 

the output variable or layer consists of 

predicting the churn yes or no concerning 

one note representing the churn and the 

gradient descent going on 

 

 p-value is pseudo r square value should 

be lesser than 0.198 

the nagelkerke value should vary 

above 20% 

the exponential coefficient are 

classified based on greater than 1 the 

loan is accepted 

equal to 1 the equal chances for 

sanctioning the loan and rejecting the 

loan lesser than 1 rejecting the loan 

 

 

o 

 

CONSIDERING THE ABOVE FACTORS OF CONDITION THE LOAN SANCTION DATA HAD BEEN MADE TO RUN 

THROUGH BOTH THE MODELS, AND THE FINAL OUTPUT THAT WE OBTAIN FROM THIS DATA ANALYSIS 

INCLUDES 

The detailed explanation of the variables related to the data in the regression model is more accurate. 

 The predictive model mainly helps in identifying who is going to churn. It is mainly interested in predicting accuracy 

 Model performs concerning the accuracy 

 To remove the insignificant value in the model 

 P-value mainly explains about the sample matches the population, the goal of the predictive model is to build the 

training data concerning test if it works with the test data 

 Three criteria with which the predictive model works is 

a. Specificity 

b. Accuracy 

c. Sensitivity 

d. Considering the cut-off value 
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 For each record model calculates the probability if greater than the cut-off value then the positive class or negative class 

can be classified 

 If we check with training data and perform poorly with test it is called overfitting, memorized training data of out 

of sample. 

 If the cut-off value is been adjusted in the confusion matrix then we can obtain a good fitting model to further determine 

the predictive nature of data using regression 

If the model is overfitting then use the stratified sampling, and adjust the cut off rate else try to gather data furthermore to 

make the model consistent and fitting 

 In this loan section data set, the data in the confusion matrix obtained is fitting and we decided to adopt this model as it 

has a more true negative rate with a 0.50 cut-off that is specificity 

 And we could infer from the confusion matrix that the true negative that is specificity rate was higher, as well as the 

loan sanction, is recommended to collect some more data for the further accuracy rate 

 When we compare it with a neural network we could infer that it can predict the error rate well and can implement the 

distance between the nodes and compatibility between the clusters of that particular neuron the similarity between the variables 

has been defined and the interest of variation within each variable has been stated to interpret the input value, the output value 

and includes the summation of weights and the activation function also. 

Where both the test as training data fit hence this neural network can be accepted and it was fitted hence I would suggest 

NEURAL NETWORK DEFAULTERS ARE BETTER COMPARED WITH REGRESSION MODEL
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