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Abstract 
The banking industry in Iran is responsible for the short- and long-term financing of economic activities due to 
insufficient development of the capital market and inefficiencies in this market. Consequently, it is important to 
study and evaluate the risk of insolvent banks. The main objective of this paper is to examine the explanatory 
capability of accounting ratios on the bankruptcy risk of banks in Iran. In order to evaluate the efficiency of 
different financial ratios in explaining banks’ insolvency, two different ratios were used as dependent variables to 
represent the risk of insolvency quantitatively. These two ratios are common ratios calculated by different 
approaches. In the first approach, the information in the financial statements is used to calculate the z-Score index, 
and in the second one, the Distance-to-Default parameter is calculated from market information. Independent 
variables are divided into three categories of profit variables, variables related to asset and deposit management, 
and variables related to the quality of granted loans. Using the unbalanced data panel, we examined the 
effectiveness of these variables on the two risk factors of insolvency. The research sample included banks which 
are members of Securities and Exchange Organization of Iran during 2002-2016. The results of the research 
showed that the explanatory capability of variables are in the same direction in the two approaches. 
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1. Introduction 
Participation in international arenas, where 
technological and environmental changes are 
taking place rapidly, requires compliance with 
international laws and global standards. 
Compliance with these rules reduces the risk of 
bank activities. Although failures in the banking 
system may appear as unexpected incidents, 
banking system vulnerability 
can often be predicted and announced by available 
information. The rapid growth of technology and 
environmental changes will put the banking 
system at risk. As a result, the bankruptcy of a 
bank can quickly be leaked to other banks due to 
financial interconnection with other banks and 
global integration. Today, however, it is one of the 

key challenges for banking industry due to the 
establishment of various private banks and 
financial institutions as well as the existence of a 
highly competitive environment. The insolvency 
risk of banks has been an important part of 
banking literature, especially after the global 
financial crisis. Since the banking financial inability 
diminishes people's confidence in the financial 
industry of a country, it has devastating effects on 
the entire economy of the country. Therefore, it is 
important to study the factors affecting the 
insolvency risk of banks. A bank is regarded as 
insolvent if the value of its assets drops below the 
value of its liabilities [25]. Various techniques have 
been proposed for calculating the credit and 
insolvency risk of banks in the past decades which 
are generally divided into three categories 
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comprising “external rating agencies”, “accounting-
based techniques”, and “market-based techniques”. 
One of the most appropriate criteria for assessing 
the bank’s insolvency risk is Z-Score which is 
based on accounting information. It was proposed 
as a risk proxy by [12] and was used by many 
scholars in various studies. The return on assets, 
its volatility, and the capital are used in the Z- 
Score formula. Despite its simplicity, it is widely 
used among researchers, since it is calculated only 
by using the accounting information and is 
applicable to all financial institutions [22]. This 
index measures how many standard deviations a 
bank is from exhausting its capital base [27]. Using 
accounting information alone to measure 
insolvency risk at the institutional level can pose a 
number of problems. For instance, being based on 
past performance, accounting values and ratios 
may not be informative in assessing future 
outcomes. Actual asset values may differ from the 
historical value of assets because of the 
conservative methods of recording [3], and 
accounting figures may be manipulated by 
management [2], [5]. As alternatives, the extant 
literature proposes a number of risk measurement 
techniques using market information, notably 
Merton’s distance-to-default (DD) model. This is 
the most appealing model as it is based on a 
seminal work by [6] and Merton (1974). This 
method not only addresses many of the criticisms 
of accounting-based insolvency risk models, but it 
also incorporates essential market information, 
including the share price, market capitalization, 
and equity volatility. We employ the DD model as a 
measure of market-based insolvency risk and the 
Z-Score as measures of accounting-based 
insolvency risk. In this paper, a multivariate 
regression model has been used to examine the 
explanatory capability of financial ratios related to 
insolvency risk in measuring the risk level. 
 
2. Literature review 
So far, many studies have been done on risk 
measurement in the banking sector. Reference [19] 
argued that foreign-owned banks took more risks 
than state-owned, company-owned and family-
owned banks. Reference [28] suggested that 
greater disclosure and transparency strengthened 
market discipline and reduced banks’ risk-taking. 
Further studies suggested that risk-taking could 
also be influenced by the banks’ characteristics and 
economic conditions ([8], [20], [21], [29]). 
Reference [13] argued that state -owned banks had 
poorer loan quality and higher risks of insolvency 
than private and mutual banks. Recently, the Z-
Score index has been used as a benchmark for 
measuring the risk or stability and efficiency of 
institutions and banks. Reference [1] analyzed the 
impact of financing structure on Islamic banks’ 

insolvency risk exposure. By analyzing four 
models, he found that an increase in real estate 
financing decreases insolvency risk; however, an 
increasing concentration of financing structure 
increases insolvency risk. Reference [16] analyzed 
the insolvency risk of commercial banks in India 
for the period 1998-2007. Using Z-Score measure 
of insolvency risk and panel data econometrics, the 
researcher found that the Indian private banks 
were most risky, whereas the foreign banks were 
found to be the least risky for their fat capital 
cushion. Reference [31] examined risk taking by 
publicly-traded and privately-owned banks in an 
institutionally diversified international sample of 
countries. Using the Z–Score as their primary risk 
proxy, they found that publicly-traded banks 
engage in less risky activities than their privately-
owned peers. 
The Z-Score index as a proxy for insolvency risk 
can be calculated in different methods. Various 
studies have been done to improve the calculation 
of this index so far. Reference [23] compared the 
different existing approaches to the construction of 
time varying Z-Score measures, plus an additional 
alternative one. They examined which ways of 
estimating the moments used in these different 
approaches best fit the data. Their results were 
supportive of their alternative time-varying Z-
Score measure. Reference [22] also re-examined 
the probabilistic foundation of the link between Z-
Score measures and the banks’ probability of 
insolvency, offering an improved measure of that 
probability without imposing further 
distributional assumptions. They similarly 
obtained refined probabilistic interpretations of 
the commonly used simple and log-transformed Z-
Score measures. In particular, the log of the Z-
Score was shown to be negatively proportional to 
the log odds of insolvency. 
There is another category of studies dealing with 
banks' predictive models of failure. Reference [30] 
proposed a new approach of how to test the 
validity of bank ratings assigned by Rating 
Agencies. An innovative Early Warning System 
(EWS) was introduced in his research that allows 
to unveil prodromic signals of instability for 
selected individual banks, and possibly forecast 
bank failures. According to [9], extreme gradient 
boosting was used to predict bank failure in the 
U.S. banking sector. The findings indicated that 
lower values for retained earnings to average 
equity, pretax return on assets, and total risk-
based capital ratio are associated with a higher 
risk of bank failure. 
Since one of the major causes of bank failure is 
increasing their credit risk, there are many other 
studies in different areas such as "Investigating 
factors affecting credit risk of banks and their 
clients", "The effect of credit risk on the 
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performance and efficiency of banks" as well as the 
"Bank’s customers ranking based on credit risk". 
Reference [17] examined the relationship between 
efficiency and risk in the banking industry of Iran 
using two parametric and nonparametric 
approaches based on econometric and 
mathematical optimization. The findings of the 
research indicated the difference between 
parametric and nonparametric methods in 
assessing the efficiency, banks rating, and the 
relative superiority of the parametric Stochastic 
Frontier Analysis to nonparametric Multi-
directional Efficiency Analysis. Reference [14] 
investigated the relationship between the two 
major sources of bank default risk (liquidity risk 
and credit risk) using a sample of virtually all US 
commercial banks during the period 1998–2010 to 
analyze the relationship between these two risk 
sources on the bank institutional level. Their 
results showed that both of the risk categories did 
not have an economically meaningful reciprocal 
contemporaneous or time-lagged relationship. 
However, they did influence banks’ probability of 
default. Reference [15] considered the levels of 
credit risk in Islamic and conventional banks. 
Using a market-based credit risk measure, 
Merton’s distance-to -default (DD) model, they 
evaluated the credit risk of 156 conventional banks 
and 37 Islamic banks across 13 countries between 
2000 and 2012. They also calculated the 
accounting information-based Z-Score and the 
nonperforming loan (NPL) ratio for the purpose of 
comparison. Their results showed that Islamic 
banks had a significantly lower credit risk than 
conventional banks based on DD. In contrast, and 
as was expected, Islamic banks displayed a much 
higher credit risk using the Z-Score and the NPL 
ratio. 
 
3. Methodology 
We used information and financial statements of 1 
state bank, 3 semi-governmental banks, 11 private 
banks and 1 financial and credit institution during 
2002 to 2016. As the calculation of DD requires 
stock data, we only considered banks which were 
members of Securities and Exchange Organization 
of Iran with historical stock price time series. We 
had 145 bank-year observations in total but we 
couldn’t calculate the measures of and Z-Score and 
DD for all of observations. The collection of data 
for each bank began from its entrance into the 
capital market and continued to the last year for 
which the data existed. In order to examine the 
factors affecting the insolvency risk of the bank, 
two panel data were used. Since the number of 
time observations for all components in the panel 
is not the same in this study, the panel data is of an 
unbalanced type. To examine the impact of 
different bank-level variables on insolvency risk 

measure of the banks, we used two panel data 
regression models as follows:  
In = (𝑍𝑍 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖) = 𝑎𝑎𝑖𝑖𝑖𝑖 + 𝛽𝛽𝛽𝛽𝑅𝑅𝑖𝑖𝑖𝑖 + 𝛾𝛾𝛾𝛾𝛾𝛾𝑀𝑀𝑖𝑖𝑖𝑖 + 𝛿𝛿𝛽𝛽𝛿𝛿𝑄𝑄𝑖𝑖𝑖𝑖

+ 𝜂𝜂𝜂𝜂𝜂𝜂𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖 
(1) 

  
DD𝑖𝑖𝑖𝑖 = 𝑎𝑎𝑖𝑖𝑖𝑖 + 𝛽𝛽𝛽𝛽𝑅𝑅𝑖𝑖𝑖𝑖 + 𝛾𝛾𝛾𝛾𝛾𝛾𝑀𝑀𝑖𝑖𝑖𝑖 + 𝛿𝛿𝛽𝛽𝛿𝛿𝑄𝑄𝑖𝑖𝑖𝑖 + 𝜂𝜂𝜂𝜂𝜂𝜂𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖 (2)   

where In = (𝑍𝑍 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖) and DD𝑖𝑖𝑖𝑖 refer to the 
accounting-based and the market-based 
insolvency risk measures, respectively, for bank i 
in the year t. Independent variables were also 
divided into three categories of profit variables 
(𝛽𝛽𝑅𝑅𝑖𝑖𝑖𝑖), asset and deposit management variables 
(𝛾𝛾𝛾𝛾𝑀𝑀𝑖𝑖𝑖𝑖) and granted loans quality variables 
(𝛽𝛽𝛿𝛿𝑄𝑄𝑖𝑖𝑖𝑖). 𝜀𝜀𝑖𝑖𝑖𝑖 is the white noise error and 𝜂𝜂𝜂𝜂𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖 are 
the explanatory variables. F-limer statistic is used 
to determine fixed effects model against the 
estimated model of pooled data as follows [32]:  

F =
RSSR − RSSUR

N −1

RSSUR
NT−N−k

~F(N − 1, NT − N − k) (3) 

 
where RSSR is the restricted Residual Sum of 
Squares (pooling data), RSSUR is the unrestricted 
Residual Sum of Squares (panel data), N is the total 
number of banks, T is the number of time series 
and k is the number of estimated parameters. 
According to this test, if the null hypothesis is 
rejected, the panel data model is selected. 
Hausman test (1978) is used for choosing between 
the fixed effects model and the random effects 
model. The statistics of this test has a chi-squared 
distribution with k (the number of explanatory 
variables) degrees of freedom. The random effects 
estimator is consistent and asymptotically efficient 
just if the null hypothesis is not rejected, while the 
fixed effects estimator is consistent whether the 
null be rejected or not. The Hausman test statistic 
is as [32]:  
𝑊𝑊 = (𝑏𝑏𝑏𝑏 − 𝛽𝛽𝑏𝑏)′(𝑀𝑀1 −𝑀𝑀0)−1(𝑏𝑏𝑏𝑏 − 𝛽𝛽𝑏𝑏) (4)  
where W has a chi -squared distribution with k 
degrees of freedom in the model in which k is the 
number of independent variables. 𝑀𝑀0 and 𝑀𝑀1 stand 
for a variance-covariance matrix for coefficients of 
the random effects model (𝛽𝛽𝑏𝑏) and the fixed effects 
model (𝑏𝑏𝑏𝑏), respectively. If 𝑀𝑀0 and 𝑀𝑀1 are 
correlated, 𝛽𝛽𝑏𝑏 and 𝑏𝑏𝑏𝑏 can be significantly different 
and it is expected that this be reflected in the test. 
If the null hypothesis is not rejected using this test, 
the random effects model will be appropriated. 
 
3.1 Definition of Variables 
In this research, the dependent variables are 
insolvency risk variables of banks, which are 
classified into two categories of accounting-based 
and market-based variables and will be introduced 
in the rest of the article. Independent variables are 
also classified into three general categories of 
variables related to: “profitability", "asset 
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management and deposits," and "granted loans 
quality." Profitability variables examine the 
returns obtained from banking activities and 
include Return on asset (ROA) and Return on 
equity (ROE) ratios. Variables related to "asset and 
deposits management" measure the performance 
of the bank in managing long- and short-term 
assets and deposits, including “equity to total 
assets (EQTA)” ratio and “liquid assets to current 
and saving accounts (LACS)” ratio. The variables 
related to the quality of granted loans are also 
measured by the performance of banks in lending 
to customers and include the two ratios of "Loan to 
Total Assets” (LTA) and "Non-performing loan to 
Total loan” (NPLL). In addition to these variables, 
two control variables affecting the insolvency risk 
of banks are added to the model, indicating the size 
of bank and percentage of investment in bonds. 
These two variables are measured by the ratio of 
“natural logarithm of total assets” (LOTA) and 
"Total Bonds to Total Assets” (TBTA), respectively. 
 
3.2 Accounting-based insolvency risk 
measurement 
In this paper, the z index is used as one of the 
proxies for assessing the inability of banks. Since 
this index is calculated using the information 
available in the financial statements, it is called the 
accounting-based index. Both the profit measured 
by ROA and the volatility of profit measured by 
standard deviation of ROA are used to measure the 
theoretical riskiness of banks ([4]; [7]; [10]; [11]; 
[24]). Z-Score index is calculated as follows:  

𝑍𝑍 − 𝑏𝑏𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝜂𝜂) =
𝜇𝜇𝑅𝑅𝑅𝑅𝑅𝑅 + 𝐸𝐸/𝑅𝑅(𝑡𝑡)

𝜎𝜎𝑅𝑅𝑅𝑅𝑅𝑅
 (5) 

 
where 𝜇𝜇𝑅𝑅𝑅𝑅𝑅𝑅 is the rate of return on assets, E/A is 
the ratio of equity to assets, and 𝜎𝜎𝑅𝑅𝑅𝑅𝑅𝑅 is the 
estimated standard deviation of the rate of return 
on assets [27]. The Z-Score measures the number 
of standard deviations a bank’s ROA needs to drop 
below its expected value before depleting its 
equity and the bank becoming insolvent, such that 
a higher (lower) Z-Score indicates that a bank is 
more (less) solvent. Compared to market-based 
techniques for measuring insolvency risk, the 
calculation of the z -Score index is easy as little 
accounting information is required. Also, the Z-
Score is popular as a measure of insolvency risk 
because of its good prediction power [15]. 
Following [18], we used the natural logarithm of 
the Z- Scores to mitigate the effects of outliers and 
skewness. There are different approaches in 
various studies to calculating the Z-Score. 
Reference [23] have investigated various methods 
for calculating Z-Score. There is in denominator of 
Z-Score equation which should be calculated for a 
given time period. The Z-Score relationship can 
also be written as:  

𝑍𝑍 − 𝑏𝑏𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝜂𝜂) =
𝜇𝜇𝑅𝑅𝑅𝑅𝑅𝑅 + 𝜇𝜇

(𝐸𝐸𝑅𝑅)

𝜎𝜎𝑅𝑅𝑅𝑅𝑅𝑅
 (6) 

 
According to (5) & (6), using a three-year window 
for 𝜎𝜎𝑅𝑅𝑅𝑅𝑅𝑅 is a common approach to calculating the 
Z-Score [15] Also, a new method for calculating 
this index is introduced in [23]. In this method, the 
full time period of the sample should be taken into 
account for calculating 𝜎𝜎𝑅𝑅𝑅𝑅𝑅𝑅 and 𝜇𝜇𝑅𝑅𝑅𝑅𝑅𝑅 Moreover, to 
calculate the capital adequacy ratio, its value at 
each time section should be considered as 𝐸𝐸/𝛾𝛾(𝑖𝑖). 
According to the findings of this study, this 
approach has the least error compared to other 
methods. In this study, we also used this approach 
for calculating the Z-Score. 
 
3.3 Market based insolvency risk measurement 
We estimated [25] naïve distance to default 
(𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝛾𝛾𝛾𝛾) model as an alternative measure of 
insolvency risk1. This model uses market 
information in estimating the insolvency risk 
index. The use of market value of equity in 
𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝛾𝛾𝛾𝛾 calculation allows this measure to reflect 
default information faster than an accounting data-
based insolvency risk measure [25]. A higher 
𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝛾𝛾𝛾𝛾 indicates a lower insolvency risk. The 
𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝛾𝛾𝛾𝛾  is estimated as follows:  

𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝛾𝛾𝛾𝛾 =  
In �𝐸𝐸 + 𝐹𝐹

𝐹𝐹 � + (𝑆𝑆𝑖𝑖𝑖𝑖−1 − 0.5 ∗ 𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝜎𝜎𝑣𝑣2)𝑇𝑇

𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝜎𝜎𝑣𝑣√𝑇𝑇
 (7) 

 
where E is the market value of equity, F is the face 
value of debts measured by total liabilities, 𝑆𝑆𝑖𝑖𝑖𝑖−1 is 
the annual stock return estimated as the average 
daily stock return of the previous year times the 
number of trading days, T is the forecast horizon of 
1 year, and 𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝜎𝜎𝑣𝑣 is the volatility of the firm’s 
assets. As a direct measure of insolvency risk, we 
also use the probability of default where N is the 
cumulative density function of the standard 
normal distribution. Insolvency risk increases 
monotonically with 𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝛽𝛽𝛾𝛾 [25].  
𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝛽𝛽𝛾𝛾 = 𝑁𝑁(−𝑛𝑛𝑎𝑎𝑛𝑛𝑛𝑛𝑆𝑆 𝛾𝛾𝛾𝛾) (8) 
 
4. Empirical results 
4.1 Descriptive statistics 
A descriptive analysis of the data is presented in 
Table I. The numbers of observations for variables 
are different due to their type. In this research, 
there is a total of 145 bank-year observations. As 
shown in Table I, the average return on assets and 
the average return on equity in banking system of 
Iran are about 1.7% and 18%, respectively. 
Furthermore, Banks lend about 62 percent of their 

 
1. Of course Bharath and Shumway (2008) first proposed 
the alternative naïve DD model that uses the functional 
form to compute distance to default (DD) based on 
Merton model.  
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assets to the customers on average, of which an 
average of 14 percent is deferred. 

 

 
TABLE I: Descriptive Statistics  

 
Category 

   
Variable 

   
symbol 

 No.  
min 

 
max Std.deviation 

 
mean         obs    

                        

 
Dependent 

   
Natural Logarithm of Z-Score 

 Ln(Z-   
144 0.8783 

 
4.0931 0.6264 

 
2.4680 

 
     Score)      
                     

 
variables 

                      

   
Distance to Default 

 
DD 

  
91 -9.6679 

 12.576
7 3.7491 

 
2.5183 

 

            
                        

 Profitability   Return on Asset  ROA   145 -0.0384  0.0730 0.0152  0.0171  
                      

 variables    Return on Equity  ROE   144 -0.5960  0.7191 0.1455  0.1808              
                       

 Asset and    Equity to Total Assets  EQTA  145 -0.0081  0.7885 0.1076  0.1049  
 Deposit                       

                      

 management  
Liquid Assets to Current and Saving 

Accounts  LACS   145 0.0002  0.8814 0.1294  0.1120  
 variables                       

 Loan quality   Loan to Total Assets  LTA   142 0.1421  1.0834 0.1563  0.6233  
                      

 variables    Non-Performing Loan to Total 
Loan 

 
NPLL 

  
137 0.0000 

 
0.4200 0.1012 

 
0.1417 

 
            
                       

Control variables 
  

Natural Logarithm of Total 
Assets  LOTA  145 13.7203  

21.326
8 1.5392  18.4616 

                     

  

Total Bonds to Total Assets 
 

TBTA 
  

120 0.0000 
 

0.2988 0.0365 
 

0.0216 
 

            
                      

        
TABLE II: Fisher test stationary  

results          
                  

 variable  
lag 

length Level  1st difference  variable  
lag 

length  Level   
1st 
difference   

                      

    0 61.2323***  92.8573***      0  41.8596  129.5503***   
    (0.0014)  (0.0000)       (0.1139)  (0.0000)    
                   

 ROA   1 50.9985**  33.1612   LTA   1  99.8171***  106.9799***   
   (0.0178)  (0.4104)      (0.0000)  (0.0000)    
                   

    2 9.904  7.0646      2  29.6334  64.2341***    
    (0.9999)  (0.9997)       (0.4845)  (0.0000)    
                   

    0 32.6547  114.3425***      0  34.7813  79.7554***    
    (0.4346)  (0.0000)       (0.3369)  (0.0000)    
                   

 ROE   1 25.8237  146.3626***  NPLL   1  21.0361  36.9703    
   (0.7714)  (0.0000)     (0.9309)  (0.1780)    
                   

    2 7.1413  121.0298***      2  5.7297   16.7104    
    (1.0000)  (0.0000)       (1.0000)  (0.8607)    
                   

    0 93.2656***  75.4477***      0  39.1481  32.8804    
    (0.0000)  (0.0000)       (0.1797)  (0.4237)    
                   

 EQTA   1 105.4701***  25.024  LOTA   1  148.9811***  44.9464*    
   (0.0000)  (0.8051)     (0.0000)  (0.0641)    
                   

    2 26.1312  152.4707***      2  16.4572  13.8377    
    (0.7578)  (0.0000)       (0.9895)  (0.9502)    
                   

    0 26.2624  75.9204***      0  104.6412***  218.7289***   
    (0.7519)  (0.0000)       (0.0000)  (0.0000)    
                   

 LACS   1 72.6114***  61.9178***  TBTA   1  19.8794  26.3351    
   (0.0001)  (0.0012)     (0.4655)  (0.1550)    
                   

    2 25.2171  97.8275***      2  11.0363  10.7306    
    (0.7971)  (0.0000)       (0.9453)  (0.8258)    
                   

 Note: 
***Signifcant at 1% level; **signifcant at 5% level; *signifcant at 10%  
level          

 
4.2 Regression analysis 
4.2.1 Stationary test 
Before estimating the model, we need to examine 
the stationary of the variables. Non-stationary 
variables make spurious regression problem. 
Maddala and Wu (1999) and Choi (2001) 
suggested using a non-parametric Fisher-type to 
consider unit root in panel data. The test is based 
on a combination of the p -values of the test-

statistics for a unit root in each cross-sectional unit 
(the ADF test or other non-stationary tests). In this 
study, Fisher's test was used to examine the 
variables’ stationary. Table Ⅱ shows the results 
along with the chi-squared statistics and p-values. 
According to this table, all variables are significant 
at level except for the ROE and NPLL. 
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TABLE III: F-limer test results (Model A)  

 
Fixed Effect (within) 
regression   dep. Variable : Ln(Z-Score) 

Variable  coef. std. Error T  95% conf. interval  (P-Value)  
       

ROA  9.4331*** 2.4867 3.79  [4.4709 14.3953]  (0.0000)  
       

D(1).ROE(-1)  0.1799 0.1666 1.08  [-0.1525 0.5123]  (0.2840)  
       

EQTA  3.0925*** 0.397 7.79  [2.3003 3.8848]  (0.0000)  
       

LACS(-2)  0.1503 0.1472 1.02  [-0.1433 0.4441]  (0.3110)  
       

LTA  -0.4176** 0.184 -2.27  [-0.7848 -0.0503]  (0.0260)  
       

NPLL(-1)  -0.1857 0.2473 -0.75  [-0.6792 0.3077]  (0.4550)  
       

LOTA(-1)  0.0106** 0.0247 0.43  [-0.0387 0.0600]  (0.6680)  
       

TBTA(-1)  2.5457** 1.0151 2.51  [0.5200 4.5714]  (0.0150)  
       

Cons.  2.041*** 0.4933 4.14  [1.0565 3.0254]  (0.0000)  
       

R-sq within  0.763 sigma_u 0.6603  F-statistic 59.0300 
R-sq between 0.1007 sigma_e 0.1298  Prob>F 0.0000 
R-sq Overall 0.2573 rho 0.9627  corr(u_i, xb) -0.1769 

Note: ***, ** and * denotes significance at 1%, 5% and 10% level,  respectively. Negative numbers in parentheses indicate 
the number of lag and D (.) indicates the number of the differentiation of the variable. 

 
TABLE IV: Hausman test result (Model A)  

Variable 
Coefficients    

(b)  (B) (b-B) sqrt(diag(V_b-V_B)) 
 Fe  Re Difference S.E. 

ROA 9.4331***  9.6222*** -0.1891 0.5164 (0.0000)  (0.0000)     

D(1).ROE(-1) 0.1799  0.1829 -0.003 0.0301 (0.2840)  (0.2640)     

EQTA 3.0925***  3.0768*** 0.0157 0.0896 (0.0000)  (0.0000)     

LACS(-2) 0.1503  0.1309 0.0194 0.0291 (0.3110)  (0.3640)     

LTA -0.4176**  -0.4002** -0.0173 0.042 (0.0260)  (0.0250)     

NPLL(-1) -0.1857  -0.2074 0.0217 0.0503 (0.4550)  (0.3920)     

LOTA(-1) 0.0106  0.0156 -0.0049 0.0052 (0.6680)  (0.5190)     

TBTA(-1) 2.5457  2.5522*** -0.0065 0.2057 (0.0150)**  (0.0100)     

chi2 1.48  Prob>chi2 0.9930 
Note: ***, ** and * denotes significance at 1%, 5% and 10% level, respectively. Negative numbers in parentheses indicate the 
number of lag and D (.) indicates the number of the differentiation of the variable. 

 
4.2.2 Model estimation 
At this stage, it is necessary to determine the most 
suitable method among pooled OLS or panel data 
for estimating Models A and B. To do this, we first 
run the F-limer test for both models. The results of 

this test for Model A are shown in Table Ⅲ. The 
lags of independent variables in this table are 
presented according to the results of the stationary 
test and the selection of the best lags for them. 
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TABLE V: Random-effects GLS regression (Model A)  
Variable coef. std. Error z 95% conf. interval (P-Value)       

ROA 9.6222*** 2.4325 3.96 [4.8546 14.3899] (0.0000)       

D(1).ROE(-1) 0.1829* 0.1638 1.12 [-0.1381 0.5041] (0.0640)       

EQTA 3.0768*** 0.3867 7.96 [2.3187 3.8348] (0.0000)       

LACS(-2) 0.1309 0.1443 0.91 [-0.1518 0.4137] (0.3640)       

LTA 
-0.4002 

0.1791 -2.23 
[-
0.7513 -0.0490] (0.0250)**       

NPLL(-1) -0.2074 0.2421 -0.86 [-0.6820 0.2671] (0.0320)**       

LOTA(-1) 
0.0156 

0.0241 0.65 [-0.0318 0.0630] (0.5190)       

TBTA(-1) 
2.5522 

0.994 2.57 [0.6039 4.5006] (0.0100)***       

Cons. 1.947 0.5127 3.8 [0.9419 2.9520] (0.0000)***       

R-sq within 0.7628 sigma_u 0.7242 Wald chi2  226.6200 
R-sq between 0.1061 sigma_e 0.1298 Prob>chi2  0.0000 
R-sq Overall 0.2642 rho 0.9688 corr(u_i, x)  0 (assumed) 

Note: ***, ** and * denotes significance at 1%, 5% and 10% level, respectively. Negative numbers in parentheses indicate the 
number of lag and D (.) indicates the number of the differentiation of the variable 

 
TABLE VI: F-limer test results (Model B)  

 
Fixed Effect (within) 
regression   dep. Variable : DD  

Variable  coef. std. Error T 95% conf. interval  

(P-Value)       

D(1).ROA(-1)  193.4394** 74.5388 2.6 [43.5691 343.3097] 
(0.0130)      

D(1).ROE(-2)  9.9996* 5.9003 1.69 [-1.8638 21.8631] 
(0.0970)      

EQTA  1.5686 37.7934 0.04 [-74.4201 77.5575] 
(0.9670)      

LACS(-2)  6.787 5.5225 1.23 [-4.3167 17.8908] 
(0.2250)      

D(1).LTA(-1)  -4.4670 7.1718 -0.62 [-18.8870 9.9529] 
(0.5360)      

D(1).NPLL  -1.6800 11.1614 -0.15 [-24.1216 20.7615] 
(0.8810)      

LOTA(-1)  1.4711* 0.7895 1.86 [-0.1163 3.0587] 
(0.0690)      

D(1).TBTA(-1)  8.252 31.3309 0.26 [-54.7430 71.2471] 
(0.7930)      

Cons.  -25.5982 16.3248 -1.57 [-58.4214 7.2250] (0.1230)      

R-sq within 0.2301 sigma_u 2.2483 F-statistic 0.4200 
R-sq between 0.0552 sigma_e 3.9059 Prob>F 0.9307 
R-sq Overall 0.1558 rho 0.2488 corr(u_i, xb) -0.4822 

Note: ***, ** and * denotes significance at 1%, 5% and 10% level, respectively. Negative numbers in parentheses indicate the 
number of lag and D (.) indicates the number of the differentiation of the variable 
 
According to the results, the zero hypothesis in the 
F test for using the pooled data model at 1% 
significance level is rejected. Therefore, in order to 
estimate the model, the panel data model is used. 
Then, one of the fixed or random effects models 
should be selected using the Hausman test results. 
Table Ⅳ shows the results of this test for Model A. 
According to table Ⅳ, the p-value is 0.9930 which 

is not significant at all confidence levels. Therefore, 
there is no reason to reject zero hypothesis in the 
Hausman test, and Model A should be estimated 
using random effects. Table Ⅴ shows the results of 
Model A estimation using random effects. 
According to the results in table Ⅴ, the coefficients 
of all variables except LACS and LOTA are 
significant at a minimum 10% confidence level. 
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The significance level is 5% for ROA, EQTA and 
TBTA, meaning that these variables have more 
power in explaining the model and market-based 
insolvency risk. The sign of the coefficients which 
are obtained for variables in this table is in 
accordance with expectations. The ROA coefficient 
is 9.6222, which means that a 1% increase in this 
variable will increase the dependent variable of 
model A by 9.6222% and, therefore, has a reverse 
effect on the insolvency risk. Also, the effect of the 
ROE on the dependent variable is direct, and 1% 
increase in ROE increases the dependent variable 

by 0.1829%. These results confirm the 
expectations that profitability ratios should have a 
decreasing effect on the insolvency risk of banks. 
The coefficient of EQTA was only significant at 1% 
confidence level among the two variables related 
to the management of assets and deposits. This 
means that 1% increase in the proportion of 
Shareholders' Rights to total assets would increase 
ln(Z-Score) 3.0768% and has a direct effect on 
insolvency risk reduction. 
 

 
TABLE VII: OLS Regression results (Model B)  

 Linear regression   dep. Variable : DD  
        

Variable 
coef.  

robust std. Error t 
 

95% conf. interval   

 

(P-Value) 
 

       
        

D(1).ROA(-1) 
133.6207**  

57.4983 2.32 
 

[18.5253 248.7160]   

 (0.024) 
 

       
        

D(1).ROE(-2) 
8.6735**  

4.3013 2.02 
 

[0.0635 17.2836]   

 (0.0480) 
 

       
        

EQTA 
29.8243*  

15.0098 1.99 
 

[-0.2211 59.8697]   

 (0.0520) 
 

       
        

LACS(-2) 
8.8792***  

2.4137 3.68 
 

[4.0475 13.7108]   

 (0.0010) 
 

       
        

D(1).LTA(-1) 
-6.2247  

6.1764 -1.01 
 

[-18.5882 6.1387]   

 

(0.3180) 
 

       
        

D(1).NPLL 
-1.4314**  

9.8406 -0.15 
 

[-21.1296 18.2666]   

 (0.0450) 
 

       
        

LOTA(-1) 
0.9921**  

0.4701 2.11 
 

[0.0509 1.9333]   

 (0.0390) 
 

       
        

D(1).TBTA(-1) 
4.2383**  

22.3451 0.19 
 

[-40.4904 48.9670]   

 (0.0500) 
 

       
        

Cons. 
-18.8725  

9.5917 -1.97 
 

[-38.0725 0.3274]   

 (0.0540)* 
 

       
       

R-squared 0.2412  F-statistic  5.13 
      

Root MSE 3.705  prob > F  0.0001 
Note: ***, ** and * denotes significance at 1%, 5% and 10% level, respectively. Negative numbers in parentheses 
indicate the number of lag and D (.) indicates the number of the differentiation of the variable 
 
The coefficients of both variables related to the 
quality of granted loans are also significant at 5% 
level and 1% increase in both the LTA and NPLL 
reduces the value of the dependent variable by 
0.4002% and 0.2074%, respectively, and thus 
increases the insolvency risk. In other words, 
increasing the proportion of loans to assets ratio 
will put the banks in a greater risk of insolvency. 
Also, an increase in the ratio of non-performing 
loans of banks will increase their risk. The TBTA, 
the control variable, is also significant at 1% level 
in Model A, and shows that increasing the share of 
investment in government bonds has a positive 
effect on reducing the insolvency risk of banks. 

The result of the F-limer test for Model B are also 
presented in table Ⅵ. According to this table, the 
p-value is 0.9307, so there is no reason to reject 
the zero hypothesis of the test. As a result, OLS 
regression model was used to estimate the model 
presented in table Ⅶ. According to this table, the 
sign of coefficients of variables related to the 
profitability and the management of assets and 
deposits is positive but the sign of the coefficients 
related to the quality of the facilities is negative. 
These results are similar with those of Model A and 
show that increasing the profitability ratios and 
variables related to the management of assets and 
deposits also reduces the risk of market-based 
banks’ insolvency risk. On the other hand, 
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increasing every ratio of the granted loans quality 
increases this kind of risk as well. ROA and ROE 
values with p-values of 0.0130 and 0.0907 were 
significant at 5% and 10% confidence levels and 
1% increase in them led to an increase in DD by 
193.4394% and 9.9996% respectively. This 
influences the ROA with one-period delay and the 
ROE with two periods. In other words, in the 
market-based model of insolvency risk, increasing 
return on assets and increasing return on equity in 
every period will have an effect on the insolvency 
risk for one period and two periods later 
respectively. Moreover, unlike the LACS variable 
which is not meaningful in Model A, this variable 
has a meaning in Model B at 1% confidence level 
and an increase of 1% will increase 8.8792% in 
variable occurring with a 2-year delay. Increasing 
the proportion of Shareholders' Rights to total 
assets in this model will also have a similar effect 
on Model A, which will have a positive impact on 
reducing the risk of insolvency. The variables 

related to the quality of the facility were also 
matched with Model A for the kind of effect on the 
dependent variable but only the NPLL variable in 
the model was meaningful and a 1% increase will 
reduce the value of the dependent variable by 
1.4314%. Unlike Model A, in which the control 
variables were less meaningful, both variables 
were meaningful at 5% level in this model and any 
increase in them will reduce the risk of insolvency. 
The size of the bank, which is measured using the 
total assets logarithm, affects the market-oriented 
risk of banks in a later period. An increase of 1% 
will increase the value of DD variable by 0.9921%. 
Also, increasing the amount of investment by 
banks in government bonds will reduce the risk of 
market-based insolvency risk. Table VIII indicates 
the effect of independent and control variables on 
both accounting-based and market-based 
variables. 
 

 
TABLE VIII: effectiveness direction & significance level  
Variable dep.var: Ln(Z-Score) dep.var: DD 

   

ROA Possitive in 1% S.L. Possitive in 5% S.L. 
   

ROE Possitive in 10% S.L. Possitive in 5% S.L. 
   

EQTA Possitive in 1% S.L. Possitive in 10% S.L. 
   

LACS Possitive - non significant Possitive in 1% S.L. 
   

LTA negative in 5% S.L. 
negative - non 

significant   

NPLL negative in 5% S.L. negative in 5% S.L. 
   

LOTA Possitive - non significant Possitive in 5% S.L. 
   

TBTA Possitive in 1% S.L. Possitive in 5% S.L. 
Note: S.L. refers to significance level 

 
5. Conclusion 
Financial inability is one of the most effective 
factors in bank failures and causes huge losses and 
damages in all levels. Among the benefits of this 
piece of research in the future is that it can 
introduce factors that have a more realistic impact 
on financial inability which should be controlled. 
Various techniques have been proposed for 
calculating the credit and insolvency risk of banks 
in the past decades. We used information and 
financial statements of banks in Iran during 2002-
2016 to make a multivariate regression model to 
examine the explanatory capability of financial 
ratios related to insolvency risk in measuring the 
risk level. In this way, two different indexes have 
been used to calculate the variables related to the 
insolvency risk. These two indexes are introduced 
as dependent variables and represent the 
insolvency risk of banks. Although the selected 
dependent variables are different in the method of 
calculating, they are the same in the nature and the 

effects of independent variables should be aligned 
and convergent on them. 
Independent variables are divided into three 
categories, in order to obtain a better breakdown 
of the insolvency risk proxies. The results of our 
research indicate that while the variables grouped 
into quality of granted loan have an inverse effect 
on our dependent variables (both ln(Z-Score) and 
DD), which means that LTA and NPLL must have a 
negative sign in regression, other variables should 
have an aligned effect on dependent variables. The 
results of this study are in line with those of other 
studies carried out in this field. The ROA in both 
models (A and B) has a direct and significant effect 
on reducing the risk of insolvency, which is 
consistent with [33] and [27]. Moreover, the 
variable of bank size has a positive relationship 
with Z-Score according to [25], [26], [31] and [33]. 
Reference [25] also examined the impact of bank 
size on DD, which is also in the same direction and 
reduces the risk of market-based insolvency. 
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