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Abstract 

 

Z-score model is one of the most frequently used model for early 

financial failure warning and considers various financial ratios 

selected as prediction variables.The purpose of this paper is to 

use multivariant discriminant analysis (MDA) to substantiate a 

score function effective in bankruptcy risk prediction of 

enterprises on Romanian economy example. In order to 

discriminate between bankrupt and non-bankrupt in the scoring 

model we used relevant financial ratios related to activity, 

liquidity, leverage and profitability. The weighting coefficients 

established between independent variables and the objective 

function-score, are determined by using statistical tools. In this 

context, the article aims to build a scoring function in order to 

identify bankrupt companies, using a sample of companies listed 



 

 

on Bucharest Stock Exchange. The results in this article can be 

used to appraise the effectiveness of applying MDA financial 

failure models for Romanian companies, to make an idea about 

curent and future financial situation, and take, if necessary, 

corrective measures. 
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Introduction 

 

Financial failure prediction is a critical factor in developing 

strong-built capital markets in most of the capitalistic countries 

and numerous studies in the field of economic and financial 

analysis focus on bankruptcy early warning. Creditors and 

investors are greatly concerned with the possibility of company’s 

bankruptcy. While the lenders are interested in the credit 

worthiness of the firm, shareholders are more heavily involved 

with profits and dividends prospects. Financial statements are a 

valuable source of information for the decision makers as a 

benchmark for future targets and projections. 

 

Most of corporate management studies include a section about 

why companies fall into bankruptcy. Slatter (1984), for example, 



 

 

identified eleven factors as the principal causes of corporate 

decline. The first one is the poor management factor which may 

emerge as sheer incompetence or lack of interest in the top 

management. Apart from poor management, another major 

factor for corporate decline is the inadequate financial control 

which occurs in the absence of or inadequacy of cash-flow 

forecasts, costing systems and budgetary control. Other financial 

causes of decline are high gearing, conservative financial policies, 

the use of inappropriate financing sources, high cost structure, 

adverse movements in commodity prices and overtrading. In 

addition, competition between firms, irresponsiveness to market 

demand changes, lack of marketing effort, launching big projects 

without prior planning and not-properly scrutinized acquisitions 

might potentially give rise to corporate failures as well. 

 



 

 

Included by theorists in “professional applications of financial 

analysis” or by practitioners in "other methods of financial 

analysis”, discriminate analysis can be also seen as a method 

belonging to the stage of maturity of financial analysis. The 

scoring is a method that involves internal and external diagnostic 

and requires risk interpretation for the investor, company’s 

creditor, but also for the enterprise as a system in further 

activities. It is based on a value judgment development that 

combines a relevant group of financial ratios (or variables). 

 

The purpose of this article is to review and examine the main 

early warning bankruptcy approaches, particularly the ‘Z models' 

that are utilized as valuable symptoms of potential failure. The 

article consists of five parts. The Introduction is followed by 



 

 

sections covering Literature Review, Methodology, Results and 

Conclusions. 

 

Literature Review 

 

Science-based models for bankruptcy prediction have been 

developed for the first time in U.S. in the '60s by W.H. Beaver and 

E.I. Altman. Beaver found that several indicators could 

successfully distinguish a sample of bankrupt companies to 

another one without financial difficulties, obtaining conclusive 

results for a period of up to five years before the onset of 

bankruptcy. Beaver examined financial ratios independently, 

without taking into account the existing links between them, 

resulting in a univariate or one-dimensional analysis. He has, 

however, the ground work for multivariate analysis, which was 



 

 

developed by Altman and by other economists, whose outcome is 

to develop a scoring model based on a combination of rates that 

distinguish the most risky businesses compared to the healthy 

ones. 

 

E.I. Altman developed  in 1968, a multivariate analysis of 

bankruptcy, combining five financial ratios in a single function, 

popularized as the score or Z-score model. Subsequently, this 

model was improved and published under the name “Zeta 

Analysis”, standing at the base of other bankruptcy prediction 

models. 

 

The Z-score model suggested by Altman is based on discriminant 

analysis, which is used to develop models of classification and 

prediction of observations belonging to certain groups 



 

 

determined a priori. To this end, the discriminant analysis builds 

a classifier based on a set of observations and indicators 

characteristic for these observations. In the case of Altman model 

the set of observations is represented by a number of companies 

classified by the author in solvent and insolvent, and the 

considered indicators are certain financial ratios based upon the 

financial situation of companies is analyzed. 

 

Ohlson (1980) uses a logit model, with less restrictive 

assumptions than those taken by the MDA approach. Zmijewski 

(1984) adopts a probit approach that is also based on accounting 

data but uses a different set of independent variables. All of these 

approaches predict future bankruptcy based on accounting ratios 

extracted from publicly available financial statements. 

 



 

 

Shumway (2001) proposed a discrete-time hazard model to 

predict a company’s bankruptcy using both accounting and 

market variables. The main difference between this model and 

the static logit model is that the hazard model can be estimated 

within the logit framework while using the entire life span of 

information (all company-years) for each firm. By contrast, the 

static logit model incorporates only one firm-year for each 

observation (i.e., each observation consists of a single set of 

variables observed at a single point in time). 

 

Another reference of the bankruptcy prediction literature focuses 

on market-based information. Among others, Hillegeist (2004) 

has developed a BSM-Prob bankruptcy prediction model that is 

based on the Black–Scholes–Merton option pricing model. Their 



 

 

results indicate that the BSM-Prob model outperforms the 

models of Altman (1968) and Ohlson (1980) in a series of tests. 

 

Recent papers take into consideration also various firm-

characteristics that may be useful additional predictors of future 

bankruptcy are taken. For example Denis et al. (1997) measure 

corporate diversification by the number of business segments. 

Beaver et al. (2005) propose that, other things equal, large firms 

have a smaller probability of bankruptcy and that a part of this 

explanation is related to corporate diversification. That is, 

corporate diversification and firm-size are two firm-

characteristics that may help to predict future bankruptcy. 

Verwijmeren et al. (2010) remark that companies with strong 

interest in employee well-being reduce the chance of bankruptcy. 

 



 

 

Hillegeist et al. (2004) compare the performance of their BSM-

Prob model against the Altman and Ohlson models in a series of 

in-sample and out-of-sample tests, concluding that the BSM 

model outperforms the accounting-based models. Similarly, 

Chava and Jarrow (2004) examine the relative performance of 

Shumway’s hazard model against the Altman and Zmijewski 

models, concluding that the hazard model outperforms static 

logit models. 

 

Romania has expressed also an interest in obtaining a synthetic 

tool to forecast the risk of bankruptcy in banks and businesses. In 

this regard, should be mentioned: the B Score Function (1998), 

developed by D. Băileşteanu, Model I (1998)  built by Ivoniciu 

(similar to B Score Function), Model A (2002) Ion Anghel’s 

outcome on the Romanian economy. 



 

 

Bankruptcy prediction models using MDA in Romanian economy 

context are also highlighted in latest studies (Vintilă and Toroapă, 

2011) in order to achieve discrimination between bankrupt and 

non-bankrupt in the scoring model based on relevant financial 

ratios related to activity (stock rotation, receivable collection, 

debt payment,assets rotation), liquidity(current liquidity quick 

liquidity), leverage (equity debt, cash-flow to debt, debt to total 

assets) and profitability (return on sales, return on assets, return 

on equity, return on revenue). Another recent study for 

bankruptcy risk estimation (Armeanu, Vintilă et al., 2012) 

achieves eligible results with the built score model based on 

financial ratios for the Romanian economy’s framework. 

 

Scoring models framed so far have the disadvantage that can be 

applied only in economies where the statistical study was 



 

 

conducted (or branch or sector analyzed), their use cannot be 

generalized territorially. Therewith, periods marked by economic 

instability change the correlations captured by the score function 

developed, which limits the temporal use of these models, 

requiring a re-enactment at regular intervals. 

 

Research Methodology 

 

The purpose of this paper is to use discriminant analysis to 

substantiate a score function effective in bankruptcy risk 

prediction of enterprises on Romanian economy example. For 

achieving discrimination between bankrupt and non-bankrupt in 

the scoring model we used relevant financial ratios related to 

activity (stock rotation, receivable collection, debt 

payment,assets rotation), liquidity(current liquidity quick 



 

 

liquidity), leverage (equity debt, cash-flow to debt, debt to total 

assets) and profitability (return on sales, return on assets, return 

on equity, return on revenue). 

 

The research was conducted on a sample of 50 companies listed 

on the Bucharest Stock Exchange, out of which 27 were used to 

build the score function and 23 for a posterior analysis in 

determining the success rate of it. This analysis is based on 

financial information extracted from annual reports of companies 

(balance sheet, profit and loss, the Annexes to the financial 

statements) for the year 2008. 

 

The sample considered in building the score function includes 27 

Romanian companies both from public and private out of which 

13 companies without financial problems and 14 companies are 



 

 

bankrupt or in difficulty (it was opened the insolvency 

proceeding) according to information posted on the Ministry of 

Finance website. 

 

Detailed analysis of the sample allowed appraisal of the 

obvious differences between the two groups of enterprises. For 

this analysis there have been used the average and median of 

the financial ratios, most relevant being the median rates 

which eliminate unusual values encountered in some cases 

(see Table 1). 

 

 

 

 



 

 

Table 1: Average (AVG) and Median (MDN) of the Financial 

Ratios for the Two Groups Non-Bankrupt/Bankrupt 

 
Financial Ratios 

N-B B 

AVG MDN AVG MDN 

Current liquidity  4.49 1.82 0.67 0.65 

Quick liquidity 4.01 1.35 0.46 0.36 

Equity debt 0.16 0.01 -0.19 0.03 

Cash-flow to debt 1.23 0.00 -0.01 0.00 

Debt to asset 29% 30% 91% 83% 

Stock rotation (days) 39 45 73 71 

Receivable collection (days) 137 107 124 89 

Total debt payment (days) 161 127 709 466 

Supplier payment (days) 44 28 127 115 

Asset rotation  0.71 0.63 0.67 0.61 

Return on sales 16% 9% -30% -18% 

Return on equity 9% 8% -132% -32% 

Return on asset 10% 10% -82% -11% 

Return on revenue 14% 6% -35% -21% 

(Own calculations) 

 

Following the selection step for the discrimination of the two 

categories we kept the following five financial variables: current 



 

 

liquidity, return on asset, return on revenues, debt to asset, total 

debt payment. 

 

Current Liquidity = Current Assets / Current Liabilities 

 

Return on Asset   = Gross Profit / (Equity + Long Term Liabilities) 

 

Return on Revenues = Net Profit / Total Revenues 

 

Debt to Asset = Total Debt / Total Assets 

 

Total Debt Payment (days)  = (Total Debt / Turnover) X 360 . 

 

 

 



 

 

Research Results 

 

The model has the following function: 

 

Z=Function(Rentability of Revenues,Rentability of Assets, Debt to 

Asset, Current Liquidity, Total Debt Payment). 

 

The model which describes the relationship between the 

rentability of incomes, rentability of assets, leverage global rate, 

liquidity ratio and payment obligations is a strong and linear 

relationship. The model is valid.Three parameters are nor 

statistical significant, but the model could be revised. The Durbin-

Watson test is 1.74, which means that there is indecision, it is 

recommending to accept the positive autocorrelation of 

residuals. The value for coefficient of determination is 68%, 



 

 

which means that the model is explained in 68% of the 

exogenous variables.  For checking the homoskedasticity 

hypothesis for this model will be using White test.  White-test 

involves the following steps: 

 

• Initial model parameter estimation and calculation of 

estimated residual variable; 

 

• Build an auxiliary regression based on presumption that it is a 

relationship between the square error values, exogenous 

variables included in the initial model and the square of its 

values. In the model presents. heteroskedasticity. In our 

vision, the model can be applied for prognosis, because it will  

be revised and it can be added more data and more variables 

for increasing the validity of this model. 



 

 

In our opinion if the value of Z is included in the interval (-

1;+1), the company will be in bankruptcy. 

 

Table 2: Descriptive Statistics for Studied Indicators 

 

 
 



 

 

Table 3: The White Test 

 

 



 

 

Table 4: Excel Output 

 

 



 

 

Table 5: Eviews Output 

 

 



 

 

 
 

Fig 1. The Jarque-Bera Test 

 

 

 

 



 

 

Table 6: The Actual, Fitted Values and Residuals 

 
obs Actual Fitted Residual Residual Plot  

1  0.02000 -0.05297  0.07297 |        .   | * .        |  

2  0.01000 -0.10186  0.11186 |        .   | * .        |  

3  0.01000 -0.02863  0.03863 |        .   |*  .        |  

4  0.05000 -0.00805  0.05805 |        .   |*  .        |  

5  0.08000 -0.04713  0.12713 |        .   |  *.        |  

6  0.19000  0.12135  0.06865 |        .   | * .        |  

7  0.05000  0.02264  0.02736 |        .   |*  .        |  

8  0.09000  0.03037  0.05963 |        .   |*  .        |  

9  0.01000  0.06259 -0.05259 |        .  *|   .        |  

10  0.04000  0.08430 -0.04430 |        .  *|   .        |  

11 -0.73000 -0.43876 -0.29124 |      * .   |   .        |  

12 -0.14000 -0.31653  0.17653 |        .   |   *        |  

13 -0.23000 -0.32106  0.09106 |        .   | * .        |  

14  0.00000 -0.19179  0.19179 |        .   |   *        |  

15 -0.22000 -0.14049 -0.07951 |        . * |   .        |  

16 -0.19000 -0.13700 -0.05300 |        .  *|   .        |  

17 -0.66000 -0.10997 -0.55003 |*       .   |   .        |  

18  0.00000 -0.16524  0.16524 |        .   |   *        |  

19 -0.04000 -0.09418  0.05418 |        .   |*  .        |  

20 -0.22000 -0.00047 -0.21953 |       *.   |   .        |  

21  0.00000 -0.03379  0.03379 |        .   |*  .        |  

22 -0.12000 -0.01556 -0.10444 |        . * |   .        |  

23 -0.17000 -0.28777  0.11777 |        .   |  *.        |  



 

 

Conclusions 

 

Corporate financial failure prediction is of critical importance for 

mangers, stakeholders and other parties related. In the literature, 

many researchers have focused on the financial ratios of 

corporations for failure prediction. 

 

Given the current economic situation, trying to build a 

bankruptcy prediction function score for Romanian companies is 

a real challenge. 

 

In our vision, the model can be applied for prognosis, because it 

will  be revised and it can be added more data and more variables 

for increasing the validity of this model. In our opinion if the 



 

 

value of Z is included in the interval (-1;+1), the company will be 

in bankruptcy.  

 

Discriminant analysis as relevant method in the arsenal of 

economic and financial analysis tools will become a necessity in 

the next period, for understanding and applying the economic 

reality in predicting specific questions of interest to users of 

financial and economic information. This may prove effective for: 

further research bankruptcy prediction in companies with 

specific application to economic sectors or small and medium 

enterprises; judging companies operational activity by auditors 

and accountants; using score functions to provide information to 

investors concerned about finding the most profitable 

investments, or solutions for their portfolio in order to earn an 

optimal overall return-risk per share; using discriminant analysis 



 

 

in the macroeconomics, in areas such as analysis and prediction 

of success vs. failure of specific economic policies on the 

development of disadvantaged areas; implementing economic 

programs for the development of certain industries or sectors. 
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