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ABSTRACT - Prediction of Bankruptcy is the most 
important task. The techniques to assist fraud 
investigators, for banks and other financial organizations, 
rely on machine learning algorithms. Proposing a 
predictive model for Fraud determination is however 
mainly exigent due to the highly distributed data and the 
availability of only few transactions labeled as fraud in 
overall transactions. To seek out whether the transaction 
is fraud on E-commerce websites, is role of prediction 
models. To find out such transaction can be treated as a 
sort of machine learning (ML) problem. Many researches 
use machine learning techniques to improve performance 
of prediction and classification accuracy. In this paper find 
classification methods that are helpful in building model 
for bankruptcy prediction. Further in this paper, a 
predictive model for improved bankruptcy based on new 
naïve bayes machine learning is proposed. New naïve 
bayes classifier is used for better accuracy. The dataset 
imported from UCI Machine Learning Repository. The 
results obtained shows that the predictive model has 
potential in determining fraud and minimizing the risk in 
e-commerce transactions. The paper directs about the 
future research in the field. 

Keywords - Bankruptcy, Bankruptcy Prediction, E-
commerce, Machine Learning, Financial Organization, 
Classification 

 
1. INTRODUCTION 

ankruptcy prediction has been an important and 
widely topic in accounting and finance because it’s 
significant impact on management, employees, 

stockholders, and nation. Accuracy is one of crucial 
performance due to its significant economic impact 
numerous statistical techniques have   been used for 
improving the performance of bankruptcy prediction 
models.  Bankruptcy prediction has become most 
important topic for researchers and companies by using 
various models. The artificial neural network, support 
vector machine and many machine learning algorithms 

are used for this purpose. Basically, there are two 
approaches to predict the companies bankruptcy: 
univariate analysis and multivariat analysis. Univariate 
analysis used to predict financial distress which is the 
distribution of financial variables for companies that 
experiencing financial distress is different from companies 
that don’t have financial distress. Deficiency of this model 
is contradiction between the predicted variables. To solve 
this problem, multivariate models was developed. The 
independent variables in this model are the financial 
ratios that expected to affect bankruptcy, while the 
dependent variable is the prediction results. But till now, 
little theoretical discussion only that leads to bankruptcy 
research, e.g. in the selection of variables that are 
considered relevant. With at least the theory, bankrupt 
prediction is more directed to the search for variables that 
are considered relevant to the trial and error methods 
[25]. Financial fraud is a growing concern with far reaching 
consequences in the government, corporate 
organizations, finance industry, In Today’s world high 
dependency on internet technology has enjoyed increased 
credit card transactions but credit card fraud had also 
accelerated as online and offline transaction. 

In this paper, different machine learning techniques are 
employed to predict bankruptcy. The support system can 
be utilized by stock holders and investors to predict the 
performance of a company based on the nature of risk 
associated. 
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Figure 1: Bankruptcy prediction model 
 

2. LITERATURE REVIEW 
There is a continuous attention in finding better methods 
to predict bankruptcy because many financial decisions 
can be made based on the result of such methods. The 
machine learning techniques are increasingly being 
developed to improve the prediction of bankruptcy. 
Author [28] tested six major ML algorithms for predicting 
bankruptcy which are Neural Networks, Decision Trees, 
Random Forests, Support Vector Machine, K-Nearest 
Neighbor and Logistic Regression. Random Forest, 
Decision Tree, and KNN were found to be the best 
techniques for such problem as they produced higher 
prediction accuracy. In [25], authors propose the 
implementation of Jordan Recurrent Neural Networks 
(JRNN) to classify and predict corporate bankruptcy based 
on financial ratios. Feedback inters connection in JRNN 
enable to make the network keep important information 
well allowing the network to work more effectively. The 
result analysis showed that JRNN works very well in 
bankruptcy prediction with average success rate of 
81.3785%.  Authors [26] said Machine Learning is 
important assistance, and many companies would use 
Neural Network, a model in bankruptcy prediction, as 
their guide to prevent potential failure. However, 
although Neural Networks can process a tremendous 
amount of attribute factors, it results in over fitting 
frequently when more statistics is taken in by using K-
Nearest Neighbor and Random Forest; Authors obtain 
better results from different perspectives. Author [26] 
testifies the optimal algorithm for bankruptcy calculation 
by comparing the results of the two methods. 
 
3. PROPOSED WORK 
3.1 Dataset  
The dataset was imported from UCI Machine Learning 
Repository [29]. The dataset consists of 64 calculated 
ratios which are obtained from the companies’ financial 
annual report, including profit and loss statement and 
income statement. The target value is categorical with 1 
means “bankrupt” and 0 for “non-bankrupt”. The data 
was also collected for surviving companies. The size of the 
files is different, as well as the percentage of the 
bankruptcy instances. For Example, year 1 consists of 5910 
instances while bankruptcy makes only 6.9% of the data.  

Table 1: Details of Dataset 

 
3.2 Preprocessing  
Raw data is highly susceptible to noise, missing values, 
and inconsistency. The quality of data affects the data 
mining results. In order to help improve the quality of the 
data and consequently, of the mining result raw data is 
pre-processing is one of the most critical steps in a data 
process which deals with the preparation and 
transformation of the initial dataset.  

3.3  Feature selection  
Feature selection is an essential step to create an accurate 
predictive model. There are four types of features: 
predictive, interacting, redundant and irrelevant [28]. 
Predictive features provide useful information to predict 
the target. Interacting features are useful only when 
combined with other features but not by themselves. 
Redundant Features are features that have a strong 
correlation with other features. Irrelevant features are 
useless and don’t provide any information to predict the 
target value. Thus, we try to identify those features in 
order to find the best subset that gives the best prediction 
results. Removing irrelevant and redundant features 
improve the prediction models by focusing only on the 
features that are correlated to the target value. This also 
leads to avoiding over fitting which makes the model 
limited to predict the testing set only but not instances 
that are new to the model. In this study, finding the most 
important features has an economic importance because 
companies can evaluate their performance by focusing on 
those features. There are different methods to identify 
the key features. Each method has its pros and cons, but 
we observed that each method identifies different 
features to be the most important. In this study, we tested 
three techniques and compared them based on the results 
of the prediction models.   

3.4 New Naïve bayes Algorithms: New naïve bayes 
algorithms used log probabilities. A log probability is 
simply the logarithm of a probability. The use of log 
probabilities means representing probabilities in 
logarithmic space, instead of the standard [0, 1] interval. 
In most machine learning tasks we actually formulate 
some probability p which should be maximized, here we 
would optimize the log probability log(p) instead of the 
probability for class θ. The use of log probabilities is 
widespread in several fields of computer science such as 
information theory and natural language processing etc.  
3.5 Proposed framework  
The framework proposed in this work is depicted in Figure 
2. The proposed framework for prediction works for each 
transaction and separates the transaction with high or low 
risk using the method proposed. The proposed predictive 
model can be further used to generate alerts for 
transaction with high risks. Investigators check these 
alerts and provide a feedback for each alert, i.e. true 

Dataset No. of 
Features 

Total 
Instances 

No. of 
Instances 
Bankrupt 

No. of 
Instance
s non-
bankrup
t 

bankru
ptcy 
data 

64 5910 410 5500 
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positive (fraud) or false positive (genuine). The proposed 
model uses suitable pre-processing, attributes selection 
techniques along with proposed new naïve bayes machine 
learning algorithm.  

 

 
Figure 2: Proposed Model for Credit Card Fraud 

Detection 
 
4. EXPERIMENTAL SETUP, METHODOLOGY 
4.1 Experimental Setup 
Weka 3.8.1 is used as DM tool for simulation purpose. 
Weka is installed over Windows 10 Operating System. For 
this research a state of art research dataset from UCI 
Machine Learning Repository [29] is used. Dataset 
description is presented in Table 1. 

4.2 Methodology   
The experiment methodology involves following steps:    

1. Preprocessing of Dataset:  In preprocessing step 
remove redundancy, missing values, and inconsistency of 
used raw dataset. In this experiment using “all filters” 
from weka preprocess window after that select best 
feature. 

2. Applying Feature selection: In feature selection 
steps applying the “CfsSubsetEval” evaluator and best first 
search from supervised attribute inweka preprocess 
window.  

3. Applying new naïve bayes classifier : In this 
classification phase used new naïve bayes classifer for 
classification. Two different classifiers like naïve bayes and 
J48 are used for compare result with spilt 60% data.  
        4. Evaluate result: After that evaluate the result on 
the basis of accuracy of the proposed model and error 
rate.  

4.3 Result Analysis 
The performance analysis is done on the basis of following 
metrics: Accuracy and Error rate. In this experiment new 
naïve bayes algorithm give 92.4704% accuracy and 
7.5296% of error rate. Two different classifier first naïve 

bayes gives 91.2437% accuracy and 8.75% of error rate. 
Another one J48 gives 92.0051% of accuracy and 7.99% of 
error rate.    

Classifier Accuracy(%) Error Rate(%) 

New Naïve Bayes 92.4704 7.52 

J48 92.0051 7.99 

Naïve Bayes 91.2437 8.75 
Table 2: Comparison Result 

 
Result Comparison Graph 

 
 
5. CONCLUSION & FUTURE WORK 
Prediction of bankruptcy is most important now days. This 
opens new confronts in the field of fraud detection and 
prevention, but prevention is of course better than 
detection. The simple techniques like database 
comparison and pattern matching are not enough for 
detecting such frauds because fraudulent transactions are 
rare within huge number of genuine transactions. So, 
Predictive models are of prime importance for banks to 
detect fraud. The proposed predictive model is compared 
with two other models. The proposed work is compared 
on basis of two functional metrics: accuracy and error rate 
proved to be better. The efforts shown that, proposed 
methods are more suitable for detecting frauds. In future, 
more efforts methods will be worked out to improve the 
Fraud Catching Rate. At the same time proposed 
predictive model would be integrated with live stream to 
find the online fraudulent transaction instantly. In future 
we intend to build up a cloud based ML application for 
detecting frauds in financial transactions done with cards. 
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