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 Background: One of the most important financial institutions are banks and one of he 

most important role of banks is attracting deposits and giving loans to their customers. 
Attracted deposits make banks responsible to give the interest of the money in certain 

time and from the other side there is always credit risks for banks from loan takers. 

Objective: The aim of this study is to compare 3 important methods namely neural 
network, decision tree and k-nearest neighbor.  Results Results show that the highest 

precision is for neural network with 98.15 percent accuracy for predicting credit of 

customers. And decision tree is at the second place with 85.19 percent accuracy and k-
nearest neighbors is at the third place with only 79.63 percent accuracy. Therefore we 

conclude that neural network has the advantage of categorizing very rapidly and using 

this method will make banks to decide more wisely and with lower risk. 
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INTRODUCTION 

 

 Consumer finance has become one of the most important areas of banking because of the amount of money 

being lent and the impact of such credit on the global economy [15]. The growth in consumer lending witnessed 

during the past decades could not have been possible without a formal, automated approach to assessing the risk 

that a loan to an individual consumer will not be repaid. Credit application scoring refers to this formal process 

of determining how likely applicants are to default with their repayments. Central to this risk assessment activity 

are statistical models, called scorecards or classifiers, which use predictor variables from application forms and 

other sources to yield estimates of the probabilities of defaulting. Classification of applications for credit (CAC) 

into ‘good’ or ‘bad’ risk classes is performed by comparing the estimated probability of default with a suitable 

threshold. Accurate classification is of benefit both to the creditor (in terms of increased profit or reduced loss) 

and to the applicant[8]. 

 Numerous classification methods have been considered for CAC, including traditional statistical methods, 

like discriminant analysis and logistic regression, nonparametric statistical models such as k-nearest neighbors 

and decision trees, and machine learning methods, like multilayer perceptrons and support vector machines. In 

practice, the most widely used statistical models for CAC in the United Kingdom are logistic regression and to a 

lesser extent linear discriminant analysis [8]. Beyond their very satisfactory performance [4] the use of linear 

methods is also favoured by an existing legislative requirement in the United Kingdom to justify the rejection of 

applications.  Using linear models, the coefficient of each predictor variable can be interpreted, providing a 

justification for rejections.  An outstanding issue in CAC is the tendency of the populations to evolve with time, 

as a result of economic pressures and a changing competitive environment [8]. The problem of changing 

population distributions has been termed population drift. Owing to this characteristic, it is of interest to develop 

CAC procedures that are able to automatically recognize, or adapt to drift as it happens. 

 Population drift can occur because the class priors (i.e., the probability of observing each class in the 

population of applicants) change, and/or the distributions of the classes change. Both types of change can cause 

the posterior distributions of class memberships to alter over time. Two types of population drift are typically 

distinguished: abrupt and gradual drift. In the case of abrupt drift the population distribution changes at distinct 

time points, called change to re-estimate the parameters of the classifier periodically using a recent subset of the 
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available data. In the simplest case a data-window of predefined length containing the most recent data are used. 

The size of the window is critical and the optimal value depends on the type and speed of drift, as well as the 

complexity of the classifier. This is complicated by the fact that population drift manifests as unknown change 

types at unpredictable times. In CAC applications a static classifier is typically used.  Population drift is handled 

by monitoring a measure of classification performance and rebuilding the classifier using recent data when this 

measure is deemed to have degraded unacceptably [5,10].  

 A standard approach to evaluate performance degradation is to accumulate a sufficiently large sample of 

new applicants and their outcomes, and compare the actual with the predicted number of bad risk customers 

[13]. This approach is clearly costly to the creditor. A particular example of the downside of this approach is 

when a dramatic population change occurs just after the classifier has been re-estimated. Normally, this would 

mean a long wait until the next update, during which performance would be unreliable. [16] identify a number 

of additional difficulties associated with this approach. First, building a suitable sample of new applicants that 

will enable a comparison between actual and predicted bad risk customers is time-consuming, rendering the 

timing of performance evaluations ad hoc.  Moreover, the outcome of such comparisons can differ according to 

the attribute used. Thus, the decision of whether to rebuild or not can be ad hoc. Finally, the fact that the 

comparison is done between two samples, the sample used to build the classifier and the new sample, implies 

the underlying hypothesis of an abrupt change subsequent to the construction of the static classifier. If instead 

the population distribution is drifting gradually, then aggregating the new sample from several time periods is 

not appropriate [5,10].   

 [16] propose a technique to monitor a logistic regression credit classifier over time, derived from the 

Kalman filter. This approach assumes that the true logistic regression parameters, represented by the unobserved 

state vector of the Kalman filter, follow a random walk. The estimate of the true logistic regression is updated 

monthly, using as observation vector the parameters of a logistic regression fitted on customer data only from 

the last month. The parameters of the dynamically updated classifier are compared with limits obtained through 

sequential simulation from a baseline, static, and classifier. These limits are used to distinguish variations in the 

parameters of the dynamically updated classifier, which are due to noise in the observation process, from 

variations which reflect changes in the underlying population distribution.  In this work, we develop an adaptive 

and sequential approach for logistic regression. An advantage of such an points. Between consecutive change 

points the population distribution is static. In contrast, in a gradually drifting environment the population 

distribution changes at each time-step [5,10].  

 A generic approach to handle population drift is approach is that it deems unnecessary the performance 

degradation experienced between the consecutive rebuilds of a static classifier. Moreover, the proposed logistic 

regression classifier aims to accommodate any type of population drift without relying on a model for the drift,  

and without storing past data. While most CAC problems do not impose such stringent requirements with 

respect to data storage and use, our intention is to demonstrate the benefits of an adaptive classifier that can 

incorporate new data on arrival. The proposed approach is motivated by ideas from adaptive filtering [5,10] 

which have been recently applied to classification [2,14]. On the basis of similar ideas [1] proposed an adaptive 

and incremental version of linear discriminant analysis suitable for credit scoring.  To construct a classifier that 

adapts to population drift we define a weighted likelihood function that gradually removes the impact of past 

data on current parameter estimates. The rate at which previous information is forgotten, is controlled by a 

critical parameter, which determines the responsiveness of the classifier to more recent observations. The 

optimal value of this forgetting factor is typically unknown and needs to be time-varying as a result of changes 

in the type and speed of drift [5,10].  

 

Methodology: 

 In this research we will analyze the current situation of customer classification and their loan taking 

methods. Therefore this research can be considered as descriptive research. In the other hand, regarding since 

the aim of this research is to estimate credit risk from background information of customers; we can consider it 

as causal and comparative study. Regarding the goals this study is classified as practical research.  

 Sample of this research is all the customers who have used loans during years 2010-2012 from branches in 

Tehran. Since the statistical society of this research is 4628 customer, the number of sample with use of Cochran 

formula is 402 customers.  

 

Analysis: 

Freedman Test: 

 In this research we have used freedman test for prioritization and ranking of variables regarding the most 

influence on dependent value with use of SPSS software. Results are shown in table below. 

 As it is shown in the table the amount of Chi-square with 48 degree of freedom is 1710 and it indicates that 

null hypothesis is rejected and therefore effective variables for loans to customers are different. 

Neural Network modeling. 
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Table1: Freedman test. 

N 117 

Chi-square 1710 

Df 48 

Asymp. Sig 0.000 

 

NN1 Model: 

 There is 3 layer for neural network in which in the middle layer 3 links and in the outer layer there is only 

one link. Learning of network is done with learning group data and all the results are shown in table below. 

 
Table 2: analysis for NN1 model. 

Classification Learning Test support 

Number of 

samples 

Percentage Number of 

samples 

Percentage Number of 

samples 

Percentage 

Correct realization 238 82.93 45 83.3 45 73.7 

False realization 49 17.03 9 16 16 26.2 

sum 287 100 54 100 61 100 

 

NN2 Model: 

 The second designed model is again related to assumptions of our question with this difference that in 

expert model there is 4 layers network with 2 layer in the middle in which in the first layer there is 20 nodes and 

in the second node there is 15 nodes. 

Results from this model are shown in the table below: 

 
Table 3: Analysis for NN2 model. 

Classification Learning Test support 

Number of 

samples 

Percentage Number of 

samples 

Percentage Number of 

samples 

Percentage 

Correct realization 277 96.8 53 98.18 59 96.7 

False realization 10 3.48 1 1.85 2 3 

sum 287 100 54 100 61 100 

 

NN3 Model: 

 The NN3 model is designed with dynamic method. In this method first a simple model is designed and then 

with using middle layer we try to produce a better network. The result of modeling in the dynamic method is 

presented for all the three groups. Comparing the results with the prior one shows that although the accuracy has 

been declined but at the same time classification has been done in a good manner. All the results are presented 

in the table below: 

 
Table 4: analysis for NN3 model. 

Classification Learning Test support 

Number of 
samples 

Percentage Number of 
samples 

Percentage Number of 
samples 

Percentage 

Correct realization 243 84.6 49 90.4 51 83.6 

False realization 44 15.33 5 9.26 10 16.3 

sum 287 100 54 100 61 100 

 

NN4 Model: 

 The fourth model is done with use of multiple method. In this method multiple networks are selected and at 

the end the software will choose a network which has the lowest error. Using this model is time consuming 

because as we have mentioned before in this method parallel networks will be created. Results are shown in 

table below: 

 
Table 5: analysis for NN4 model. 

Classification Learning Test support 

Number of 

samples 

Percentage Number of 

samples 

Percentage Number of 

samples 

Percentage 

Correct realization 275 95.8 51 94.4 56 91.8 

False realization 12 4 3 5.56 5 8.2 

sum 287 100 54 100 61 100 

 

NN5 Model: 

 This model has been created by Prune method. In this method first a big network will be created and then 

with eliminating weaker units in the middle layer, the performance of the network will be improved.  
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Table 6: Analysis for NN5 model. 

Classification Learning Test support 

Number of 
samples 

Percentage Number of 
samples 

Percentage Number of 
samples 

Percentage 

Correct realization 199 69.3 47 87 42 68.8 

False realization 88 30 7 12.9 19 31.15 

sum 287 100 54 100 61 100 

 

NN6: 

 The last model is related to Exhaustive prune. In this model like prior models the consumed time is still 

high and the errors are presented in table below. In comparison to prior models, the error of categorization is 

high and the accuracy of categorization is low. 

 
Table 7: analysis for NN6 model. 

Classification Learning Test support 

Number of 

samples 

Percentage Number of 

samples 

Percentage Number of 

samples 

Percentage 

Correct realization 204 71 48 88 40 65 

False realization 83 28 6 11 21 34 

sum 287 100 54 100 61 100 

  

Investigation of Neural Models: 

 For better comparison of presented models, the accuracy of all models are presented in table below. 

Moreover, the error of classification is presented in the next table. 

 
Table 8: Accuracy of tested neural models. 

Model training test Validation 

NN1 82.9 83.3 73.7 

NN2 96.5 98.15 96.7 

NN3 84.6 90.7 83.6 

NN4 95.8 94.4 91.8 

NN5 69.3 87 68.5 

NN6 71.08 88.8 65.7 

 
Table 9: error of categorization of tested neural models. 

Model training test Validation 

NN1 17 16.6 26.3 

NN2 3.48 1.8 3.28 

NN3 15.3 9.2 16.3 

NN4 4.8 5.5 8.2 

NN5 30.6 12.9 31.5 

NN6 28.9 11.1 34.3 

 

These tables show us that the best results are for models NN2, NN3 and NN4. 

 

Categorization with Decision Tree: 

 In this section we have categorized data with decision tree. For this purpose we have designed several 

decision trees in Clementine software. For comparison of the models the accuracy of the models are presented in 

table below. And the errors are also presented in the following table. 

 
Table 10: Accuracy of models. 

Model training test Validation 

DT1 90.2 77.7 70.4 

DT2 100 83.3 73.7 

DT3 85.7 85.1 77 

 
Table 11: Error of models. 

Model training test Validation 

DT1 9.74 22.2 29.5 

DT2 0 16.6 26.3 

DT3 14.2 14.8 22.9 

 

Categorization with Use of K-Nearest Neighbor: 

 The estimation of this model has been done with use of Matlab software. For getting a proper K the data has 

been spit to 2 sub categories which are training and testing and the proportion was 70% to 30%. The algorithm 

has been tested on this set of data for different amount of K. the K has been replaced with different amount of 

between 1 and 20 and each time the accuracy has been measured.  
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 The algorithm of 3-nearest neighbors are has been developed in Matlab software and has been implemented 

in data for training, testing and validity which are shown below. 

 
Table 12: analysis for K-nearest neighbor. 

Classification Learning Test support 

Number of 

samples 

Percentage Number of 

samples 

Percentage Number of 

samples 

Percentage 

Correct realization 236 82.3 43 79.6 38 62.3 

False realization 51 17.7 11 20.3 23 37.7 

sum 287 100 54 100 61 100 

 

Conclusion: 

 According to given results recommendations are presented in two parts which are practical and for future 

researches. 

 Practical recommendations for banking system: Banks should evaluate their customers according to 

identified factors in this research before giving any loan. For developing validation methods, banks should 

design a data center for profiling people information about loans, their deposit status, credential risk indexes and 

their job status. Therefore we recommend banks to design central system of customers’ information. 

 Results of this research shows that neural network in comparison to other models has the most accuracy and 

efficiency. In this method the most important effective variable in categorizing customers is the collateral, 

therefore we recommend to banks to evaluate the collaterals of customers for more accuracy. 

Since this article has been done on customers of Shahr bank which were people, for future researches we 

recommend to do the same research for organizational customers.  

 In this research we have used 3 most important algorithms which are neural network, tree decision and K-

nearest neighbor. Therefore we can recommend to future researchers to use other models.  
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