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Abstract - When it comes to the area of finance, Credit Scoring has been regarded as one of the most important appraisal 
tools of institutions in the last few decades. A number of statistical models are being used for credit scoring using a lot many 
prediction techniques. In this paper, we propose an ensemble technique that aggregates a number of existing models such as 
Random Forests, Support Vector Machine (SVM), Logistic Regression and Artificial Neural Nets, in order to better predict 
credit scores and obtain a much higher accuracy rate than these individual techniques. A comparative analysis of various 
traditional models, as well as the aggregated model is also provided. 
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I. INTRODUCTION 
 
The recent exponential growth in the financial sector, 
arouses unprecedented attention of financial 
institutions on credit risk [1]. Predicting business 
failure, timely and correctly, is an important issue in 
financial decision-making [2]. 
With the growth in investor finance and awareness 
about debt culture, more and more people are moving 
towards debt options such as taking loans from banks. 
This has had a significant increase in the number of 
borrowers. With increase in the number of borrowers, 
the overhead of assessment of credit and debt history 
has become a cumbersome process and needs 
automation tools for the same. 
Credit evaluation is one of the most crucial processes 
in banks’ credit management decisions. This process 
includes collecting, analysing and classifying 
different credit elements and variables to assess the 
credit decisions. A key determinant of competition, 
survival and profitability in finance is the quality of 
bank loans [3]. 
Credit scoring has become one of the primary ways 
for financial institutions to assess credit risk, improve 
cash flow, reduce possible risks and make managerial 
decisions [4][1]. 
The purpose of credit scoring is to classify the 
applicants into two types: applicants with good credit 
and applicants with bad credit. Applicants with good 
credit have great possibility to repay financial 
obligation. Applicants with bad credit have high 
possibility of defaulting. The accuracy of credit 
scoring is critical to financial institutions’ 
profitability [1]. A small change in the accuracy of 
credit scoring of applicants with bad credit, even of 
the order of 1%, will decrease a great loss for 
financial institutions [5]. 
 
The benefits obtained developing a reliable credit 
scoring system are [6] [7] [8]: 
 reducing the cost of credit analysis; 

 enabling faster decision; 
 insuring credit collections and diminishing 

possible risk 
 
Credit scoring requires less information to make a 
decision, because credit scoring models have been 
estimated to include only those variables, which are 
statistically and/or significantly correlated with 
repayment performance; whereas judgmental 
decisions, prima facie, have no statistical significance 
and thus no variable reduction methods are available 
for them [16]. Credit scoring models attempt to 
correct the bias that would result from considering the 
repayment histories of only accepted applications and 
not all applications. They do this by assuming how 
rejected applications would have performed if they 
had been accepted. Judgmental methods are usually 
based on only the characteristics of those who were 
accepted, and who subsequently defaulted [16]. 
Credit scoring models consider the characteristics of 
good as well as bad payers, while, judgmental 
methods are generally biased towards awareness of 
bad payers only [3]. 
Evaluation of various credit scoring techniques has 
brought about the conclusion that none of these are 
completely accurate, and this demands new 
techniques to better predict the credit score. Although 
there are no consistent conclusions on which credit 
scoring techniques are better, recent studies suggest 
combining multiple classifiers, i.e., ensemble learning 
may have a better performance [1]. 
 
II. OVERVIEW OF TECHNIQUES 

 
A.Logistic Regression 
In retail banking, logistic regression is the most 
widely used method for classifying applicants into 
risk classes. The aim of the regression analysis for the 
binary outcome variable Yi (default and non-default) 
is the analysis of the probability πi = P(Yi = 1|xi) = 
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G(xi' β) with xi as a vector of explanatory  xi' = β0+ 
β1x1+ …+ βp xp as linear predictor [9]. 
Fensterstock [17] points out the following advantages 
in using logistic regression for the construction of 
models:  
 The generated model takes into account the 

correlation between variables, identifying 
relationships that would not be visible and 
eliminating redundant variables 

 It takes into account the variables individually 
and simultaneously 

 The user may check the sources of error and 
optimize the model. 

 
In the same text, the author further identifies some 
disadvantages of this technique: 
 In many cases preparation of the variables takes 

a long time 
 In the case of many variables the analyst must 

perform a pre-selection of the more important, 
based upon separate analyses 

 Some of the resulting models are difficult to 
implement. 

 
B. Support Vector Machines 
Support vector machines (SVMs) are a set of 
powerful supervised learning techniques used for 
classification and regression. Their basic principle is 
to construct a maximum-margin separating 
hyperplane in some transformed feature space. Rather 
than requiring one to specify the exact transformation 
though, they use the principle of kernel substitution to 
turn them into a general (nonlinear) model [10].  
 
C. Random forests 
Random forests are defined as a group of un-pruned 
classification or regression trees, trained on bootstrap 
samples of the training data using random feature 
selection in the process of tree generation. After a 
large number of trees have been generated, each tree 
votes for the most popular class. These tree voting 
procedures are collectively defined as random forests. 
For the Random Forests classification technique two 
parameters require tuning. These are the number of 
trees and the number of attributes used to grow each 
tree [10]. 
 
D. Neural networks (Multi-layer perceptron) 
Neural networks (NN) are mathematical 
representations modelled on the functionality of the 
human brain [11]. The added benefit of a NN is its 
flexibility in modelling virtually any non-linear 
association between input variables and target 
variable. Although various architectures have been 
proposed, our study focuses on probably the most 
widely used type of NN, i.e., the multilayer 
perceptron (MLP). A MLP is typically composed of 
an input layer (consisting of neurons for all input 
variables), a hidden layer (consisting of any number 

of hidden neurons), and an output layer (in our case, 
one neuron). Each neuron processes its inputs and 
transmits its output value to the neurons in the 
subsequent layer. Each such connection between 
neurons is assigned a weight during training [10]. 
 
An artificial neural network model processes certain 
characteristics and produces replies like those of the 
human brain. Artificial neural networks are 
developed using mathematical models in which the 
following suppositions are made [25]:  
 Processing of information takes place within the 

so-called neurons 
 Stimuli are transmitted by the neurons through 

connections 
 Each connection is associated to a weight which, 

in a standard neural network, multiplies itself 
upon receiving a stimulus 

 Each neuron contributes for the activation 
function (in general not linear) to determine the 
output stimulus (response of the network). 

 
E. Ensemble Learning 
To improve the performance of the single classifier 
approaches, the combination of multiple classifiers 
has been proposed in the field of machine learning 
[18][19][20][8]. Ensemble learning is the process by 
which multiple models, such as classifiers or experts, 
are strategically generated and combined to solve a 
particular computational intelligence problem. 
Ensemble learning is primarily used to improve the 
(classification, prediction, function approximation, 
etc.) performance of a model, or reduce the likelihood 
of an unfortunate selection of a poor one [21]. The 
multiple classifier systems are based on the 
combination of a pool of classifiers such that their 
fusion achieves higher performance than the stand-
alone classifiers. Hence, an ensemble of classifiers is 
a set of classifiers, whose individual classification 
decisions are combined in some way [22][8]. 
The main idea of the ensemble method is to combine 
a set of models, each of which solves the same 
original problem, in order to obtain a better 
composite model with more accurate and reliable 
estimates or decisions than what can be obtained from 
a single model [23][24]. 

 
F. Bagging 
Bagging (short for bootstrap aggregating) is one of 
the earliest ensemble learning algorithms [15]. It is 
also one of the most intuitive and simplest to 
implement, with a surprisingly good performance. 
Diversity in Bagging is obtained by using 
bootstrapped replicas of the training data: different 
training data subsets are randomly drawn—with 
replacement—from the entire training data. Each 
training data subset is used to train a different base 
learner of the same type [1]. 
Bagging is particularly appealing when the available 
data is of limited size. To ensure that there are 



International Journal of Management and Applied Science, ISSN: 2394-7926                                               Volume-3, Issue-12, Dec.-2017 
http://iraj.in 

Credit Scoring using Aggregation: An Empirical Study 
 

95 

sufficient training samples in each subset, relatively 
large portions of the samples (75–100%) are drawn 
into each subset. This causes individual training 
subsets to overlap significantly, with many of the 
same instances appearing in most subsets, and some 
instances appearing multiple times in a given subset. 
In order to ensure diversity under this scenario, a 
relatively unstable base learner is used so that 
sufficiently different decision boundaries can be 
obtained for small perturbations in different training 
datasets [1]. 
 
III. EXPERIMENTAL DESIGN 

 
A. Real World Credit Data Set 
The dataset, called German Credit dataset [12], 
provided by Prof. Hofmann in Hamburg is being used 
to evaluate the performance of our technique. The 
dataset is from UCI machine learning repository and 
have been widely used in credit scoring researches. It 
includes customer credit scoring data with 20 
features, such as age, gender, marital status, credit 
history records, job, account, loan purpose, other 
personal information, etc. There are 700 records 
judged to be credit worthy and 300 records judged to 
be credit unworthy and is a better data set than other 
open credit data as it is performance based vs. 
modeling the decision to grant a loan or not. The bad 
loans did not pay as intended. It is common in credit 
scoring to classify bad accounts as those which have 
ever had a 60 day delinquency or worse (in mortgage 
loans often 90 day plus is often used) [13]. In our 
experiment, the dataset was divided in ratio of 7:3 
randomly into two datasets - training dataset and 
testing dataset. The training dataset was used to build 
models and testing dataset was used to evaluate the 
prediction model. 

 
B. Evaluation Criteria 
The evaluation criteria for the experimental analysis 
is adopted from the established standard measure in 
the field of credit scoring, the area under the curve 
(AUC) of the Receiver Operating Characteristic 
(ROC) Curve plot between the True Positive Rate and 
the False Positive Rate. The AUC varies from 0 to 1, 
the latter indicating a better prediction. In a Receiver 
Operating Characteristic (ROC) curve the true 
positive rate (Sensitivity) is plotted in function of the 
false positive rate (100-Specificity) for different cut-
off points. Each point on the ROC curve represents a 
sensitivity/specificity pair corresponding to a 
particular decision threshold. A test with perfect 
discrimination (no overlap in the two distributions) 
has a ROC curve that passes through the upper left 
corner (100% sensitivity, 100% specificity). 
Therefore the closer the ROC curve is to the upper 
left corner, the higher the overall accuracy of the test 
[26]. 
ROC curves provide a comprehensive and visually 
attractive way to summarize the accuracy of 

predictions. They are widely applicable, regardless of 
the source of predictions. The field of ROC curves is 
by and large ignored during statistics education and 
training [14]. 

 
C. Experimental Procedure 
For our experiment, we segregated the dataset into 
training and testing data randomly in the ratio 7:3 
respectively. The study involved predictive training 
with four credit scoring techniques namely: Logistic 
Regression, Support Vector Machines (SVM), 
Random Forests and Artificial Neural Networks 
(ANN). On observation of the results of these 
individual techniques, it was found that ANN 
produces extremely efficient results at times but is 
inconsistent over multiple predictions on the same 
training and testing datasets. In order to deal with this 
problem, an ensemble learning technique called 
‘Bagging’ is used to produce a consistent result. 
Bagging [15] involves randomly generating new 
training sets by extracting subsets out of the given 
training set. Each new set is used to train exactly one 
classifier. These models were then used to predict the 
values in the test data. Since, no single technique can 
outperform others, mean of the predicted values were 
taken. We then plotted ROC Curves and calculated 
AUC for the four predicted values and their mean. 
This process of training and testing was conducted 
100 times and the mean of the results was taken. 
 
RESULTS AND ANALYSIS 
 
The described experiment was conducted on a system 
with Intel Core i3 2.13 GHz CPU and 4 GB RAM, 
using Windows 7 operating system. In the 
experiment, training and testing  are from a random 
70% and 30% split of the German Credit Dataset. 
For implementation of Random Forests, SVM and 
Neural Network, we used random Forest, e1071 and 
net packages available in R respectively. Since the 
training dataset is chosen randomly, to make the 
results consistent, we iterated the experiment 100 
times. For each iteration, algorithms were trained on 
the same training set and evaluated on the same 
testing set.  
Our goal in this study was to show the comparison 
between various credit scoring techniques as well as 
between an aggregated version of them.  Results of 
the study are presented in Table I. 

 
Table 1:Comparison of Credit scoring models 
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An observation for the results is that out of the 
individual techniques, Random Forests performs the 
best and the aggregated result is better than Random 
Forests by 0.83%. As already mentioned earlier, even 
1% of improvement decreases a great loss for 
financial institutions [5]. 
 
CONCLUSION 
 
The aim of this paper was to study various credit 
score mechanisms on the basis of accuracy and 
consistency, and thereby present advantages and 
pitfalls of these techniques. On the study of one of the 
most credible credit scoring data sets, i.e. German 
Credit Dataset, it was found that 4 techniques namely 
Logistic Regression, SVM, Neural Networks with 
Bagging and Random Forests produce consistent 
results. 
 
Moreover this paper proposes a new credit scoring 
mechanism by aggregating the above mentioned 
techniques by taking a simple mean of the predicted 
values of each individual technique.  Our experiments 
show that on an average of a 100 test cases, our 
proposed credit scoring method improves prediction 
by about 1%, which is a significant improvement in 
the said field.  
 
The aggregation was based on the premise that all the 
individual techniques hold equal weightage. Further 
studies can be carried out to assign weights to 
different credit scoring techniques and thereby 
aggregating using a weighted mean of the results 
predicted by each technique. Assigning these weights 
to the techniques is a major area of research which 
can be carried out by in depth study of these 
individual techniques. 
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