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Abstract :  In the traditional banking business of advancing backed by customer deposits, Public Banks face the risk of debtor evasion in the repayment 

of either principal or interest. This risk is referred to as "Credit Risk" in lending terminology, and financial records where the payment of principal or interest 

is not imminent are referred to as "Non-Performing Assets". The existence of Non-Performing Assets (NPAs) is an essential component of finance, and every 
bank has some NPAs in its loan portfolio. However, any financial institution should be concerned about the high level of NPA. This research was carried out 

to create machine learning models that could predict the likelihood of bad loans. This study was conducted to develop machine learning models, specifically 

Artificial Neural Networks (ANN) that include Probabilistic Neural Nets (PNN) with traditional statistical model such as Multivariate Probit Analysis (MPA). 
The results of the ANN model, which included PNN, showed that all loans were correctly classified. The MPA achieving 98.50%. We discovered that the 

MPA model would be a perform better in those situations where higher false positive results are ideal. The average score of the two models is 99.25 percent. 

The main contribution of this study is the empirical nature of the problem and significant correct classification rate of the models for those loan portfolios 

after sanctioning of the loans. Bank managers can effectively avoid information overload with the models empirically tested in this project, paving the way 

for proper identification and prevention of bad loans. 

 

IndexTerms – Artificial Neural Network (ANN), Multivariate Probit Analysis (MPA), Bad Loans, Banks. 

I. INTRODUCTION 

 

Intermediation is at the heart of banking, and it involves accepting credit and channeling that credit to lending activities. Deposits 

are referred to as "Accountabilities," while loans to debtors are referred to as "Assets" because of the bank's commitment to recover 

customer deposits. As a consequence, the bank refers to both deposits and advances as "Assets" (Akhouri,2010). In the course of 

their regular banking business of making advances backed by deposits from customers, public banks run the risk of the debtor 

avoiding repayment of either the principal or interest. It's a non-performing or evasive asset if the bank's potential to profit from it 

is no longer there, according to the Reserve Bank of India. 

 

Non-performing assets (NPAs) have a significant impact on a bank's bottom line since they divert resources away from more critical 

activities like debit and credit. Loan recovery should be the primary focus of the bank's organizational structure, not development. 

In order to stay in operation, a bank that has an asset liability must continue to pay carrying expenditures on non-revenue assets. 

Pressure on profitability and capital tolerability, an increasing burden on Net Interest Margin and a steady decline in the ability to 

deal with an increase in costs are all other possible consequences of an increasing number of non-performing loans (NPAs). 

 

The use of credit scoring models and/or judging procedures may improve the process of approving or rejecting a loan application. 

The disbursing officer's history and current experience is used to examine the fundamental requirements, such as the employment, 

CIBIL score, prior civil and criminal records, guarantors, and personal record. (Sarlija, et al., 2004). Banking's foundation and 

organizational structure vary from country to country. There are 27 public sector banks in India, of which 19 are nationalized and 

6 are SBI and its associate banks; the other two are IDBI Bank and Bharatiya Mahila Bank, all of which are categorized as other 

public sector banks (Anon., n.d.). As a consequence, quantitative procedures based on judgment are seen inappropriate, without 

motivation, under control, and risky Model-based estimation of the likelihood that a borrower will default or not default on a loan 

throughout the repayment period is the basis of a credit score. Banks utilize extrapolative models known as scorecards to evaluate 

the likelihood that a claimant would fail on a loan. 

 

Predictive models are often built by academics using data from prior loan applications in order to categorize defaulted and non-

defaulted loan applications. Using a predictive model, all loan choices are made in a consistent and dependable way while 

processing a credit application. Predictive systems contain variables like CIBIL Score and job status because they are statistically 

significant in a dataset that is being evaluated to the predictor and because they are statistically significant. The disbursers' ability 

to accurately assess the creditworthiness of borrowers is thus presumed thanks to the prediction model. The proposed value may 

also be regulated using real-world metrics. by the banks, and it includes statistical methodologies that enable the banks to 
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independently check it. Banks may use predictive models for customer service optimization to avert any projected decreases in the 

number of clients. Using a statistically mined break-off prediction score, an officer can classify loan defaulters and non-defaulters 

with ease. There have been some concerns about classification models due to statistical issues that develop when a particular score 

for loan applicants is produced by an algorithm, which may lead to inaccuracies in the model's statistical assumptions. It's also 

possible that the use of certain traits in a classification or prediction system might have the unintended impact of generating societal 

bias in the general population. It's possible that the predictive system's results may be skewed since it compares the characteristics 

of new applicants to those who have previously been authorized for a loan, which has distinct environmental factors. Prediction 

and classification models, despite the negative connotations associated with them, have been shown to be among the most successful 

models used by financial institutions (Mohan & Kapur, 1996). 

 

According to bank authorities, the process of approving loans for different portfolios (household, educational, agricultural and 

commercial) is subject to severe regulations set by the survey instrument produced by expert consultation. The problem usually 

comes to light after a loan has been declared delinquent and sanctioned for default. As a consequence, the bank's experts instructed 

us to choose and model the loan characteristics that would enable the bank to identify potential defaulters before the loan is due. 

 

We propose to use secondary credit score data from Indian public sector banks to undertake large-scale benchmarking of 

categorization algorithms across a range of loan portfolios. Predictive power and statistical approaches like Multivariate Probit 

Analysis (MPA) are investigated in this study to evaluate credit risk in Indian public sector banks using credit scoring models, 

namely ANNs, notably probabilistic neural net (PNN). Informal conversations with bank officials have shown that, with the 

exception of a small number of institutions that use score sheets and/or semi-scoring systems in their appraisal process, the great 

majority of Indian banks use blended (a mix of analytical and judgmental) procedures. For the Indian banking industry, we want to 

study integrated models for the evaluation of a wide range of portfolios. 

II. LITERATURE REVIEW AND SYNTHESIS 

To support our results, we've compiled scholarly works that explain how they fit into the existing body of knowledge and argue for 

the necessity for further research. In order to describe, synthesize, evaluate, and emphasize the most essential topics that developed 

over the course of doing a literature study, we created tables of notes. On the basis of this information, we conducted a thorough 

analysis of the literature and synthesized it to arrive at the findings shown in Table 1. 

AUTHOR, 

DATE 
TOPIC RESEARCH PROBLEM MODEL USED CONCLUSIONS 

 (Jacobson 
& 

Roszbach, 

2003) 

“Bank lending 
policy, credit 

scoring and value-

at-risk” 

“Credit scoring models 
suffer from a sample-

selection bias.” 

Econometric (bivariate 
probit) and Empirical 

Models are in use. 

The proposed value-at-risk added credit-scoring model 
provides “an efficient selection of loan applicants that 

can reduce credit risk by up to 80%.” 

 (Avery, et 

al., 2004) 

“Consumer credit 

scoring: Do 

situational 
circumstances 

matter?” 

Situational information is 

generally not incorporated 

into credit history scoring 
models; hence, prediction 

accuracy is questionable 

due to less information. 

Statistical Model 

(Regression) is in use. 

Credit performance depends on situational 

circumstances; hence, these circumstances matter 

consumer credit scoring. 

 (Tang & 

Chi, 2005) 
“Predicting 

multilateral trade 

credit risks: 
comparisons of 

Logit and Fuzzy 

Logic models using 
ROC curve 

analysis” 

“Default problems of trade 

credit applicants.” 

Logit model, Fuzzy 

Logic model, ROC / 

AUROC curve are in 
use. 

Fuzzy Logic model is superior to Logit model “in 

overall accuracy and in classifying default firms, Logit 

is preferable in situations where higher accuracy in 
classifying non-default firms is preferred.” 

 (Huang, et 

al., 2006) 
“Evaluation of 

neural networks and 
data mining methods 

on a credit 

assessment task for 
class imbalance 

problem” 

Imbalanced class 

distribution problem in 
nonlinear classification 

techniques of credit 

assessment leads to data 
overfitting, hence, little 

relevant. 

Neural Networks and 

Data Mining are in use. 

Application of neural networks in data mining is a 

promising solution to the problem of imbalanced class 
distribution. Most influencing factors of classification 

accuracy for specific classes can be determined by 

using this method.  
 

Cheng, E. 
W. et al. 

(2007) 

“A credit scoring 
model for Vietnam's 

retail banking 

market” 

A client relationship is 
required to collect 

information on retail 

borrowers. 

Probability model, logit 
or probit regression 

models are in use. 

It can decrease loan default, adopt risk-based pricing to 
control loan portfolio composition, manage profits, 

save time and cost and boost bank competitiveness. To 

gain these rewards, the model must be localized.” 

Lim, M. 
K., & 

Sohn, S. Y. 
(2007) 

“Cluster-based 
dynamic scoring 

model” 

Static models are 
ineffective in minimizing 

losses due to bad creditors. 

Neural Networks, K-
means algorithm are in 

use. 

“The proposed cluster-based dynamic scoring model 
helps the lender to identify the individual credibility at 

earlier stage of loan period without losing its accuracy; 
hence, the model is effective in minimizing losses due 

to bad creditors.” 

Lieli, R. P., 

& White, 
H. (2010) 

“The construction of 

empirical credit 
scoring rules based 

on maximization 

principles” 

“Decision problem faced 

by profit/utility-
maximizing lender while 

approving or rejecting 

credit in pay back or 
default state respectively.” 

Econometric model, 

Logit Regression, Probit 
model are in use. 

“The proposed econometric method is capable of 

producing approval rules in practice that lead to more 
profitable lending decisions than simple logit 

regression. In general, it is optimal to use a context-

specific cutoff for credit scores, or, equivalently, the 
conditional probability of compliance/default.” 

Marshall, 

A. et al. 
(2010) 

“Variable reduction, 

sample selection 
bias and bank retail 

credit scoring” 

Forecasting performance of 

credit scoring models is 
affected by sample 

selection bias; hence, 

prediction is not accurate. 

Probit Analysis, AUC / 

ROC Curve are in use. 

“Bootstrap variable reduction technique reduces the 

dimension of explanatory variables; hence, can easily 
accumulate information about potential customers. 

Forecasting ability of a multi-process probit model 

including bootstrap variable reduction procedure is 
superior to that of the usual single-stepwise 

procedure.” 
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AUTHOR, 

DATE 
TOPIC RESEARCH PROBLEM MODEL USED CONCLUSIONS 

Zhou, L. et 
al. (2010) 

“Least squares 
support vector 

machines ensemble 

models for credit 

scoring” 

Classification problems of 
credit scoring models; 

hence, decision making is 

not accurate. 

LSSVM, Discriminant 
Analysis, Logistic 

Regression, Probit 

Regression, Decision 

Trees, Neural Networks, 

AUC / ROC Curves are 

in use. 

“Ensemble models based on least squares support 
vector machines are good and robust and can provide 

promising solutions for credit risk analysis and, at the 

same time, they have great potential to solve other 

binary-class classification problems.”  

Bellalah, 
M. et al. 

(2016)  

“The performance of 
hybrid models in the 

assessment of 

default risk” 

Though the structural 
model of credit risk is 

flexible, the main 

drawback is that it may 
over-or underestimate the 

probability of default. 

Again, the non-structural 
model of credit risk is less 

flexible despite of being 

more accurate. 

Structural, Non-
structural, Hybrid, Probit 

models are in use. 

“The default probabilities extracted from the structural 
model contribute significantly in explaining default 

risk when included in a hybrid model with accounting 

variables; hence, the hybrid model is more robust in 
prediction.” 

 

Table 1: Literature Review and Synthesis 

 

When it comes to credit scoring models, there is no universally optimal statistical method because the optimal method varies 

depending on a variety of factors, such as how much information is available in a given dataset and how those features can be used 

to separate categories, and the classification objective sought to be achieved (Desai, et al., 1996). Numerous studies have shown 

that more recent/advanced machine learning algorithms, such as neural networks and fuzzy algorithms, outperform more 

conventional algorithms when comparing different statistical models. No obvious variation in the percentage of average accurate 

categorization rates for different statistical models is found. The unique group that was used to construct the right classification 

may have relied wholly or partially on binary data or a mix of binary and other data in certain circumstances, so this may be the 

case (Baesens, et al., 2003). linear discriminant analysis and logistic regression are statistically equal in the great majority of cases 

when used to this kind of data set compared to more sophisticated models (Desai, et al., 1996). 

III. MODELS 

A. Multivariate Probit Analysis (MPA) 

  

“Let yi = (yi1, yi2, …, yip)′ be a vector.that denotes.the binary responses.of the ith individual (i = 1, 2, …, N). Let zi denote a p-

variate latent variable that is normally distributed with a mean vector βxi and variance-covariance matrix Σ, where xi = (1, xi1, 

…, xi,q−1)′ is a q-vector.of covariates and β = (β0, β1, …, βq−1) is a p × q matrix of regression.coefficients of z on x. The observed 

binary vector yi is associated with the underlying zi in the following way: 

 

𝑦𝑖𝑗 = 𝐼(𝑧𝑖𝑗 > 0), 𝑗 = 1,2, … , 𝑝, 

 

where I(·) is an indicator.function. This implies that the probability of the response yi, given the covariates xi and the parameters 

β and Σ, is 

 

𝑃(𝐲𝑖 ∣ 𝐱𝑖 , 𝛽, 𝚺) = ∫  
𝐵𝑖1

⋯∫  
𝐵𝑖𝑝

𝜙𝑝(𝐭: 𝛽𝐱𝑖 , 𝚺)𝑑𝐭 

 

where ϕp(t; βxi, Σ) is the density.of a p-variate normal distribution.with mean vector βxi and variance-covariance.matrix Σ. The 

interval Bij is (−∞, 0] if yij = 0 and (0, ∞) if yij = 1. 

It is to be noted that the parameters β and Σ are not identifiable according to the observed-data. likelihood. For any diagonal 

matrix D with positive diagonal elements, it can be shown that 

 

𝑃(𝐲𝑖 ∣ 𝐱𝑖, 𝛽, 𝚺) = 𝑃(𝐲𝑖 ∣ 𝐱𝑖, 𝐃𝛽, 𝐃𝚺𝐃)             (1) 

 

This implies that the variances.in the matrix Σ cannot be estimated based on the likelihood function. For simplicity, we set them 

to be unity. Thus, the variance-covariance matrix Σ is restricted.to be a correlation matrix R = (ρij). 

Augmenting the observed binary data y = [y1, y2, …, yN] with the latent variables z = [z1, z2,…, zN], the complete-data likelihood 

function. be written as 

 

𝐿com(𝜃 ∣ 𝐲, 𝐳) = (2𝜋)−
𝑁𝑝

2 |𝐑|−
𝑁

2exp{−
1

2
tr(𝐑−1∑  𝑁

𝑖=1 (𝐳𝑖 − 𝛽𝐱𝑖)(𝐳𝑖 − 𝛽𝐱𝑖)
′)} × ∏  𝑁

𝑖=1 ∏  
𝑝
𝑗=1 𝐼(𝑧𝑖𝑗 ∈ 𝐵𝑖𝑗)   (2)                                                    

 

where θ denotes.the model parameters β and ρij’s. Integrating over zi’s in (2) yields the observed-data likelihood of the Probit 

model,” (Huiping, X. & Craig, B.A., 2010). 

 

𝐿obs(𝜃 ∣ 𝐲) = ∏ 

𝑁

𝑖=1

𝑃(𝐲𝑖 ∣ 𝐱𝑖 , 𝛽, 𝐑) 
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B. Probabilistic Neural Network  

 

A probabilistic neural net is principally a classifier matching inputs.to a number of groupings, and then might be executed into more 

universal function. Probabilistic neural net training contains two chunks, “optical smoothing factor” and “Conjugate Gradient method”.  

(Bishop, 1995), describes, that in finding a least line of a search technique, if search commands are always built on negative gradients, 

the search method may be very slow; indeed, there is a problem, “in which the search point (may oscillate) on successive steps. Instead, 

non-interfering on conjugate directions can be chosen. A conjugate gradient algorithm can be usually employed”, adressed.in the work 

by  (Hestenes & Stiefel, 1952), for instance. The conjugate gradient algorithm offers a minimization method, which needs only the 

calculation of the error function and its derivatives and which, for a quadratic error function is certain.to find a positive number of 

steps  (Bishop, 1995). The diagrammatic representation of our PNN is illustrated in t 1.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Probabilistic Neural Network (PNN) Layers 

 

PNN has three group of classes: a synaptic layer, a dendritic layer, and a soma layer, which are shown in Figure 2. The inputs (𝑥1 to 

𝑥𝐼) which come from the axons of the preceding neurons will pass in the synaptic layer. Then, the relations of the synaptic indications 

occur on respective branch of dendrites. After that, the exchanges are gathered and directed to the soma body. The mathematical 

terminologies of PNN are described as follows. 

 

Synaptic Layer 

 

The synaptic strata are the area where nerve impetus is communicated and acknowledged among neurons, encircling terminal boutons 

of a neuron where neurotransmitters are freed.in response to an impetus. A synaptic link to the dendrites of a neuron is executed.by its 

receptors/mediators which have a positive shape of the exact ion. When the receptors/mediators accept.an ion, the latency of the 

receptors/mediators’ changes and regulate whether the linking. synapse is excitant or repressive (Koch, 2004). 

 

 

 

Fig. 2. The Architecture of PNN 

 

The course of the movement in the synaptic layer is feedforward, which constantly starts from a pre-synaptic neuron to a post-synaptic 

neuron. And the equation of the 𝑗th (𝑗 = 1, 2, 3, . . . , 𝐽) synaptic strata getting the 𝑖th (𝑖 = 1, 2, 3, . . . , 𝐼) input is stated as follows: 
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𝑌𝑖𝑗 =
1

1+𝑒
−𝑘(𝑤𝑖𝑗𝑋𝑖−𝑞𝑖𝑗)

                            (1) 

 

where 𝑘 represents a positive constant, 𝑋𝑖 is the input of the synapse, and 𝑤𝑖𝑗 and 𝑞𝑖𝑗 are synaptic constraints that prerequisite to be 

trained. 𝜃𝑖𝑗 is used to denote the brink of a synaptic layer, which can be calculated in the following: 

 

               𝜃𝑖𝑗 =
𝑞𝑖𝑗

𝑤𝑖𝑗
                                         (2) 

 

Dendrite Layer: A dendrite strata positions for the characteristic nonlinear communication of synaptic signs on respective division of 

dendrites. Since the multiplication procedure acts an vital role in the course of shifting and positioning neural statistics, the non-

linearity calculation between the synapses on a dendrite can be applied.by a archetypal multiplication in lieu of summation. Thus, the 

communication between synapses on a dendritic branch resembles.to a logic AND operation. The conforming equation of the dendrite 

layer.is demarcated as follows: 

 

                                                                              𝑍𝑗 = ∏  𝐼
𝑖=1 𝑌𝑖𝑗                                        (3) 

 

Soma Layer: A soma layer collects the synopsis of the dendritic indications from respective dendritic strata. Its purpose is assumed.to 

be the identical as a logic OR action. roughly. This logic OR process infers that the soma body will produce the value 1 when at 

minimum one of the variables.is = 1. Its equation is given as follows: 

 

                                                                             𝑂 = ∑  
𝐽
𝑗=1 𝑍𝑗𝑗=1                                    (4) 

 

Neuronal Pruning Function: Trimming technique means the elimination of the surplus nodes and weights over learning and training 

the neural network. In our neural model, trimming function can be attained by removing needless synapses and dendrites. And a basic 

and exclusive neural construction is modeled for each exact problem. Neuronal trimming function of the models consist two parts: 

synaptic pruning and dendritic pruning. 

Synaptic Pruning: When the input transports.to the synaptic strata which is in the constant-1 linking case, the synaptic output is = 1, 

because the outcome of any random value multiplying 1= itself in the dendrite strata. It is clear that the synaptic input.in constant =1 

linking has diminutive influence on the output. of the dendrite strata. Therefore, this sort of synaptic input could be categorically 

ignored.  

Dendritic Pruning: If the input communicates.to the synaptic strata which is in the constant=0 linking case, the output.is always = 0. 

Accordingly, the output of the equivalent dendrite strata also = 0 due to the multiplication action. It infers that this complete dendrite 

strata should be deleted since it has negligible effect on the soma strata.  

 

 

 

 

IV. RESULTS AND DISCUSSION 

Data Pre-Processing and Variable Selection 

 

The data was gathered in its raw form from the different public sector banks of India's five zones. The R programming language was 

used for the pre-processing. The missing data was found in the next phase; however, the missing data was minimal (around 0.0012 

percent). The missing data was then replaced with the average of the characteristic in which the data was missing. The category data 

was encoded in the third stage. The data was separated into training set (0.75) and test set (0.75) in the fourth stage (0.25). The data 

was standardized in the fifth stage using R's feature scaling approach. After feature scaling, the data was available for the data analysis 

step, which included running the recommended models, which included Multivariate Probit Analysis (MPA) and Probabilistic Neural 

Network (PNN). Each predictor or independent variable in the dataset is as follows: loan type, gender, loan amount (interest rate), 

paid balance (amount due), outstanding (amount due), Irregularity (i.e., late payments), EMIs due (overdue payments), EMI Lapse 

(interest amount), and finally the independent variable, which is whether the loan is NPA or NOT- NPA. 
 

A. Data Analysis of Multivariate Probit Analysis (MPA) 

 

Multivariate Probit Analysis (MPA) statistical models are used in credit scoring to pronounce the association amongst the binary 

dependent or response variable (NPA_or_Not) and 11 predictor or independent variables in table 2. The training set contains 

75% cut-off from the total data and rest consist of test set. The total dataset consists of 30356 with 528 default loans. The training 

set consisting of 22767 observations with 22371 good loans and 396 bad loans have 100% correct classification by default. The 

test set consist of 7598 observations at 25% segregation we get 7446 good loans and 152 bad loans. There is a statistically 

significant P-value between the variables at 99% CI. The models were validated using K-fold cross validation method, more 

precisely 10-fold cross validation. The set seed was kept at 133 and the number of neighbors was set at 20 using 10-fold cross 

validations. The training and testing error were at 0.003% of the confusion matrix and 98.50% with a 0.50 cut-off point with 

10-fold cross-validation. 
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                             Break-off point 0.50 

 

Table 2: Predictive Model Analysis using Probit Analysis (PA) 

 

B. Data Analysis of Probabilistic Neural Nets (PNN) 

 

The summary of classification results of the PNN predictive models for the training, testing and validation samples is presented 

in table 3. A 100% average correct classification rate has been found with PNN in the training set, test set and validation set. 

Meanwhile the highest mean accurate predictive rate in the test set and validation set was 100%. It can be observed from Table 

3 that PNN predict accurately the good loans and the bad loan in all samples (training, test and validation set).  

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 
                             Break-off point 0.50 

 

Table 3: Predictive Model Analysis using Probabilistic Neural Network (PNN) 

V. CONCLUSION 

 

Statistical and machine learning models, notably Probabilistic Neural Nets (PNN) and Multivariate Probit Analysis (MPA), were 

developed as part of this investigation. The quality, validity, and flexibility of statistical and machine learning models must be 

ensured throughout their development. The actions performed in this research to improve findings, reduce mistakes, and increase 

reliability were safeguards in sample selection, precise identification of standards or requirements for the prediction of good and 

poor loans, and the behavior of variables in the dataset. 

 

We gathered raw data on current PSB loans in India's North, South, East, West, and Central zones based on these inputs and issue 

definitions. Data from 10 different loan portfolios, including CECL, Agricultural, Business, Car, Education, Housing, Pension, 

Personal, and Two-Wheeled Loan, yielded an overall total of 30356 (Thirty-Three Hundred and Fifty-Six) current loan records. 

The pre-processing of the data, which included randomly dividing the data into training and testing sets. Both the training and 

test sets were confined to 22767 and 7589 observations, respectively. Eleven predictor factors and a dichotomous dependent 

variable were in the dataset. The missing data was discovered in the second phase, although it was insignificant (around 0.0012 

percent). Using the mean of the feature in which the data was lacking, we were able to fill in the gaps. The category data was 

encoded in the third stage. (0.75) and (0.25) data sets were created in the fourth phase of the process (0.25). Data was normalized 

using the feature scaling method in the fifth stage.  

 

Observed Group                                 Predicted Group 

Probit Analysis (Training) Good Loans Bad Loans Correct % 

Good Loans 22371 0 100 

Bad Loans 0 396 100 

Total 22371 396 100 

Probit Analysis (Validation)    

Good Loans 30143 13 99.3 

Bad Loans 213 535 97.7 

Total 30356 548 98.5 

Probit Analysis (Test)    

Good Loans 7438 3 99.9 

Bad Loans 8 149 98.2 

Total 7446 152 99.1 

Observed Group                                 Predicted Group 

PNN (Training) Good Loans Bad Loans Correct % 

Good Loans 22371 0 100 

Bad Loans 0 396 100 

Total 22371 396 100 

PNN (Validation)    

Good Loans 30356 0 100 

Bad Loans 0 548 100 

Total 30356 548 100 

PNN (Test)    

Good Loans 7446 0 100 

Bad Loans 0 152 100 

Total 7446 152 100 
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PNN was included in the ANN model, and the results revealed that both the bad loans (NPA) and the good loans were classified 

exactly as expected. PA's 98.5 percent accurate categorization was a good match for the standard statistical model. Higher false 

positive outcomes would be good for the PA model in these cases. Instead of opting for high false positive results (specificity), it 

is preferable to raise the false negative results (sensitivity) in order to discover fewer bad loan losses as a consequence of bank 

lending penalties in this project. As a result, the average score for both models are 99.25 percent. 

 

Before this study was done, data from multiple bank loan portfolios was used in all prior research on pre-authorization of loan 

data. This study's key contribution is the empirical nature of the issue and considerable accurate classification rate of the models, 

which includes a 10-fold cross validation for those loan portfolios after they have been sanctioned. Models explored in this study 

allow bank managers to avoid information overload, allowing them to identify and prevent problematic loans more efficiently. 
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