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ABSTRACT 
 
In this paper, Multilayer Feedforward Neural Networks have been trained to mimic the discretion of a loan officer in classifying 
loan applicants correctly and deciding the optimum credit lines for those applicants whose likelihoods to pay debt, as predicted 
by the networks, are acceptably high. The dataset used in this paper consists of 1000 records, 6 input columns and 2 output 
columns. In the classification of the loan applicants, the Neural Network designed uses the 6 input columns with one bias, 
resulting in 7 neurons in the input layer, while in the credit line prediction, the 6 input columns as well as the applicants’ 
classification output column were used with a bias giving rise to 8 neurons in the input layer of the Network. In both Networks, 
the number of neurons in the hidden layer is 15. 80% of the entire dataset were used in training the Neural Networks and the 
remaining 20% were used for testing. The Networks were trained for 500,000 epochs using backpropagation algorithms. For the 
credit-line prediction, the Mean Square Error (MSE) for the training set is 1.6296E-05 while the MSE for the test set is 1.5336E-
05. Moreover, for the classification of the applicants, the network gave 100% correct classifications of the loan applicants in both 
training and test sets. Finally, a high-fidelity prototype of the system was developed as a MATLAB GUI application.     
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1. INTRODUCTION 
 
Over the years, the problem of insolvency has posed 
significant challenge to financial institutions; as such the need 
for a credit risk evaluation mechanism becomes indispensible. 
Customarily, human loan officers are used to attend to and 
evaluate loan requests from customers. Unarguably, human 
loan officers can have several limitations when compared to 
computer-assisted approaches. Some of these limitations have 
been detailed hereunder. Humans can make mistakes when 
evaluating loan requests from customers. Also, a human loan 
officer could also make bias decisions which could 
compromise the integrity and/or standards of a bank.  
Furthermore, a human loan officer may delay the loan 
evaluation process due to occupational bottlenecks. The 
aforementioned challenges inform the need for a computer-
assisted credit risk evaluation system in financial institutions. 
However, it often seems intractable trying to represent human 
discretions in form of production rules or IF-THEN rules in 
situations where there are myriads of ill-defined options; as 
such, this paper seeks to develop a credit risk evaluation 
system using neural networks.  
 
 

 
 
 
Artificial Neural Networks (ANN) is a family of neuro-
biologically inspired models that can glean non-trivial 
information from data for the purpose of prediction, 
prescription and/or description of the system that generated 
the data. ANN has proven to possess the capability of learning 
non-linear relationships amongst variables; as such it has got 
limitless applications even when data are noisy or imprecise.  
In addition, with ANN, the understanding of how the bank’s 
loan officer carries out the credit-risk evaluation is not 
essential, thereby making the entire credit risk automation 
easy. Every ANN-based system development involves - data  
collection; data processing; the design of ANN; the training of 
the ANN; testing and deployment. 
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This paper is based on a dataset collected from the 
University of Uyo Microfinance bank. It consists of 1000 
records, 6 input columns and 2 output columns. The dataset 
is processed and segmented into training and test sets. The 
training set is 80% of the entire dataset and the test set is 
the remaining 20%. The training set is used in training the 
ANN using backpropagation algorithm while the test set is 
used to evaluate the network in order to ascertain that the 
trained network has good generalisation performance. The 
neural networks parameters and architectures where 
determined experimentally by manually tuning the 
networks and observing the error for each selected network 
parameter and architecture.  
 
The ANN architectures used in this paper are 7-15-1 
networks for the loan applicants’ classifications and 8-15-1 
network for the credit line prediction. 7-15-1 network refers 
to a three layer neural networks with 7 neurons in the input 
layer; 15 neurons in the hidden neurons and 1 neuron in the 
output layer. Also, the 8-15-1 neural network consists of 8 
neurons in the input layer; 15 neurons in the hidden layer 
and 1 neuron in the output layer. In the credit line 
prediction, the MSE for the training and test sets are 
1.6296E-05 and 1.5336E-05 respectively. Also, the 
network gave 100% correct classifications of the loan 
applicants in both the training and test sets. These results 
show that the networks can provide an expert-level credit 
risk evaluation. A high-fidelity prototype of the system was 
realised using MATLAB GUI. The following sections 
include literature review, methodology, results, 
implementation and conclusion.   
 

2 LITERATURE REVIEW 

 
2.1 Credit risk management 

 
Credit risk is the risk of financial loss resulting from the 
failure of a debtor, for any reason, to fully honour its 
financial or contractual obligations to the institution  (Bank 
of Jamaica, 2005). Credit risk measurement has evolved 
dramatically over the last 20 years in response to a number 
of secular forces that have made its measurement more 
important than ever before (Edward and Anthony , 1998). 
According to Bank of Jamaica (2005), “Sound credit risk 
management involves prudently managing the risk/reward 
relationship and controlling and minimizing credit risks 
across a variety of dimensions, such as quality, 
concentration, currency, maturity, security and type of 
credit facility”. Brown and Moles (2014) opined that ” 
Managing credit risk is a complex multidimensional 
problem and as a result there are a number of different 
approaches in use, some of which are quantitative while 
others involve qualitative judgements. Whatever the 
method used, the key element is to understand the 
behaviour and predict the likelihood of particular credits 
defaulting on their obligations”.  
 
 

Different approaches to the credit evaluation process 
include judgemental methods, expert systems, analytic 
models, statistical models, behavioural models and market 
models (Brown and Models, 2014). 
 
2.2 Artificial Neural Networks 

 
Artificial neural networks are a family of neuro-
biologically motivated models that can glean information 
from data for the purpose of predictions, forecasting and 
descriptions of the system that generated the data. 
Nowadays, neural networks are gaining success and 
importance mainly due to their capability of learning non-
linear relationships amongst variables (Ripa and Frangu, 
2004); moreover, they show good performances when data 
are noisy or incorrect. Neural networks have been used to 
solve a wide variety of tasks, like computer 
vision and speech recognition, that are hard to solve using 
ordinary rule-based programming. In neural networks, the 
inputs are forward-propagated to the output neuron. Each 
neuron of the neural network is a sigmoidal activation 
function. The output of the network is compared with the 
desired output, and the error made by the network is used in 
adjusting the weights so as to have a better performance. In 
the case of a multilayer neural network, the 
backpropagation algorithm is used in adjusting the weights 
of the neural network at different layers. The steps for 
training a multilayer neural networks is as follows: 
 
Step 1 – Initialisation: Set all the weights and threshold 
levels of the network to random numbers uniformly 
distributed within a small range(Haykin, 2008). 
 
Step 2 – Activation: Activate the multilayer neural network 
by applying inputs  and 
desired outputs . 
 
(a) Calculate the actual outputs of the neurons in the 

hidden layer: 
 

 = sigmoid[ ]          (1) 
 
where, n is the number of inputs j in the hidden layer and 

sigmoid is the sigmoid activation function.  
(b) Calculate the actual outputs of the neurons in the 

output layer: 
 

(p) =  sigmoid[ ]      (2)  
 
where, m is the number of inputs of neuron k in the output 
layer. 
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Step 3- Weight training: Update the weights in the 
multilayer network propagating backwards the errors 
associated with output neurons. 
 
(a) Calculate the error gradient for the neurons in the 

output layer: 
 

                       (3) 
 
Where,  
 

 =                                    (4) 
 
Calculate the weight corrections: 

 = (p) .                                 (5) 
       
Update the weights at the output neurons: 
 

+                           (6) 
 

(b) Calculate the error gradient for the neurons in the 
hidden layer: 
 

      (7) 
 Where, l is the number of neurons in the output layer 
 

     Calculate the weight corrections: 
 = (p) .                                 (8) 

 
 Update the weights at the hidden neurons: 
                                              

 +                                (9) 
 

Step 4 – Iteration: Increase iteration p by one, go back to 
Step 2 and repeat the process until the selected error 
criterion is satisfied. 

 

3  METHODOLOGY 

 

3.1 Data Acquisition 

 
Data used in this paper was obtained from the University of 
Uyo, Microfinance Bank. This dataset contained one 
thousand examples with six (6) attributes and two output 
columns. These six (6) attributes include net pay, 
period/duration of loan (in months), type of Job, the amount 
applied for, the job-sector of first referee, and the job-sector 
of the second referee. The first output column is the 
approval remark (i.e. loan approval or denial) of the loan 
officer, while the second output column is the credit-line 
for approved applications. Since, the credit-lines prediction 
depends on the applications’ approval, the first output 
column is equally used as one of the attribute columns 

while training the neural network for the credit-line 
prediction.  
 
 
3.2  Data Cleaning and Pre-processing 
Firstly all columns that were incomplete, i.e., where one or 
more attribute(s) relevant for credit-risk evaluation is 
missing, where removed from the data, this step dismisses 
the risk of computational errors that could crop up during 
training. 
 
Irrelevant features were also removed from training to 
minimize training time and optimize learning. Some 
features considered irrelevant included; customer’s name, 
next-of-kin’s name, address and sex. 
 
All other information that were considered ambiguous were 
eliminated. Examples of this ambiguity is the nature of a 
person’s work. To eliminate this ambiguity, jobs were 
simply classified into two segments, those who work in the 
public sector (or government workers) and those who work 
in the private sector (i.e. 1 for a government worker and 0 
for a private sector). The first output column is coded in 
binary(i.e. 0 for defaulting and 1 for non-defaulting clients).   
 
Finally, the data was normalised using the min-max 
normalisation technique which returns values between 0 
and 1 using equation (10). 
 

               (10) 

 

3.3 Data Segmentation 

 
The Dataset was split into two for the training and testing 
phases. 20% of the dataset was used for testing while 80% 
of the dataset was used for the training. The essence of this, 
is to ensure that the neural networks do not overfit the 
training instances resulting to poor generalisation 
behaviour. 
 

3.4 Neural Network Topology 

 
The network topology used was the Multilayer Perceptron 
Model with three layers. One input layer, one hidden layer 
and one output layer. The network had 7 neurons at the 
input layer for the in bonis classification and 8 neurons at 
the input layer for the credit-line prediction. In addition to 
that, the input layer for both networks had one additional 
neuron to serve as the bias neuron. At the hidden layer, 14 
neurons plus one bias neuron to make it 15 was used. And 
then one neuron was used at the output layer for both 
problems. The networks are shown in figures 1.0 and 2.0. 
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Figure 1.  In-Bonis Classification Neural Network Model 

 

                                                        
 

Figure 2. Credit-Line Prediction Neural Network Model 
 
 

3.5 Neural Networks Training 

 
Weights linking the layers are randomly picked from a 
uniform distribution. Training examples are presented to 
the networks and forward propagation is performed using 
the initialised weights to obtain the output. The value of the 
output neuron, is compared with desired or target value, 
and an error (e) is calculated, which is the difference 
between the desired neuron output and the actual output for 
an output layer neuron. Then an error gradient is calculated 
and then the errors are propagated in a backward manner 
through the network to modify the values of the weight in a 
manner that makes them reduce the error on the next 
forward propagation. This backward manner in which 
errors are propagated through the network gives rise to the 
name backpropagation or backward propagation algorithm.  
 
 
 

 
 
In this paper, the neural networks were trained for 500,000 
iterations. The learning rate used was 0.01 and each of the 
neurons used is a sigmoid activation unit.  
 

4.  RESULTS 

 
4.1 Performance evaluations 

 

4.1.1 Credit-line prediction neural network 

 

Mean Square Error (MSE) metric was used to evaluate the 
performance of the neural network for the credit-line 
prediction. Figure 3.0 shows how the training and testing 
errors decrease with respect to iterations. The graph shows 
that the network behaves similarly for both the in-sample 
and out-of-sample examples. The MSE for the training and 
test sets are 1.6296E-05 and 1.5336E-05 respectively after 
500,000 iterations. 
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Figure 3: Credit-Line Error Graph 

 

 

4.1.2 Classification neural network 
 
For the in bonis classification, confusion matrices were used to evaluate the performances of the neural network on both the 
training and test datasets.  
 

Table 1.0: Confusion matrix for the training set 

 ACTUAL DATA 

 
 

NETWORK’S 

OUTPUT 
 

 APPROVED DENIED PURITY 

APPROVED 402 0 1 
DENIED 0 398 1 
TOTAL 402 398 1 

 
Table 2.0: Confusion matrix for the test set 

 ACTUAL DATA 

 
NETWORK’S 

OUTPUT 
 

 APPROVED DENIED PURITY 

APPROVED 101 0 1 
DENIED 0 91 1 
TOTAL 101  91 1 

The neural network gave a 100% accurate classification of the loan applicants in both the training and test datasets.  
 
4.2 Implementation 

 
The prototype of the credit risk evaluation software was developed as a MATLAB GUI application. The system accepts inputs, 
processes them based on the mathematical model obtained from the  
 
neural networks training, and delivers the corresponding output. It works by first determining the default likelihood of a client 
using the in bonis classification network, then passes this data to the model that determines the customer’s credit-line. Figures 4 
and 5 present the inputs and the output of a successful loan applicant respectively. The  output tells if the applicant is successful 
and also predicts its optimal credit-line.    
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Figure 4: Input detail of a successful loan applicant 

 
 
 

 
 
 
 
 
 
 

Figure 5: Output of the loan applicant of figure 4 

 
 
Similarly, the input detail and the output of an unsuccessful loan applicant are shown in figures 6 and 7.  
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Figure 6: Input detail of an unsuccessful loan applicant 

 
 

 
Figure 6: Output of the loan applicant of figure 6 

 
 
5 CONCLUSION 

 
This paper is geared towards the design and development of a credit-risk evaluation system using neural networks. Training was 
done for the in-bonis classification and the credit-line prediction problems. In the in-bonis classification, the system is trained to 
be able to classify customers into good or bad customers. Good customers are those capable of paying back their debt at the end 
of a specified period of time while bad customers are those defaulting over that period of time. In the credit-line prediction 
system, a customer is granted loan of a particular amount after the network verifies that he/she is not likely to default(i.e., the 
customer is classified ‘good’ by the network). Testing was carried out on the trained network to evaluate the system’s 
performance after training and the errors recorded. A Graphical User Interface was implemented to show how it can be used in a 
real-world scenario. The results show that this approach offers a modern and efficient technique for credit-risk evaluation and 
solving the insolvency problem. 
 



 Vol 8. No. 1 Issue 2 – May,  2015          
African Journal of Computing & ICT 

      
© 2015 Afr J Comp & ICT – All Rights Reserved - ISSN 2006-1781 

www.ajocict.net   

 

 

172 

 

 

REFERENCES 

[1] Edward I. A. and Anthony S. 1998. Credit risk 
measurement: Developments over the last 20 years. 
Journal of Banking & Finance 21 (1998) 1721-1742 

[2] Brown K. And Moles P. 2014. Credit Risk 
Management.  Edinburgh Business School. 
Retrieved from 
https://www.ebsglobal.net/EBS/media/EBS/PDFs/C
redit-Risk-Management.pdf on 01 July. 15 

[3] Bank of Jamaica. 2005. Standards of Sound 
Business Practices: Credit Risk Management. 
Retrieved from http://boj.org.jm/pdf/Standard-
Credit%20Risk%20Management.pdf on 02 July. 15 

[4] Rojas. R. 1996. Neural Networks, Springer-Verlag, 
Berlin. 

[5] Minodora R. and Laurentiu F. 2004.  A survey of 
artificial neural networks applications in wear and 
manufacturing processes. The annals of university 
“dunărea de jos “ of galaţi fascicle VIII, 2004, ISSN 
1221-4590 

[6] Haykin, S. 2008 . Neural networks and learning 
machines, 3rd edn. Prentice Hall, Englewood Cliffs 
NJ. 

[7] Negnevitsky, M. 2011. Artificial Intelligence: A 
Guide to Intelligent Systems. 3rd edn. Pearson 
Education Limited. ISBN: 978-1-4082-2574-5 

[8] Khashman. A. 2010. Neural networks for credit risk 
evaluation: Investigation of different neural models 
and learning schemes, Expert Systems with 
Applications, 37, 6233–6239. 

[9] Emela A.B., Oral M., Reismanb A., and Yolalan 
R.,2003. A credit scoring approach for the 
commercial banking sector, Socio-Economic 
Planning Sciences, 37, 103–123 

[10] Yu L., Wang S.H, Lai K.K. 2009. An intelligent-
agent-based fuzzy group decision making model for 
financial multicriteria decision support: The case of 
credit scoring, European Journal of Operational 
Research, 195, 942–959 

[11] Yeh. I.C and Lien C.H.2008.  The comparisons of 
data mining techniques for the predictive accuracy 
of probability of default of credit card clients," 
Expert Systems with Applications,, in press, 
doi:10.1016/j.eswa.2007.12.020. 

[12] Duch, W., Adamczak, R. and Grabczewski, K. Ì. 
2001. A New Methodology of Extraction, 
Optimization and Application of Crisp and Fuzzy 
Logical Rules,î IEEE Transactions on Neural 
Networks (12), pp. 277-306. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 Vol 8. No. 1 Issue 2 – May,  2015          
African Journal of Computing & ICT 

      
© 2015 Afr J Comp & ICT – All Rights Reserved - ISSN 2006-1781 

www.ajocict.net   

 

 

173 

 

 

APPENDIX 

 

clc; clear;close all;clf; 

load OfData.mat 

D = OfData; 

K = randperm(size(D,1)); 

D = D(K,:); 

L = size(D,1); 

nTrain = round(0.8*L); 

DataTrain = D(1:nTrain,:); 

DataTest = D(nTrain+1:size(D,1),:); 

I = DataTrain(:,1:end-1);%For prediciting APPROVED/NOT 

APPROVED use I = DataTrain(:,1:end-2) 

X = [ones(size(I,1),1) I]; 

T = DataTrain(:,end);%For prediciting APPROVED/NOT 

APPROVED use T = DataTrain(:,1:end-1) 

MaxT = max(T); 

Y = T/MaxT; 

[m,n] = size(X); 

MaxVal = max(X); 

alpha = 0.001;           %BEST ALPHA = 0.01 BEST nITER = 

350000 & 14 hidden neurons for learning  

nITER = 500000; 

nHidN = 14; 

nOutN = nHidN+1; 

  

%Initialisation of weights 

wH = -2.4/nHidN+(2.4/nHidN+2.4/nHidN).*rand(nHidN,n); 

wO = -2.4/nOutN + (2.4/nOutN+2.4/nOutN).*rand(1,nOutN); 

%Normalisation 

for i = 1:n 

    X(:,i) = X(:,i)./MaxVal(i); 

end 

% PROCESSING TEST DATA 

X_test = DataTest(:,1:end-1);%For testing APPROVED/NOT 

USE X_test = DataTest(:,1:end-2) 

X_test = [ones(size(X_test,1),1) X_test]; 

Y_test = DataTest(:,end);%For testing APPROVED/NOT 

USE Y_test = DataTest(:,1:end-1) 

MaxT1 = max(Y_test); 

Y_test = Y_test/MaxT1; 

[m,n] = size(X_test); 

MaxVal = max(X_test); 

%Normalisation TEST DATA 

for i = 1:n 

    X_test(:,i) = X_test(:,i)./MaxVal(i); 

end 

%Initialisation of Error 

E = zeros(nITER,1); 

E_test = zeros(nITER,1); 

for N = 1:nITER 

    a = sigmoid(X*wH'); 

    a_biased = [ones(size(a,1),1) a]; 

    y_p  = sigmoid(a_biased*wO'); 

    e = Y - y_p; 

    E(N) = max(abs(Y-y_p)./Y*100);%mean(e.^2); 

     

    %TESTING 

    a_test = sigmoid(X_test*wH'); 

    a_bTest = [ones(size(a_test,1),1) a_test]; 

    y_pTest  = sigmoid(a_bTest*wO'); 

    e_test = Y_test - y_pTest; 

    E_test(N) = max(abs(Y_test-

y_pTest)./Y_test*100);%mean(e_test.^2); 

    p = sprintf('No of iteration: %d => Training Error: %d  and 

Test Error: %d',N,E(N),E_test(N)); 

    disp(p) 

    disp('........................................................') 

    if max(abs(Y_test-y_pTest)./Y_test*100)<0.04 

        break; 

    end 

    %Backpropagation Algorithm 

    eGRAD_y = y_p.*(1-y_p).*e; 

    eGRAD_a = a_biased.*(1-a_biased).*(eGRAD_y*wO); 

    wO = wO+alpha*eGRAD_y'*a_biased; 

    wH = wH+alpha*eGRAD_a(:,2:end)'*X; 

end 
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figure(1); 

  

plot(E(1:50),'LineWidth',3); 

hold on; 

plot(E_test(1:50),'r','LineWidth',3); 

ylabel('ERROR'); 

xlabel('ITERATION'); 

title('GRAPH OF ERROR VS ITERATION') 

grid on; 

h = legend('TRAIN ERROR','TEST ERROR',2); 

set(h,'Interpreter','none') 

display('Press ENTER to view results for the Training Data'); 

pause; 

format short; 

disp(['Desired output ', 'Training Output' ]); 

disp([Y*MaxT y_p*MaxT]) 

display('Press ENTER to view results for the Test Data'); 

pause; 

disp(['Desired output ', 'Test Output' ]); 

disp([Y_test*MaxT1 y_pTest*MaxT1]) 

 

 


