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ABSTRACT 

This study predicted the bankruptcy risk of companies listed in Japanese stock markets 
for the entire industry and individual industries using multiple discriminant analysis 
(MDA), artificial neural network (ANN), and support vector machine (SVM) and 
compared the methods to determine the best one. The financial statements of the 
companies listed in the Tokyo Stock Exchange in Japan were used as data. The data 
of 244 companies that went bankrupt between 1991 and 2015 were used. Additionally, 
the data of 64,708 companies that did not go bankrupt between 1991 and 2015 (24 
years) were used. The data was acquired from the Nikkei NEEDS database. It was 
found from the results of empirical analysis that the SVM is more accurate than the 
other models in predicting the bankruptcy risk of companies. In the ANN analysis and 
MDA, bankruptcy prediction could be made accurately only for some individual 
industries. In contrast, the SVM could predict the bankruptcy risk of companies almost 
perfectly for either entire and individual industries. This bankruptcy prediction model 
can help customers, investors, and financiers prevent losses by focusing on the 
financial indicators before finalizing transactions. 
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1. Introduction 
Bankruptcy is intricately related to the economic environment. When the economy is good, the number of bankrupt 
companies decreases, and when the economy is bad, the number of bankrupt companies increases. Thus, economic 
dynamics impact the rate of corporate bankruptcy. Naturally, this has been the case with the Japanese economy. When we 
look back on the history of the Japanese economy in the past 30 years, we observe that it recorded the highest rate (38,915 
yen) in the average history of the Tokyo Stock Exchange (TSE) in 1989, and the economy had been steady until that time. 
The business environment was at its best until this time; therefore, there were very few bankrupt companies. However, the 
Berlin Wall collapsed at the end of 1989, the Cold War ended, and a new era of world competition began. A new business 
environment emerged, and it became difficult to manage businesses. Between 1990 and 2000, during the 10 year Heisei 
recession, corporate bankruptcies did not increase in Japan; however, following the collapse of the bubble economy in 
2001, corporate bankruptcies increased due to bad debts of banks and the deflationary recession. After that, the Japanese 
economy recovered moderately, and the number of bankruptcies decreased. The Japanese economy gradually recovered 
and the number of bankruptcies decreased until the major recession in 2007 due to the subprime loan crisis, when the 
number began increasing again. After this subprime loan crisis, the Japanese economy stagnated for a while. Although the 
US default crisis occurred in October 2013, Japanese companies were not significantly affected, and bankruptcies did not 
increase. In recent years, the Japanese economy has been gradually recovering due to economic developments 
incorporating new services such as Fintech. Japanese companies have been improving their corporate performance and 
financial structure because of the depreciation of the yen and the gradual recovery of the overall economy. Compared with 
the internal reserves of companies at the end of FY2011 and at the end of FY2017 just before the second Abe 
administration was established, the internal reserves of companies were said to have increased by about 164 trillion yen. 
The internal reserve amount of the company has reached the maximum. On the other hand, the Japanese economy today 
is said to be a bubble whose collapse can occur at any time. The possibility that corporate bankruptcy will occur due to 
the collapse of the bubble is increasing. Although the number of bankruptcies has decreased, the likelihood of a company 
going bankrupt remains a highly important management subject. 

This study predicted the bankruptcy risk of companies listed in the Japanese stock markets for the entire industry and 
individual industries using the Multiple Discriminant Analysis (MDA), artificial neural networks (ANN), and support 
vector machines (SVM), and compared the methods to determine which method most accurately predicts bankruptcy risk. 
Bankruptcy prediction has drawn a lot of research interests in previous literature. A bankruptcy discrimination research 
was first conducted by Beaver (1966). Altman (1968) classified companies into groups using the MDA to distinguish 
between bankrupt and non-bankrupt companies, and further developed Beaver’s research. Deakin (1972) pointed out that 
most of such assumptions were not valid because the financial data are independent variables. Therefore, it can be inferred 
that statistical methods have limitations in achieving effectiveness and validity. Holland (1975) presented genetic 
algorithm (GA) in adaptation in natural and artificial systems. Ohlson (1980) employed first logistic regression. Odom and 
Sharda (1990) first applied ANN to bankruptcy prediction. Altman, Marco, and Varetto (1994) compared the accuracy of 
linear discriminant formula (LDA) and logit analysis (LA). Boritz and Kennedy (1995) compared ANN against traditional 
bankruptcy prediction techniques such as discriminant analysis, logit, and probit. Wilson and Sharda (1994)) demonstrated 
that the ANN performs significantly better than discriminant analysis at predicting firm bankruptcies. Zurada et al. (1994) 
showed that multilayer feedforward networks are often used for modeling complex relationships between the data sets. 
Back et al. (1996) focused on the MDA, LA, and GA. Jo and Han (1996) used the MDA, ANN, and case-based forecasting 
system. Jo, et al. (1997) used MDA and case-based forecasting to predict corporate bankruptcy. Barniv et al. (1997) used 
the ANN, multi-state ordered logit, and nonparametric multiple discriminant analysis (NPDA). Bell (1997) modeled 
regulator decision using LA and ANN. Zhang et al. (1999) presented a general framework for understanding the role of 
the ANN, and compared it with the LA. Cheng et al. (2006) combined the approaches of ANN learning and LA. Chung et 
al. (2008) utilized the MDA and ANN to create an insolvency predictive model in New Zealand. Tseng and Hu (2010) 
used LA, quadratic interval LA, backpropagation multi-layer perceptron (MLP), and radial basis function network 
(RBFN). Mohatab et al. (2011) used the ANN, GA and MDA in Iranian evidence. Jeong et al. (2012) suggested 
incorporating the generalized additive model (GAM) and GA into the ANN. Lee and Choi (2013) presented a multi-
industry investigation of the bankruptcy of Korean companies using back-propagation neural network (BNN) and 
compared BNN and the MDA. Kasgari et al. (2013) utilized the multilayer perceptron (MLP) of ANN, comparing it with 
a probit analysis. Iturriaga and Sanz (2015) developed a model of ANN that combines multilayer perceptrons and self-
organizing maps. Inthachot, et al. (2016) investigated the use of ANN and GA for predicting Thailand’s SET50 index 
trend. Cortes and Vapnik (1995) presented the support-vector network as a new learning machine for two-group 
classification problems. Vapnik (1998) introduced SVM in the book of statistical learning theory. This book has three 
parts, and support vector estimation is one part of this book. Weston et al. (1999) described how the SVM technique of 
solving linear operator equations can be applied to the problem of density estimation. Crammer and Singer (2001) used 
SVM on the algorithmic implementation of multiclass kernel. Chang and Lin (2001) have been actively developing an 
SVM package since the year 2000 to help users to easily apply SVM to their applications. Hsu and Lin (2002) presented 

79



International Journal of Industrial Engineering and Operations Management (IJIEOM) 
Volume. 1, No. 1, pp. 78-96, May 2019 

© IEOM Society International 

the decomposition method for solving SVM. Kim (2003) studied the feasibility of using SVM to predict the stock price 
index. Karatzoglou et al. (2004) presented an S4 Package for Kernel method in R. Min and Lee (2005) used SVM, and 
compared its performance with those of the MDA, LA, and three-layer fully connected back-propagation neural networks 
(BPN). Shin et al. (2005) showed that the proposed classifier of the SVM approach outperforms BPN. Min et al. (2006) 
have dealt with the integration of GA and SVM. Boyacioglu et al. (2009）applied ANN, SVM and multivariate statistical 
methods to bank failure in Turkish. Yang and Ji (2011) combined the partial least squares-based (PLS-based) feature 
selection with SVM for information fusion. Kim (2011) used MDA, LA, ANN, and SVM for hotel bankruptcy prediction. 
Chen, H.Y. (2011) applied particle swarm optimization (PSO) to obtain suitable parameter settings for SVM. Chen, M.Y. 
(2011) utilized the traditional statistical, Decision Tree and ANN in Taiwan Stock Exchange Corporation (TSEC) listed 
companies. Fatih (2013) utilized ANN and SVM in Turkish bank data. DONG et al. (2015) investigated the impact of data 
comparability on the performance of SVM models for credit scoring. Matsumaru et al. (2018) used the decision tree 
method and SVM for bankruptcy prediction on the entire industry and 11 industries in Japan stock market. 

In this research, the computer used to run all simulations was a PC (OS: Windows 10 Home Premium 64 bit) equipped 
with Intel (R) Core (TM) i5-8400 CPU@2.8 GHz and 8.0 GB memory. The software used to perform the simulation, 
predict, and conduct the overall study is the open source statistical software R version 3.5.1.  

 
2. Hypothesis Setting and Evaluation Criteria 

We propose three hypotheses as basic ideas to advance research, and take research methods to verify them. The first 
hypothesis is that forecasts can predict more accurately using many financial ratios than with fewer ones. The second 
hypothesis is that forecasts of one industry type as the entire industry without classification can be predicted more 
accurately than if classified into individual industries. The third hypothesis is that prediction using SVM can predict 
more accurately than prediction using other methods. The explanatory variable of the first hypothesis uses 23 financial 
ratios and 115 financial ratios. The 23 financial ratios are used the results obtained from previous studies by Koshika and  
Matsumaru et al. (2014). The 115 financial ratios are the number of results from collecting as many financial ratios as 
possible from the Nikkei NEEDS database. The financial statements of the listed companies in TSE are used as data. 
The data of 244 companies that went bankrupt between 1992 and 2015 are used. Additionally, the data of 64,708 
companies that did not go bankrupt between 1992 and 2015 are used. Both the 23 financial ratios and 115 financial ratios 
are listed in the Appendix.  

To verify the second hypothesis, two types of bankruptcy prediction are carried out: entire industry and individual 
industries. Individual industries were classified into 33 industries. The industry classification at this time is based on 
TOPIX Sector financial ratios. TOPIX Sector financial ratios list 33 industries that the TSE classified based on the 
business category classification set by the "Securities Code Council". Of the 33 industries, banks are excluded from this 
research because they are considered special compared to other industries. Of the 32 remaining industries, bankruptcy 
occurred in 22 industries, but bankruptcy did not occur in the remaining 10 industries. These industries are Fishery, 
Agriculture and Forestry, Pharmaceutical, Oil and Coal Products, Nonferrous Metals, Precision Instruments, Electric 
Power and Gas, Land Transportation, Marine Transportation, Securities, and Commodities Futures, Insurance. Of the 22 
industries, 10 industries with many bankrupt companies are handled as independent industries; specifically, Construction, 
Textiles and Apparels, Machinery, Electric Appliances, Information and Communication, Wholesale Trade, Retail 
Trade, Other Financing Business, Real Estate and Services. In the remaining 12 industries, there are few bankrupt 
companies, therefore, 31 bankrupt companies belonging to 12 industries are treated as one industry, named “other 
industry”. As a result, the number of industries contemplated in this study is 11. The relationship between the 11 
industries and the 244 bankrupt companies is as follows: The data of 244 bankrupt companies are classified under 11 
industries: construction industry (43 companies), real-estate industry (34 companies), services industry (20 companies), 
retail industry (19 companies), electrical equipment industry (17 companies), machinery industry (16 companies), 
wholesale industry (15 companies), other financial services industry (13 companies), textiles and apparels industry (9 
companies), information and telecommunications industry (8 companies), and other industries (31 companies). To verify 
the third hypothesis, three methods of MDA, ANN, and SVM are used. These three methods are described in the next 
chapter.  

The fitness function f used as evaluation criteria herein is expressed in Eq. (2.1). The fitness function is defined as the 
number of successes in the correct classification of bankrupt and non-bankrupt companies. This function utilizes the 
financial ratios of both correct and incorrect predictions:  

𝑓𝑓 =
𝑇𝑇𝑝𝑝 + 𝐹𝐹𝑛𝑛

𝑇𝑇𝑝𝑝+𝑇𝑇𝑛𝑛 + 𝐹𝐹𝑝𝑝 + 𝐹𝐹𝑛𝑛
 

 
 

 

(2.1) 
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In the above, true positive (𝑇𝑇𝑝𝑝) is the number of bankrupt companies that the rule rightly classifies as bankrupt, false 
positive (𝐹𝐹𝑝𝑝) is the number of non-bankrupt companies that the rule erroneously classifies as bankrupt, true negative (𝑇𝑇𝑛𝑛) 
is the number of non-bankrupt companies that the rule rightly classifies as non-bankrupt, and false negative (𝐹𝐹𝑛𝑛) is the 
number of bankrupt companies that the rule erroneously classifies as non-bankrupt.  Furthermore, the evaluation is also 
performed using the evaluation index such as the precision and the recall. In the case of two classifications of bankrupt 
companies and non-bankrupt companies, it is a 2 × 2 confusion matrix. The elements of this confusion matrix are 𝑇𝑇𝑝𝑝,  𝐹𝐹𝑝𝑝 
, 𝑇𝑇𝑛𝑛 and  𝐹𝐹𝑛𝑛.   The precision is defined as follows: 

The recall is defined as follows. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑝𝑝

𝑇𝑇𝑝𝑝 + 𝐹𝐹𝑛𝑛
  

 
The model performance is judged to be higher as the recall and the precision are higher. 

 
3. Theoretical Framework 

A brief description of each tool that is used in this study is given subsequently. 

3.1 Multiple discriminant analysis (MDA) 
The MDA can be used for selecting bankrupt companies using statistical theory to build a bankruptcy prediction model. 
The MDA is a model developed by Altman (1968) and is a method for making an objective judgment based on observed 
values of n variables. Classification is generally performed by a discriminant function in the form of a linear combination 
of independent variables. That is, in the linear discriminant function, such discrimination is performed on the basis of 
the linear form of n variables 𝑥𝑥1, 𝑥𝑥2,⋯.,𝑥𝑥𝑛𝑛. In the case of bankruptcy prediction analysis, the classification is binary and 
the linear discriminant function is as follows: 

      𝑧𝑧 = 𝑅𝑅1𝑥𝑥1 + 𝑅𝑅2𝑥𝑥2 + ⋯⋯+ 𝑅𝑅𝑖𝑖𝑥𝑥𝑖𝑖                            (3.1) 
where,   𝑧𝑧  represent a discriminant score,   𝑅𝑅𝑖𝑖 represent discriminant coefficients, and 𝑥𝑥𝑖𝑖 represent financial ratios (𝑖𝑖
= 1,2,⋯ ,𝑛𝑛).  

The discriminant coefficients are derived in such a way as to minimize the possibility of misclassification. The 
discriminant coefficients are derived by minimizing the ratio of between group and within-group variances. 
Use the discriminant scores to classify objects into the appropriate bankruptcy group (Group 1) and non-bankruptcy 
group (Group 0). 
 

3.2 Artificial neural networks (ANN) 

3.2.1 Outline of neural network 

The neural network is a problem optimization method modeling the neural circuit of the human brain. The neural network 
is trained with or without a teacher signal. A teacher signal is used when the solution is already known, as is the case 
here. No teacher signal is used to classify given arbitrary data. Additionally, it is classified as a hierarchical type and/or 
mutually coupled type network by the neuron connection method. With supervised signals, the hierarchical network 
approach is a perceptron, using the back-propagation algorithm. Basically, the perceptron is trained by providing the 
correct answer to the output layer as a teacher signal, and the error between the teacher signal and the output signal is 
calculated and back-propagated to modify the weights of the connections among neurons in a repetitive fashion until the 
algorithm is stopped. 

3.2.2 Bankruptcy discrimination model using ANN 

The bankruptcy discrimination model using ANN predicts bankruptcy if the value of the output layer is "1". In this 
research, the number of learning steps is 100,000, and a bankruptcy discrimination model is constructed using three 
layers: the input layer, the intermediate (hidden) layer, and the output layer; the model is trained using the 
backpropagation method. Neurons in the input layer receive/represent the financial ratios, and the number of neurons in 
the middle layer changes for each index number. The number of neurons in the output layer is 1. The output unit displays 
a true/false relationship (binary 1 for bankrupt, and 0 for non-bankrupt). Additionally, the ANN model uses variables. 
The number of neurons in the input layer is determined from among one to 23 of the number of financial ratios, based 
on the in-sample data and out of sample results. The indicator with the highest discrimination power and reliability is 

𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑖𝑖𝑃𝑃𝑖𝑖𝑃𝑃𝑛𝑛 =
𝑇𝑇𝑝𝑝

𝑇𝑇𝑝𝑝 + 𝐹𝐹𝑝𝑝
  

 
(2.2) 

(2.3) 
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determined; the ANN model is determined as well. A sigmoid function was used as the activation function for the 
computing neurons, and the open source statistical software R was used in numerical experiments.  
 
3.3 Support vector machines (SVM) 
 

An SVM, presented as machine learning by Vapnik (1998), is a data analysis method that mainly deals with classification 
and regression problems. An SVM is a high dimensional hypothesis space that can be linearly separated, and it can be 
understood as follows as it is a method that follows a linear approach. We define the training data sets as 
�𝑥𝑥1,𝑦𝑦1�, �𝑥𝑥2,𝑦𝑦2�,⋯⋯ , �𝑥𝑥𝑛𝑛,𝑦𝑦𝑛𝑛�, where 𝒙𝒙 = (𝑥𝑥1, 𝑥𝑥2,⋯⋯ , 𝑥𝑥𝑝𝑝)𝑇𝑇  is the feature vector of the individual and y is the 
objective variable that is a numerical value in the regression problem and it is the label of the class in the classification 
problem. The data consists of a pair of feature vectors 𝑥𝑥𝑖𝑖 ∈ 𝑹𝑹𝑛𝑛, 𝑖𝑖=1, 2, ⋯𝑅𝑅 and class 𝑦𝑦𝑖𝑖 ∈ {−1,1} . 𝒙𝒙𝑖𝑖 is the financial 
indicator of company i, such that 𝑦𝑦𝑖𝑖=-1 represents bankruptcy and 𝑦𝑦𝑖𝑖=1 indicates non-bankruptcy. For linear regression 
and linear discrimination problems, the following linear model is used: 

           y = 𝒘𝒘𝑇𝑇𝒙𝒙 + 𝑏𝑏     (3.2) 
Positive and negative samples are separated by the hyperplane 𝐻𝐻0: 𝒘𝒘𝑇𝑇𝒙𝒙+ 𝑏𝑏 = 0. 
SVM determines the coefficient that maximizes the margin, and performs discrimination as follows:   

y = � 1, if    𝒘𝒘𝑇𝑇𝒙𝒙 + 𝑏𝑏 ≥ 1
−1, if    𝒘𝒘𝑇𝑇𝒙𝒙 + 𝑏𝑏 ≤ −1

 
(3.3) 

 

The interval between the straight lines  𝒘𝒘𝑇𝑇𝒙𝒙 + 𝑏𝑏 = 1 and  𝒘𝒘𝑇𝑇𝒙𝒙 + 𝑏𝑏 = −1 is the margin M; maximizing the margin M is 
the problem of maximizing: 𝑀𝑀 = min ��𝑦𝑦𝑖𝑖�𝒘𝒘

𝑇𝑇𝑥𝑥𝑖𝑖+𝑏𝑏��
‖𝑤𝑤‖

� = 2
‖𝑊𝑊‖

. 
The maximization of the margin M is equal to the minimization of ‖𝑤𝑤‖; therefore, the SVM problem for obtaining 
hyperplane 𝐻𝐻0 that maximizes the margin is formulated as the following quadratic programming problem: 

Minimize     
1
2
𝒘𝒘𝑇𝑇𝒘𝒘     

Subject to   𝑦𝑦𝑖𝑖(𝒘𝒘𝑇𝑇𝑥𝑥𝑖𝑖 + 𝑏𝑏) ≥ 1; 𝑖𝑖 = 1,2,⋯ ,𝑛𝑛 

(3.4) 

If it is possible to convert the specimen data that cannot be linearly separated into another space that enables linear 
separation, then we can use an SVM so that the boundary between the groups becomes a hyperplane in the space of the 
conversion destination. Therefore, the space in which the original sample data exists is called the input space, and the 
space of the destination is called the feature space( ∅(𝑥𝑥𝑖𝑖)). After input sample 𝑥𝑥𝑖𝑖 is transformed into the sample in the 
feature space, the SVM can be applied to the sample because the sample is linearly separated in the feature space. 
Corresponding to Eq. (3.4), the discriminant hyperplane in feature space ∅(𝑥𝑥𝑖𝑖) becomes the optimal solution for the 
following minimization problem: 

Minimize     
1
2
𝒘𝒘𝑇𝑇𝒘𝒘       

Subject to   𝑦𝑦𝑖𝑖(𝒘𝒘𝑇𝑇∅(𝑥𝑥𝑖𝑖) + 𝑏𝑏) ≥ 1; 𝑖𝑖 = 1,2,⋯ ,𝑛𝑛 

(3.5) 

Relaxation variable 𝜀𝜀𝑖𝑖 ≥ 0(𝑖𝑖 = 1,2,⋯ ,𝑛𝑛) is introduced so that sample data that does not satisfy the constraint condition 
in Eq. (3.5) may exist. The constraint condition of Eq. (3.5) is relaxed as follows: 

        𝑦𝑦𝑖𝑖(𝒘𝒘𝑇𝑇∅(𝑥𝑥𝑖𝑖) + 𝑏𝑏) ≥ 1 − 𝜀𝜀𝑖𝑖                          (3.6) 

Under the relaxed constraints of Eq. (3.6), soft margin SVM is formulated as follows: 

  Minimize  
1
2
𝒘𝒘𝑇𝑇𝒘𝒘 + 𝐶𝐶�𝜀𝜀𝑖𝑖

𝑛𝑛

𝑖𝑖=1

 

  Subject to 𝑦𝑦𝑖𝑖(𝒘𝒘𝑇𝑇∅(𝑥𝑥𝑖𝑖) + 𝑏𝑏) ≥ 1 − 𝜀𝜀𝑖𝑖 
   𝜀𝜀𝑖𝑖 ≥ 0; 𝑖𝑖 = 1,2,⋯⋯ ,𝑛𝑛 

(3.7) 

 

Where, ∑ 𝜀𝜀𝑖𝑖𝑛𝑛
𝑖𝑖=1   is the upper limit value of sample data misclassified, and C (C ≥ 0) is a penalty. SVM has several 

improved forms, one of which is support measure machine (SMM) by the kernel method. SVM by the kernel method is 
a nonlinear classifier that is represented by a linear function using a kernel function. The purpose of the package kernlab 
is to provide the R user with a basic kernel functionality in the kernel-based methods. Package kernel is available from 
CRAN (https://cran.r-project.org/) under the GPL license. 
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Empirical analysis result 
4.1 Results and discussion 
4.1.1 Results of entire industries prediction 
 

The results of the entire industries prediction are shown in Table 1. In the table, 0 represents bankruptcy and 1 represents 
non-bankruptcy. Table 1 shows the table consisting of the fitness function f, and the confusion matrix which  
 
The results of the entire industries prediction are shown in Table 1. In the table, 0 represents bankruptcy and 1 represents 
non-bankruptcy. Table 1 shows the table consisting of the fitness function f, and the confusion matrix which have the 
elements of the numerical values of  𝑇𝑇𝑝𝑝 ,𝐹𝐹𝑝𝑝 ,𝑇𝑇𝑛𝑛 and  𝐹𝐹𝑛𝑛. In addition, the numerical values of  𝑇𝑇𝑝𝑝 ,𝐹𝐹𝑝𝑝 ,𝑇𝑇𝑛𝑛  and  𝐹𝐹𝑛𝑛 represent 
the number of companies.  
 

Table 1. Entire industries 

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 43  181  224  

99.38  

54  170  224  

99.27  
1 219  64489  64708  303  64405  64708  

% 
0 19.20  80.80  100.00  24.11  75.89  100.00  
1 0.34  99.66  100.00  0.47  99.53  100.00  

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  

Status 
0  0  224  224  

99.66 

73  151  224  

99.65 
1  0  64708  64708  78  64630  64708  

% 
0  0.00  100.00  100.00  32.59  67.41  100.00  
1  0.00  100.00  100.00  0.12  99.88  100.00  

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 219  5  224  

99.99  

167  57  224  

99.91  
1 0  64708  64708  0 64708 64708  

% 
0 99.77  2.23  100.00  74.55  25.45  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

 
It was found from the result that SVM predicts the bankrupt companies more accurately than MDA and ANN.  The 
values of the fitness function f, the precision and the recall, using MDA and ANN analysis are less than the values using 
SVM. From these results, the entire industry will be classified into individual industries subsequently, and research will 
be further advanced. 
  
4.1.2 Results of each industry prediction 
 

The results of each industry prediction are results are shown in Table 2–Table 12. The results of SVM using 23 financial 
ratios have already been predicted by Koshika and Matsumaru et al. (2018); however, because for the purpose of 
comparison with the results gotten from using ANN and MDA, they are included in the table. 
 
4.2 Discussion 
 

We conclude previously from the results of empirical analysis that the SVM is more accurate than the other models in 
predicting the bankruptcy risk of companies. Here, we discuss the results of empirical analysis using MDA, ANN and 
SVM of other countries in the world. It clearly states that Odom, M., and Sharda (1990) compared the prediction ability 
of both neural networks and discriminant analysis in data obtained from Moody's Industrial Manuals, and ANN is more 
accurate than MDA. Altman（1994）states that the networks have shown significant capacities for recognizing the 
health of companies, with results that are, in many cases, near or superior to the results obtained through discriminant 
analysis in the Italian data. Wilson and Sharda (1994) state that neural networks clearly outperformed discriminant 
analysis in prediction accuracy of both bankrupt and non-bankrupt firms under varying training and testing conditions in 
the sample obtained from Moody ’s Industrial Manuals. Boyacioglu et al. (2009）applied various neural network 
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techniques, support vector machines and multivariate statistical methods to the bank failure prediction problem in a 
Turkish case. In the category of neural networks, four different architectures namely multi-layer perceptron, competitive 
learning, self-organizing map and learning vector quantization are employed. The multivariate statistical methods; 
namely, multivariate discriminant analysis, k-means cluster analysis and logistic regression analysis are tested. Results 
show that multi-layer perceptron and learning vector quantization can predict accurately bank financial failures than the 
multivariate statistical methods. Mohatab et al. (2011) utilized three methods, ANN, GA, and MDA to predict financial 
health of companies quoted in Tehran Stock Exchange. The result showed that ANN model outperforms the other models 
captured by two other methods. Kim (2011) reported that the empirical results showed that ANN and SVM were very 
applicable models in bankruptcy prediction with data from Korean hotels and showed that ANN and SVM with their 
flexible modelling capability did provide more accurate estimates, leading to higher classification rates than other 
multivariate statistical methods. Chen, M.Y. (2011) suggests that the SVM could be a more suitable method than the 
traditional statistical, Decision Tree and ANN techniques, using data collected from 200 Taiwan Stock Exchange 
Corporation (TSEC) listed companies. Fatih (2013) concludes that both ANN and SVM were promising prediction 
models as they have achieved over 85% validation prediction performance in the Turkish case. As we have seen above, 
in the results of empirical analysis using MDA, ANN and SVM around the world, SVM is more likely precisely than 
other models in predicting bankruptcy risk in a company, similar to the result of this paper. It can be said that it is an 
accurate bankruptcy forecasting method. 
 

This research predicted the bankruptcy risk of all the industries and individual industries using MDA, ANN, and SVM. 
We conclude from the results of empirical analysis that the SVM is more accurate than the other models in predicting 
the bankruptcy risk of companies. We discuss here that the results of empirical analysis are dependent on theoretical 
advantages of SVM than the methodology of MDA and ANN, not data samples. We would like to say that SVM is a 
better way to predict bankruptcy than MDA and ANN. In other words, we discuss the advantages of SVM and the 
disadvantages of MDA and ANN. Regarding the disadvantage of MDA, MDA has the disadvantage that it can’t 
discriminate bankrupt companies and non-bankrupt companies close to boundaries classified by linear discriminant 
functions because it is linear. SVM overcomes the disadvantages of MDA. SVM does not use data of companies that are 
far from the boundary and that are clearly identified as bankruptcy or non-bankruptcy, that is, SVM use only the support 
vector and performs classification. On the other hand, The MDA uses data of all companies including the data that are 
far from the boundary. The MDA is a theory that calculates the ratio that minimizes the intra-group variation (variance) 
with the inter-group variation (variance) at a maximum, and calculates the discrimination coefficient so that the ratio is 
maximized. The MDA is influenced by the value of company data that is far from the boundary. Therefore, The MDA 
has the disadvantage that misclassification becomes large. On the other hand, the SVM can clearly distinguish between 
bankrupt and non-bankrupt companies, even for companies close to the border. The reason is that classification is 
performed using only data near the boundaries, that is, support vectors. In other words, SVM does not use data of 
companies that are clearly identified as bankruptcy or non-bankruptcy, and performs classification. The SVM calculates 
the discrimination coefficient by setting the distance between the boundary and the data, that is, the condition that the 
boundary line and the data should be as far apart as possible, in other words, to maximize the margin M. Therefore, the 
SVM can prevent erroneous determination. The maximization of the margin M is equal to the minimization of ‖𝑤𝑤‖. 
Therefore, soft margin SVM is formulated into Eq. (3.7) under the relaxed constraints of Eq. (3.6). The soft margin SVM 
is formulated in consideration of the condition that the boundary line and the data should be as far apart as possible, and 
the condition that the number of erroneous determinations should be as small as possible. To be specific, it is formulated 
such that the sum of the first term,  1

2
𝑤𝑤𝑇𝑇𝑤𝑤, and the second term, ∑ 𝜀𝜀𝑖𝑖𝑛𝑛

𝑖𝑖=1 , are minimized. At this time, C (C ≥ 0) is 
introduced as a penalty. Here, the parameter "C" is a parameter representing "to what extent erroneous determination is 
allowed". If the parameter C is large, it means that misclassification is never permitted. In the case of this study, as 
described later, C = 10 showed good prediction results. Most of SVM related packages use this soft margin SVM as a 
standard SVM approach. 
 

Table 1 showed the table consisting of the fitness function f, and the confusion matrix which have the elements of the 
numerical values of  𝑇𝑇𝑝𝑝, 𝐹𝐹𝑝𝑝,  𝑇𝑇𝑛𝑛  and  𝐹𝐹𝑛𝑛 for entire industry prediction. At first, we evaluate the model. Basically, it is 
important that the model predict precisely the bankruptcy company as the bankruptcy and no-bankruptcy company as 
the non-bankruptcy precisely. From such a point of view, we focus on  𝑇𝑇𝑝𝑝  and  𝑇𝑇𝑛𝑛  among  𝑇𝑇𝑝𝑝, 𝑇𝑇𝑛𝑛,  𝐹𝐹𝑝𝑝 and 𝐹𝐹𝑛𝑛.  𝑇𝑇𝑝𝑝 is the 
number of bankrupt companies that the rule precisely predicts as bankrupt, and 𝐹𝐹𝑛𝑛 is the number of non-bankrupt 
companies that the rule precisely predicts as non-bankrupt.  Using the MDA,  𝑇𝑇𝑝𝑝 is 19.20 % and  𝑇𝑇𝑛𝑛 is 99.66 % for 23 
financial ratios, while  𝑇𝑇𝑝𝑝 is 24.11 % and   𝑇𝑇𝑛𝑛 is 99.53 % for 115 financial ratios.  
 

Using the ANN,  𝑇𝑇𝑝𝑝 is 0.00% and  𝑇𝑇𝑛𝑛 is 100.00% for 23 financial ratios, while   𝑇𝑇𝑝𝑝  is 32.59% and  𝑇𝑇𝑛𝑛  is 99.88% for 115 
financial ratios. Using the SVM,  𝑇𝑇𝑝𝑝 is 97.77 % and  𝑇𝑇𝑛𝑛 is 100.00 % for 23 financial ratios, while  𝑇𝑇𝑝𝑝 is 74.55 % and 𝑇𝑇𝑛𝑛 
is 100.00% for 115 financial ratios. These results indicate that the SVM can predict bankrupt companies precisely and is 
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more accurate than the MDA and ANN models in predicting the bankruptcy risk of the entire industry. These results 
indicate that the SVM can predict bankrupt companies precisely and is more accurate than the MDA and ANN models 
in predicting the bankruptcy risk of the entire industry.  
 

Tables 2 to 12 show the result of individual industry prediction. It is conclusion that the results in predicting individual 
industry bankruptcy indicate that the SVM can predict bankrupt companies precisely, and more accurately than the MDA 
and ANN models. The result showed that the SVM predicts with 100.00 % accuracy regarding 𝑇𝑇𝑝𝑝 ,𝑇𝑇𝑛𝑛,  and f for 10 
industries, except the wholesale industry when 23 financial ratios are used. The result of the wholesale industry showed 
that 𝑇𝑇𝑝𝑝 is 92.86 % and 𝑇𝑇𝑛𝑛 is 100.00 %, and f is 99.98%. However, when 115 financial ratios are used, the prediction 
accuracy declines than using 23 financial ratios.  
 

That is, 𝑇𝑇𝑝𝑝  is 100.00 % in the construction, real estate, service, other financing business and information and 
telecommunication industries. However, 𝑇𝑇𝑝𝑝 is 89.47 % for retail trade, 94.12 % for electrical appliances, 93.75 % for 
machinery, 71.43 % for wholesale trade, 88.89 % for textile and apparels, and 90.32 % for other industries.  
 

Therefore, we can say that the SVM using 23 financial ratios can predict the bankruptcy risk of companies more precisely 
than when using 115 financial ratios.  
 

Let's look at the results when we use MDA. In the 23 financial ratios, that 𝑇𝑇𝑝𝑝 equal 100.00 % is no result in any industries, 
and that 𝑇𝑇𝑛𝑛 equal 100.00 % is only other fining business. In the 115 financial ratios, that 𝑇𝑇𝑝𝑝 equal 100.00 % are real estate 
and other fining business. That 𝑇𝑇𝑛𝑛  equal 100.00 % are real estate, other fining business, and information and 
telecommunication. Let's look at the results when we use ANN next. In the 23 financial ratios, that 𝑇𝑇𝑝𝑝 equal 100.00 % is 
only other fining business. That 𝑇𝑇𝑛𝑛 equal 100.00 % are service, real trade, electric appliances, machinery whole trade, 
other financing business, textile apparels, and other industry. In the 115 financial ratios, that 𝑇𝑇𝑝𝑝 equal 100.00 % is no 
result in any industries. That 𝑇𝑇𝑛𝑛 equal 100.00 % are information and telecommunication, and other industry. 
 

The result suggests that the SVM is also more accurate than the MDA and ANN models in predicting the bankruptcy 
risk for individual industries and the entire industry classification. Furthermore, the precision of prediction for individual 
industry classification is better than that for the entire industry, and SVM case of using 23 financial ratios is the best 
model to predict the bankruptcy risk of companies. 
 

The precision and recall for the entire industries are shown in Table 13. The result clearly shows that SVM predicts the 
bankrupt companies more accurately than MDA and ANN on the precision and recall in case of using 23 financial ratios 
and 115 financial ratios. 
 

Table 13. Precision and recall for the entire industries (unit:%) 

Industry Methodology 23 financial ratios 115 financial ratios 
Precision Recall Precision Recall 

Entire 
MDA 16.41 19.20 15.13 24.11 
ANN - 0.00 48.34 32.59 
SVM 100.00 99.77 100.00 74.55 

 
The Precision and recall for the individual industry are shown in Table 14. The result clearly shows that SVM predicts 
the bankrupt companies more accurately than MDA and ANN on the precision and recall, in case of using 23 financial 
ratios and 115 financial ratios, as the same as the entire industries. Comparing precision and recall of 23 financial ratios 
and 115 financial ratios, 115 financial ratios showed higher value than 23 financial ratios. By industry, ANN showed 
high value on the precision and recall in real estate and other financial businesses.  This may be related to the number of 
samples and the number of financial ratios, as described later in the discussion about ANN of Table 16. From now on, a 
more detailed approach will be needed to solve this reason. 
 
Table 15 shows the results of the learning data (85%), the test data (15%), and the total of these data using ANN. When 
bankruptcy prediction is performed using the ANN, the search range of the number of neurons in the middle layer and 
the learning coefficient is pre-set. Learning data (85%) and test data (15%) are randomly generated for all combinations 
of neuron numbers and learning coefficient, a neural network model is constructed, and the discrimination ratio is 
calculated. In consideration of the difference in the discrimination accuracy rate by data set, the aforementioned data 
creation and learning were performed 10 times, and the average value of the discrimination rate was calculated. For 
example, we would like to show the result of the other financing business using 23 financial ratios. The empirical results 
from Table 1 to Table 12 using 23 financial ratios and 115 financial ratios are shown; specifically, the results that are the 
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total of the results of the learning data (85%) and the test data (15%). Therefore, the value of Table 9 using 23 financial 
ratios is the same as Table 15; the other industry is also similarly exhibited.     
  

Table 14. Precision and recall for individual industry (unit:%) 

Industry Methodology 
23 financial ratios 115 financial ratios 

Precision Recall Precision Recall 

Construction  
MDA 26.83 25.58 40.00 37.21 
ANN 68.75 25.58 91.18 72.09 
SVM 100.00 100.00 100.00 100.00 

Real estate  
MDA 90.32 82.35 100.00 100.00 
ANN 96.97 94.12 97.06 97.06 
SVM 100.00 100.00 100.00 100.00 

Services 
MDA 47.37 45.00 78.57 55.00 
ANN 100.00 55.00 100.00 85.00 
SVM 100.00 100.00 100.00 100.00 

Retail trade 
MDA 16.00 21.05 26.92 36.84 
ANN - 0.00 77.78 73.68 
SVM 100.00 100.00 100.00 89.47 

Electric appliances  
MDA 17.39 23.53 36.36 23.53 
ANN - 0.00 60.00 0.03 
SVM 100.00 100.00 100.00 94.12 

Machinery  
MDA 14.29 37.50 28.00 43.75 
ANN - 0.00 75.00 75.00 
SVM 100.00 100.00 100.00 93.75 

Wholesale trade 
MDA 15.63 35.71 25.00 50.00 
ANN - 0.00 88.89 57.14 
SVM 100.00 92.86 100.00 71.45 

Other financing business 
MDA 100.00 35.71 100.00 100.00 
ANN 100.00 100.00 100.00 92.31 
SVM 100.00 100.00 100.00 100.00 

Textile and apparels  
MDA 6.67 11.11 21.74 55.56 
ANN - 0.00 87.50 77.78 
SVM 100.00 100.00 100.00 88.89 

Information and telecommunication  
MDA 38.46 62.50 100.00 75.00 
ANN 57.14 50.00 - 0.00 
SVM 100.00 100.00 100.00 100.00 

Other  
MDA 8.51 25.81 9.09 29.03 
ANN - 0.00 - 0.00 
SVM 100.00 100.00 100.00 90.32 

  
Table 15. Other financing business using 23 financial ratios 

Condition 
Learning data (85%) Test data (15%) Total 

Status Total % Status Total % Status Total % 0 1 0 1 0 1 

Status 0         12   0 12 

100.00 

1 0 1 

100.00 

13 0 13 

100.00 1          0 434 434 0 78 78 0 512 512 

% 0  100.00 0.00 100.00 100.00 0.00 100.00 100.00 0.00 100.00 
1      0.00 100.00 100.00 0.00 100.00 100.00 0.00 100.00 100.00 

 
Table 16 shows the results of 𝑇𝑇𝑝𝑝 and 𝑇𝑇𝑛𝑛 using 23 financial ratios and 115 financial ratios in the ANN. It suggests that 
𝑇𝑇𝑝𝑝 in the real the estate industry and the other financing business can accurately predict bankruptcy in either the case of 
23 financial ratios or 115 financial ratios. One reason for this is that the number of samples in both industries is small, 
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compared to the number of samples in other industries. In other industries, the number of samples is large, ranging from 
2,419 to 25,945. On the other hand, the number of samples is 761 in the real estate industry (34 for bankrupt companies 
and 727 for non-bankrupt companies), and 525 in the other financing business (13 for bankrupt companies and 512 for 
non-bankrupt companies). As a result, it can be said that the ANN can predict bankruptcy accurately in cases with small 
numbers of samples. Conversely, the prediction accuracy of the ANN diminishes in cases with large numbers of samples 
in this study. However, based on the results of this study, it may not be judicious to come to the above conclusion. In 
other words, rather than suggest a shortcoming of the ANN, it may actually suggest that the balance between the number 
of samples and the number of financial indicators used is important. Furthermore, the value of 𝐹𝐹𝑛𝑛 in all the industries 
shows that 23 financial ratios and 115 financial ratios can accurately predict non-bankrupt companies. On the other hand, 
characteristic results were obtained in six industries: retail trade, electrical appliances, machinery, wholesale trade, textile 
and apparels, and other industries. That is, 𝑇𝑇𝑝𝑝 using 23 financial ratios is 0%. However, 𝑇𝑇𝑛𝑛 in both 23 and 115 financial 
ratios was almost 100.00%. This result shows that ANN can predict non-bankable companies accurately, but can’t predict 
bankrupt companies accurately. To predict accurately the bankruptcy companies needs further refinement. 
 

Table 16. Comparison of 23 financial ratios and 115 financial ratios using test data in ANN      (unit: %) 

Industry 
23 financial ratios 115 indices ratios 

Tp Tn Tp Tn 
Construction 25.58 99.87 72.09 99.92 
Real estate 94.12 99.86 97.06 99.86 
Services 55.00 100.00 85.00 100.00 
Retail trade 0.00 100.00 73.68 99.92 
Electric appliances 0.00 100.00 0.03 97.97 
Machinery 0.00 100.00 75.00 99.93 
Wholesale trade 0.00 100.00 57.14 99.98 
Other financing business 100.00 100.00 92.31 100.00 
Textile and apparels 0.00 100.00 77.78 99.96 
Information and telecommunication 50.00 99.93 0.00 100.00 
Other 0.00 100.00 90.32 100.00 

 
Table 17 shows that the results of default kernels for the construction industry using 115 financial ratios as example. The 
SVM prediction of bankruptcy was conducted using the default kernel in the open source statistical software R. SVM 
predicted bankruptcy almost perfectly for the entire industries as well as for individual industries. In order to investigate 
the generalization ability of the model, we use the Gaussian radial basis kernel function and the Laplace radial basis 
kernel function; the cross was set to 5 and 10, penalty C was set to 10, and a 10-fold cross validation was performed. The 
default kernel in the open source statistical software R was kernel = rbfdot, kernel = polydot and kernel = laplacedot. As 
example, we use the various combinations of the kernel function, cross, and penalty. Table 17 shows the result of the 
combination of kernel = rbfdot, C = 1, cross = 5, the combination of kernel = rbfdot, C=10, and cross=5, and the 
combination of kernel = laplacedot, C = 10, and cross = 5 in the construction industry using 115 financial ratios. The 
combination of kernel = laplacedot, C = 10, and cross = 5 was almost perfectly predictable, even in industries other than 
the other combination, and this combination predicts bankruptcy risk with nearly perfect accuracy in entire industries 
and individual industries. To sum it up, it turns out that this combination of kernel, C and cross is the best. Thus, the 
results of the empirical analyses in Table 1 to Table 12 using both the 23 and 115 financial ratios show only this 
combination.  
 

Table 17. Results of default kernels for the construction industry using 115 financial ratios 

Condition 
Kernel = rbfdot, C = 1, cross = 5 Kernel = rbfdot, C = 10, cross = 5 Kernel = laplacedot, C = 10, cross = 5 

Status Total % Status Total % Status Total % 0 1 0 1 0 1 

Status 0 30  13 43  

99.67  

36  7  43  

99.82  

43  0  43  

100.00  
1 0  3890  3890  0  3890  3890  0  3890  3890  

% 
0  69.77  30.23  100.00  83.72  16.28 100.00  100.00  0.00  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  0.00  100.00  100.00  

 
5. Conclusion 
 

This study predicted the bankruptcy risk of companies listed in the Japanese stock markets based on the entire industry 
and on individual industries using the MDA, ANN, and SVM, and compared the methods to determine the best method 
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for predicting bankrupt companies. Initially, this study predicted the bankruptcy of all industries using the three methods 
without separating the entire industry into individual industries. However, it was impossible to predict bankruptcies 
accurately with the MDA and ANN. Therefore, we decided to classify the entire industry into 11 industries. Three 
hypotheses as basic ideas to advance research were initially proposed, and took research methods to verify them. The 
first hypothesis is adopted when the MDA and ANN were used; however, the hypothesis is rejected in the SVM. That 
is, the MDA and ANN can predict precisely using many financial ratios, but SVM can predict precisely using fewer 
financial ratios. Similarly, the second hypothesis is rejected; that is, predicting the bankruptcy risk for one industry type 
as the entire industry without classification does not result in better accuracy than when it is done with classification. 
The third hypothesis is adopted by SVM: SVM can predict more accurately than the MDA and ANN. 
 

We conclude from the results of empirical analysis that the SVM is more accurate than the other models in predicting 
the bankruptcy risk of companies. In the MDA and ANN analysis, bankruptcy prediction could be made accurately only 
for some individual industries. In contrast, the SVM could predict bankruptcy in companies almost perfectly for either 
the entire industry and individual industries. This bankruptcy prediction system will assist stakeholders to improve 
business situations by paying attention to these financial ratios. In future research, we would like to compare additional 
methods such as Xgboost and logistic regression to determine which is the best method to predict bankrupt companies. 
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Appendix A 

 
Table A. 115 financial ratios (1) 

Financial index Variable Financial index Variable 
Added value 𝒙𝒙𝟏𝟏 Management capital 𝒙𝒙𝟐𝟐 
Working capital 1 𝒙𝒙𝟑𝟑 Working capital 2 𝒙𝒙𝟒𝟒 
Business profit 𝒙𝒙𝟓𝟓 Current assets 𝒙𝒙𝟔𝟔 
Interest-bearing debt 𝒙𝒙𝟕𝟕 Current revenue 𝒙𝒙𝟖𝟖 
Current expenditure 𝒙𝒙𝟗𝟗 Real cash flow 𝒙𝒙𝟏𝟏𝟏𝟏 
Capacity asset 𝒙𝒙𝟏𝟏𝟏𝟏 Earnings before interest and taxes 𝒙𝒙𝟏𝟏𝟐𝟐 
Earnings before interest and taxes, 
depreciation and amortization 𝒙𝒙𝟏𝟏𝟑𝟑 Total capital operating profit margin 𝒙𝒙𝟏𝟏𝟒𝟒 

Total capital ordinary income ratio 𝒙𝒙𝟏𝟏𝟓𝟓 Return on asset (ROA) 𝒙𝒙𝟏𝟏𝟔𝟔 
Return on equity (ROE) 𝒙𝒙𝟏𝟏𝟕𝟕 Ordinary profit ratio of equity capital 𝒙𝒙𝟏𝟏𝟖𝟖 
Operating capital operating profit margin 𝒙𝒙𝟏𝟏𝟗𝟗 Total capital project profit margin 𝒙𝒙𝟐𝟐𝟏𝟏 
Total capital non-operating income 𝒙𝒙𝟐𝟐𝟏𝟏 Total capital internal reserve margin 𝒙𝒙𝟐𝟐𝟐𝟐 
Interest-bearing debt average interest rate 𝒙𝒙𝟐𝟐𝟑𝟑 Ratio of gross profits to sales 𝒙𝒙𝟐𝟐𝟒𝟒 
Ratio of operating profit to sales 𝒙𝒙𝟐𝟐𝟓𝟓 Ratio of ordinary profit to assets 𝒙𝒙𝟐𝟐𝟔𝟔 
Ratio of pre-tax profit to sales 𝒙𝒙𝟐𝟐𝟕𝟕 Ratio of net income to sale 𝒙𝒙𝟐𝟐𝟖𝟖 
Ratio of non-operating income to sales 𝒙𝒙𝟐𝟐𝟗𝟗 Ratio of depreciation to sales 𝒙𝒙𝟑𝟑𝟏𝟏 
Interest-bearing debt monthly sales ratio 𝒙𝒙𝟑𝟑𝟏𝟏 Current account ratio 𝒙𝒙𝟑𝟑𝟐𝟐 
Finance cost ratio  𝒙𝒙𝟑𝟑𝟑𝟑 Ratio of operating expense to sales 𝒙𝒙𝟑𝟑𝟒𝟒 
Ratio of financial account balance to sales 𝒙𝒙𝟑𝟑𝟓𝟓 Ratio of non-operating expenses to sales 𝒙𝒙𝟑𝟑𝟔𝟔 
Total asset turnover period 𝒙𝒙𝟑𝟑𝟕𝟕 Current asset turnover period 𝒙𝒙𝟑𝟑𝟖𝟖 
Fixed asset turnover period 𝒙𝒙𝟑𝟑𝟗𝟗 Tangible fixed asset turnover period 𝒙𝒙𝟒𝟒𝟏𝟏 
Total assets working capital ratio 1 𝒙𝒙𝟒𝟒𝟏𝟏 Total assets working capital ratio 2 𝒙𝒙𝟒𝟒𝟐𝟐 
Purchase turnover period 𝒙𝒙𝟒𝟒𝟑𝟑 Sales debt turnover period 𝒙𝒙𝟒𝟒𝟒𝟒 
Inventory assets turnover period 1 𝒙𝒙𝟒𝟒𝟓𝟓 Inventory assets turnover period 2 𝒙𝒙𝟒𝟒𝟔𝟔 
Commodity turnover period  𝒙𝒙𝟒𝟒𝟕𝟕 Ratio of total assets Interest-bearing debt 𝒙𝒙𝟒𝟒𝟖𝟖 
Current ratio 𝒙𝒙𝟒𝟒𝟗𝟗 Quick ratio 𝒙𝒙𝟓𝟓𝟏𝟏 
Accounts receivable-to-purchase debt 𝒙𝒙𝟓𝟓𝟏𝟏 Defensive interval 𝒙𝒙𝟓𝟓𝟐𝟐 
Cache interval 𝒙𝒙𝟓𝟓𝟑𝟑 Debt ratio 𝒙𝒙𝟓𝟓𝟒𝟒 
Interest-bearing debt ratio 𝒙𝒙𝟓𝟓𝟓𝟓 Interest coverage 𝒙𝒙𝟓𝟓𝟔𝟔 
Ratio of fixed assets to long-term capital 𝒙𝒙𝟓𝟓𝟕𝟕 Fixed ratio 𝒙𝒙𝟓𝟓𝟖𝟖 
Interest-bearing debt increase rate 𝒙𝒙𝟓𝟓𝟗𝟗 Borrowing dependence 𝒙𝒙𝟔𝟔𝟏𝟏 
Debt rotation period 𝒙𝒙𝟔𝟔𝟏𝟏 Fixed liability rotation period 𝒙𝒙𝟔𝟔𝟐𝟐 
Current liability rotation period 𝒙𝒙𝟔𝟔𝟑𝟑 Capital adequacy ratio 𝒙𝒙𝟔𝟔𝟒𝟒 

 

Table A. 115 financial ratios (2) 
Financial leverage 𝒙𝒙𝟔𝟔𝟓𝟓 Short-term borrowing rotation period 𝒙𝒙𝟔𝟔𝟔𝟔 
Cash deposit monthly commerce ratio 𝒙𝒙𝟔𝟔𝟕𝟕 Cash on hand deposit 𝒙𝒙𝟔𝟔𝟖𝟖 
Debt repayment years 1 𝒙𝒙𝟔𝟔𝟗𝟗 Debt return years 2 𝒙𝒙𝟕𝟕𝟏𝟏 
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Debt return years 3 𝒙𝒙𝟕𝟕𝟏𝟏 Long-term debt repayment years 𝒙𝒙𝟕𝟕𝟐𝟐 
Loan Month quotient ratio 𝒙𝒙𝟕𝟕𝟑𝟑 Deb capacity ratio 𝒙𝒙𝟕𝟕𝟒𝟒 
Cash Conversion Cycle 1 𝒙𝒙𝟕𝟕𝟓𝟓 Cash conversion cycle 2 𝒙𝒙𝟕𝟕𝟔𝟔 
Interest rate 𝒙𝒙𝟕𝟕𝟕𝟕 Labor productivity 1 𝒙𝒙𝟕𝟕𝟖𝟖 
Labor productivity 2 𝒙𝒙𝟕𝟕𝟗𝟗 Capital investment efficiency 1 𝒙𝒙𝟖𝟖𝟏𝟏 
Capital investment efficiency 2 𝒙𝒙𝟖𝟖𝟏𝟏 Labor distribution rate 𝒙𝒙𝟖𝟖𝟐𝟐 
Sales to selling, general and administrative 

 i  
𝒙𝒙𝟖𝟖𝟑𝟑 Sales-to-labor cost ratio 𝒙𝒙𝟖𝟖𝟒𝟒 

Value added rate  𝒙𝒙𝟖𝟖𝟓𝟓 Labor equipment ratio 1 𝒙𝒙𝟖𝟖𝟔𝟔 
Labor equipment ratio 2 𝒙𝒙𝟖𝟖𝟕𝟕 Labor equipment ratio 3 𝒙𝒙𝟖𝟖𝟖𝟖 
Labor equipment ratio 4 𝒙𝒙𝟖𝟖𝟗𝟗 Capital productivity 1 𝒙𝒙𝟗𝟗𝟏𝟏 
Capital productivity 2 𝒙𝒙𝟗𝟗𝟏𝟏 Equity share 𝒙𝒙𝟗𝟗𝟐𝟐 
Borrowed capital share 𝒙𝒙𝟗𝟗𝟑𝟑 Sales per person 1 𝒙𝒙𝟗𝟗𝟒𝟒 
Sales per person 2 𝒙𝒙𝟗𝟗𝟓𝟓 Gross profit per person 1 𝒙𝒙𝟗𝟗𝟔𝟔 
Gross profit per person 2 𝒙𝒙𝟗𝟗𝟕𝟕 Operating profit per person 1 𝒙𝒙𝟗𝟗𝟖𝟖 
Operating profit per person 2 𝒙𝒙𝟗𝟗𝟗𝟗 Labor cost per person 1 𝒙𝒙𝟏𝟏𝟏𝟏𝟏𝟏 
Labor cost per person 2 𝒙𝒙𝟏𝟏𝟏𝟏𝟏𝟏 Selling, general and administrative 

    
𝒙𝒙𝟏𝟏𝟏𝟏𝟐𝟐 

Selling, general and administrative 
    

𝒙𝒙𝟏𝟏𝟏𝟏𝟑𝟑 Total capital growth ratio 𝒙𝒙𝟏𝟏𝟏𝟏𝟒𝟒 
Sales growth ratio 𝒙𝒙𝟏𝟏𝟏𝟏𝟕𝟕 Gross profit growth ratio 𝒙𝒙𝟏𝟏𝟏𝟏𝟖𝟖 
Operating profit growth ratio 𝒙𝒙𝟏𝟏𝟏𝟏𝟗𝟗 Ordinary profit growth ratio 𝒙𝒙𝟏𝟏𝟏𝟏𝟏𝟏 
Pre-tax net income growth ratio 𝒙𝒙𝟏𝟏𝟏𝟏𝟏𝟏 Net income growth ratio 𝒙𝒙𝟏𝟏𝟏𝟏𝟐𝟐 
EBIT growth ratio 𝒙𝒙𝟏𝟏𝟏𝟏𝟑𝟑 EBITDA growth ratio 𝒙𝒙𝟏𝟏𝟏𝟏𝟒𝟒 
Long and short investment ratio 𝒙𝒙𝟏𝟏𝟏𝟏𝟓𝟓   

 
Appendix B 

Table B. 23 financial ratios 
Financial index Variable Financial index Variable 

Debt capacity ratio       𝒙𝒙𝟏𝟏 Short-term debt rotation period 𝒙𝒙𝟐𝟐 
Net sales margin ratio 𝒙𝒙𝟑𝟑 Debt ratio for total assets 𝒙𝒙𝟒𝟒 
Loan to value 𝒙𝒙𝟓𝟓 Ratio of profit before tax to sales 𝒙𝒙𝟔𝟔 
Capital share 𝒙𝒙𝟕𝟕 Total capital net income margin 𝒙𝒙𝟖𝟖 
Quick ratio 𝒙𝒙𝟗𝟗 Current liability turnover 𝒙𝒙𝟏𝟏𝟏𝟏 
Total capital ordinary income ratio 𝒙𝒙𝟏𝟏𝟏𝟏 Interest-bearing debt monthly sales ratio 𝒙𝒙𝟏𝟏𝟐𝟐 
Debt monthly sales magnification 𝒙𝒙𝟏𝟏𝟑𝟑 Debt turnover period 𝒙𝒙𝟏𝟏𝟒𝟒 
Ordinary income ratio 𝒙𝒙𝟏𝟏𝟓𝟓 Interest coverage ratio 𝒙𝒙𝟏𝟏𝟔𝟔 
Operating profit per employee 𝒙𝒙𝟏𝟏𝟕𝟕 Operating profit per employee 𝒙𝒙𝟏𝟏𝟖𝟖 
Sales financial balance ratio 𝒙𝒙𝟏𝟏𝟗𝟗 Long-term debt repayment years 𝒙𝒙𝟐𝟐𝟏𝟏 
Finance cost ratio 𝒙𝒙𝟐𝟐𝟏𝟏 Ratio of operating profit to operating capital 𝒙𝒙𝟐𝟐𝟐𝟐 
Return on asset (ROA) 𝒙𝒙𝟐𝟐𝟑𝟑   

 
Table 2. The result of construction 

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 11 32 43  

98.42  

16 27 43  

98.70  
1 30 3860 3890  24 3866 3890  

% 
0 25.58  74.42  100.00  37.21  62.79  100.00  
1 0.77  99.23  100.00  0.62  99.38  100.00  

ANN Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  
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Status 
0  11  32  43  

99.06 

31  12  43  

99.62 
1  5  3885  3890  3  3887  3890  

% 
0  25.58  74.42  100.00  72.09  27.91  100.00  
1  0.13  99.87  100.00  0.08  99.92  100.00  

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 43  0  43  

100.00  

43  0  43  

100.00  
1 0 3890 3890  0 3890 3890  

% 
0 100.00  0.00  100.00  100.00  0.00  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

 
Table 3. The result of real estate 

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 28 6 34  

98.82  

34 0 34  

100.00  
1 3 724 727  0 727 727  

% 
0 82.35  17.65  100.00  100.00  0.00  100.00  
1 0.41  99.59  100.00  0.00  100.00  100.00  

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  

Status 
0  32  2  34  

99.61 

33  1  34  

99.74 
1  1  726  727  1  726  727  

% 
0  94.12  5.88  100.00  97.06  2.94  100.00  
1  0.14  99.86  100.00  0.14  99.86  100.00  

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 34  0  34  

100.00  

34  0  34  

100.00  
1 0  727  727  0 727 727  

% 
0 100.00  0.00  100.00  100.00  0.00  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

 
Table 4. The result of services 

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 9 11 20  

99.48  

11 9 20  

99.71  
1 10 4047 4057  3 4054 4057  

% 
0 45.00  55.00  100.00  55.00  45.00  100.00  
1 0.25  99.75  100.00  0.07  99.93  100.00  

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  

Status 
0  11  9  20  

99.78 

17  3  20  

99.93 
1  0  4057  4057  0  4057  4057  

% 
0  55.00  45.00  100.00  85.00  15.00  100.00  
1  0.00  100.00  100.00  0.00  100.00  100.00  

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 20  0  20  

100.00  
20  0  20  

100.00  1 0  4057  4057  0  4057  4057  
% 0 100.00  0.00  100.00  100.00  0.00  100.00  
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1 0.00  100.00  100.00  0.00  100.00  100.00  
 

Table 5. The result of retail trade  

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 4 15 19  

99.28  

7 12 19  

99.38  
1 21 4947 4968  19 4949 4968  

% 
0 21.05  78.95  100.00  36.84  63.16  100.00  
1 0.42  99.58  100.00  0.38  99.62  100.00  

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  

Status 
0  0  19  19  

99.62 

14  5  19  

99.82 
1  0  4968  4968  4  4964  4968  

% 
0  0.00  100.00  100.00  73.68  26.32  100.00  
1  0.00  100.00  100.00  0.08  99.92  100.00  

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 19  0  19  

100.00  

17  2  19  

99.96  
1 0 4968 4968  0 4968 4968  

% 
0 100.00  0.00  100.00  89.47  10.53  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

 
Table 6. The result of electric appliances   

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 4 13 17  

99.50  

4 13 17  

99.69  
1 19 6407 6426  7 6419 6426  

% 
0 23.53  76.47  100.00  23.53  76.47  100.00  
1 0.30  99.70  100.00  0.11  99.89  100.00  

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  

Status 
0  0  17  17  

99.74 

3  14  17  

99.75 
1  0  6426  6426  2  6424  6426  

% 
0  0.00  100.00  100.00  17.65  82.35  100.00  
1  0.00  100.00  100.00  0.03  99.97  100.00  

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 17  0  17  

100.00  

16  1  17  

99.98  
1 0 6426 6426  0 6426 6426  

% 
0 100.00  0.00  100.00  94.12  5.88  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

 
Table 7. The result of machine   

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 6 10 16  

99.15  

7 9 16  

99.50  
1 36 5369 5405  18 5387 5405  

% 
0 37.50  62.50  100.00  43.75  56.25  100.00  
1 0.67  99.33  100.00  0.33  99.67  100.00  

93



International Journal of Industrial Engineering and Operations Management (IJIEOM) 
Volume. 1, No. 1, pp. 78-96, May 2019 

© IEOM Society International 

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  

Status 
0  0  16  16  

99.70 

12  4  16  

99.85 
1  0  5405  5405  4  5401  5405  

% 
0  0.00  100.00  100.00  75.00  25.00  100.00  
1  0.00  100.00  100.00  0.07  99.93  100.00  

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 16  0  16  

100.00  

15  1  16  

99.98  
1 0 5405 5405  0 5405 5405  

% 
0 100.00  0.00  100.00  93.75  6.25  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

 
Table 8. The result of wholesale trade 

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 5 9 14  

99.40  

7 7 14  

99.53  
1 27 5944 5971  21 5950 5971  

% 
0 35.71  64.29  100.00  50.00  50.00  100.00  
1 0.45  99.55  100.00  0.35  99.65  100.00  

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  

Status 
0  0  14  14  

99.77 

8  6  14  

99.88 
1  0  5971  5971  1  5970  5971  

% 
0  0.00  100.00  100.00  57.14  42.86  100.00  
1  0.00  100.00  100.00  0.02  99.98  100.00  

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 13  1  14  

99.98  

10  4  14  

99.93  
1 0 5971 5971  0 5971 5971  

% 
0 92.86  7.14  100.00  71.43  28.57  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

 
Table 9. The result of other financing business 

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 12  1  13  

99.81  

13  0  13  

100.00  
1 0  512  512  0  512  512  

% 
0 92.31  7.69  100.00  100.00  0.00  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  

Status 
0  13  0  13  

100.00 

12  1  13  

99.81 
1  0  512  512  0  512  512  

% 
0  100.00  0.00  100.00  92.31  7.69  100.00  
1  0.00  100.00  100.00  0.00  100.00  100.00  

SVM Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 
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Status 
0 13  0  13  

100.00  

13  0  13  

100.00  
1 0 512 512  0 512 512  

% 
0 100.00  0.00  100.00  100.00  0.00  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

 
Table 10. The result of textile and apparels 

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 1  8  9  

99.09  

5  4  9  

99.09  
1 14  2396  2410  18  2392  2410  

% 
0 11.11  88.89  100.00  55.56  44.44  100.00  
1 0.58  99.42  100.00  0.75  99.25  100.00  

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  

Status 
0  0  9  9  

99.63 

7  2  9  

99.88 
1  0  2410  2410  1  2409  2410  

% 
0  0.00  100.00  100.00  77.78  22.22  100.00  
1  0.00  100.00  100.00  0.04  99.96  100.00  

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 9  0  9  

100.00  

8  1  9  

99.96  
1 0  2410  2410  0 2410 2410  

% 
0 100.00  0.00  100.00  88.89  11.11  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

 
Table 11. The result of Information and telecommunication  

MDA 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 5 3 8  

99.75  

6  2  8  

99.95  
1 8 4420 4428  0  4428  4428  

% 
0 62.50  37.50  100.00  75.00  25.00  100.00  
1 0.18  99.82  100.00  0.00  100.00  100.00  

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0  1  0  1  

Status 
0  4  4  8  

99.84 

0  8  8  

99.82 
1  3  4425  4428  0  4428  4428  

% 
0  50.00  50.00  100.00  0.00  100.00  100.00  
1  0.07  99.93  100.00  0.00  100.00  100.00  

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 8  0  8  

100.00  

8  0  8  

100.00  
1 0  4428  4428  0 4428 4428  

% 
0 100.00  0.00  100.00  100.00  0.00  100.00  
1 0.00  100.00  100.00  0.00  100.00  100.00  

 
Table 12. The result of other industries  

MDA Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 
Status 0 8  23  31  99.58  9  22  31  99.57  
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1 86 25828 25914 90 25824 25914 

% 
0 25.81 74.19 100.00 29.03 70.97 100.00 
1 0.33 99.67 100.00 0.35 99.65 100.00 

ANN 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 0 31 31 

99.88 

0 31 31 

99.88 
1 0 25914 25914 0 25914 25914 

% 
0 0.00 100.00 100.00 0.00 100.00 100.00 
1 0.00 100.00 100.00 0.00 100.00 100.00 

SVM 

Item 
23 financial ratios 115 financial ratios 

Status Total % Status Total % 0 1 0 1 

Status 
0 31 0 31 

100.00 

28 3 31 

99.99 
1 0 25914 25914 0 25914 25914 

% 
0 100.00 0.00 100.00 90.32 9.68 100.00 
1 0.00 100.00 100.00 0.00 100.00 100.00 
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