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FIRM DYNAMICS AND BANKRUPTCY PROCESSES: A NEW 

THEORETICAL MODEL1 

 

 

Abstract 

This paper introduces a theoretical model that relates firm dynamics to bankruptcy processes 

on both univariate and multivariate bases. The distinctiveness of the study lies in the estimation 

of default using a framework where firm dynamics are linked to the bankruptcy process itself. 

The structure builds on theoretical relations among the constructs viewed from a perspective 

sufficiently wide to demonstrate value addition and dilution. The univariate-based estimation 

results indicate that the variables determined via the model successfully differentiate distressed 

firms from non-distressed and other firms, while the evidence from the multivariate analysis 

facilitate a 90%+ correct distressed/non-distressed classification rate for both one- and two-

year periods. The findings provide a road map for selecting the most appropriate default 

prediction variables and identifying the role of each in the prediction process. The prediction 

accuracy of the model does not depend solely upon statistical techniques, but also reflects each 

variable’s theoretical underpinning. The model is shown to be useful for firm rating in general 

and credit approval decisions in particular. 

 

Keywords: Bankruptcy, financial distress, firm default, default prediction 

JEL Classification: G3, G32, G33, C5, C52    
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1. INTRODUCTION 
  

The term ‘default modeling’ is now used in several interrelated fields of risk management, 

including analyses of bonds, credit (loans), firm and country behavior. The present study 

focusses on the use of the approach in the context of firm default, specifically its use in credit 

risk modeling. Although formal modelling of credit risk first came to prominence in the 1960s, 

the importance of evaluating firm creditability dates back to the earliest days of market trading 

(Caouette et al., 1998). Whilst inspection of academic literature indicates that quantitative and 

qualitative research in the field of credit risk modeling tended to diverge in the late 1960s, the 

basic purpose of both strands of enquiry has remained the same, i.e. evaluating firm credit 

worthiness and default probability (Celik, 2013). What has changed, however, in recent years 

is the recognition of credit risk modeling as a critical element in financial institutions’ risk 

management processes (Lopez and Saidenberg, 2000). 

 

The models developed in the literature on bankruptcy prediction have two main functions: (i) 

as an early warning system, one that acts as a catalyst for preemptive decisions regarding 

merger/acquisition, liquidation or reorganization (Casey et al., 1986); and (ii) to facilitate firm 

valuation from an investor’s perspective (Dimitras et al., 1996). The models relating to 

systemic warnings generally fall into one of two categories: those whose set-up and 

implications are ‘theory-based’, and those that adopt statistical underpinnings (normally 

termed ‘non-theory-based’ models). The models relating to investor decision-inputs are also 

often divided into two categories: ‘statistical-based’ and ‘artificial intelligence’, with the latter 

including genetic algorithms based on stochastic search and neural network analysis (Varetto, 

1998; Fejer-Kiraly, 2015). 

 

Early analyses of bankruptcy prediction make extensive use of financial ratios but trend, 

statistical and dummy variables are now regularly employed to enhance prediction efficiency 

(Caouette et al., 1998). The overall performances of a particular model in the context of risk 

analysis is generally assessed by reference to Type I (a ‘credit mistake’, where credit is granted 

to a counterparty that subsequently defaults) and Type II errors (where credit is refused to a 

counterparty than survives sufficiently long to have repaid the funds concerned). Several 

researchers (including Altman et al., 1977; Baestaens, 1999; Lennox, 1999; West, 2000, 

Doumpos et. al., 2002; Charitou et. al., 2004; Aziz and Dar, 2006) suggest that Type I errors 

are more costly than Type II errors. Altman et al. (1977) claim that the costs of Type I errors 
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relating to bank loan decisions are around 35 times greater than those associated by Type II 

errors. Thus, models that provide a low Type I error rate are generally seen as most appealing 

from a financial institution point of view. 

 

The analysis here is conducted using data from 2007 to 2011 for manufacturing firms listed on 

the Istanbul Stock Exchange (ISE), using a cross-sectional framework. The data (including 

financial statements and footnotes, stock prices, special reports etc.) are drawn from the ISE’s 

databases, as well as the Public Disclosure Platform (PDP), the Capital Markets Board of 

Turkey and the firms themselves. The choice of Turkey as the research site reflects growing 

recognition of its importance as an outward-looking global market that straddles both Europe 

and Asia, with findings drawn from it being widely generalizable (Candemir and Zallahoglu, 

2013). As regards the selected time period, this represents a period of stability in the Turkish 

financial system, but deliberately ends prior to the impact of regional political unrest reaching 

Turkey (Onis, 2014).2 Multi- (four) stage evaluation of the estimated models is presented. In 

general terms, the findings suggest that the latter are powerful both in absolute terms and 

relative to those investigated in related studies, with 90% correct classification rates achieved 

for the most recent sample years. 

  

The rest of the paper is organized as follows: Section Two outlines the key literature relating 

to micro (firm) credit default, before Section Three introduces the structure of the proposed 

model. Section Four then details the model estimation process while Section Five presents the 

univariate analysis, including both parametric and non-parametric independent sample t-tests. 

In Section Six, the results from the multivariate (logistic regression) analysis are discussed. 

Section Seven concludes the paper by summarizing the evidence, noting constraints on the 

research and setting out implications of the work going forward. 

2. LITERATURE REVIEW 

 

Modern study of micro-credit risk metrics is typically based on three categories of analysis. 

The first of these relates to theory-based models, developed and proposed as a potential 

structure for predicting default. The process involves selection of a conceptual framework upon 

which constructs (factors) and/or variables are identified as appropriate for forecasting 

bankruptcy. Gambler’s Ruin Theory (Wilcox, 1971), the Failing Company Model (Blum, 

1974), the Balanced Sheet Decomposition Model (Theil, 1969), Cash Management Theory 
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(Laitinen and Laitinen, 1998) and the Contingent Claim Model (Merton, 1974) are examples 

of the theorizing used in this context. The second category, statistically-based modelling, 

focusses on statistical examination of data, reflecting an inductive rationale whereby empirical 

evidence is seen as the best way of identifying discriminating or classifying variables, 

irrespective of any theoretical premise. Multiple discriminant analysis (e.g. Altman, 1968; 

Altman et al., 1977; Taffler, 1982; Appetiti, 1984, Pompe and Bilderbeek, 2005), logit models 

(e.g. Ohlson, 1980; Zavgren, 1985; Keasey and McGuinness, 1990) and probit models (e.g. 

Zmijewski, 1984; Gentry et al., 1985; Skogsvik, 1990) are among the most commonly-adopted 

techniques in this regard. The third category involves Artificially Intelligent Models. These 

models resemble statistically-based models in that they do not rely on theoretical foundations, 

but differ from the former by employing formal sets of algorithms to differentiate bankrupt and 

non-bankrupt firms. The algorithms include Recursive Partitioning Decision Trees (e.g. 

Frydman et al., 1985; Messier and Hansen, 1988; Tam and Kiang, 1992; Pompe and Felders, 

1997; Sung et al., 1999; Beynon and Peel, 2001; Hu and Ansell, 2007; Tsai, et al., 2014), Case 

Based Reasoning (e.g. Jo et al., 1997; Park and Han, 2002; Li and Sun, 2008), Neural Networks 

(e.g. Coats and Fant, 1993; Altman et al., 1994; Zhang et al., 1999; Pompe and Bilderbeek, 

2005, Lin, 2009, Pendharkar, 2011, Peat and Jones, 2012), Genetic Algorithms (e.g. Varetto, 

1998; McKee and Lensberg, 2002; Shin and Lee, 2002; Min and Jeong, 2009). 

 

The power of micro credit risk models is normally assessed using a range of criteria. The first 

relates to model effectiveness in the long run - most statistical-based models perform poorly in 

this regard (Varetto, 1998). Early work by Altman proposed two such models (incorporating 

differing variable sets but with the same purpose of predicting bankruptcy over substantive 

timeframes): the Z-Score Model (Altman, 1968) and the ZETA model (Altman et. al., 1977). 

The difficulty with such an approach is that in the absence of a theoretical framework, inter-

temporal variability in empirical accuracy is inevitable. The second assessment benchmark 

involves sample characteristics; when a model is constructed on this basis, it is logical to expect 

iterative modifications to be required - this is the case for almost all statistical- and artificial 

intelligence-based models. The third element of appraisal concerns model structure, 

specifically the notion that if another construct (factor) or variable is added to the model, then 

the marginal contribution should be negligible; most contemporary models perform well in 

these terms (Fejer-Kiraly, 2015). The fourth yardstick measures models’ ability to accurately 

reflect the financial health of firms. Strong performance in this regard requires robust 

understanding of financial theory and while statistical and artificial intelligence-based models 



 

This article is protected by copyright. All rights reserved. 

typically perform poorly in these terms, theoretical models also struggle to reflect all the myriad 

possible influences on financial health (Varetto, 1998). The fifth criterion relates to sectoral 

and international applicability, with most modern modelling incorporating a set of variables 

that differs according to this type of contextualization. Finally, models should be generalizable 

across firms’ life cycles. Key dynamics in the bankruptcy process are likely to differ according 

to institutional maturity (Lopez and Saidenberg, 2000), yet no existing models have addressed 

this issue explicitly. 

 

The model we propose here is designed to overcome the pitfalls common in existing theory-

based bankruptcy modeling and to therefore represent a new road map that extant non-theory 

based models can replicate. Prior research of this type has analyzed a set of variables that best 

discriminate bankrupt/non-bankrupt and/or default/non-default firms (e.g. Altman, 1968; 

Pompe and Bilderbeek, 2005). However, the structure of the proposed model emphasizes 

researchers’ need to understand the main dynamics relating to value generation processes by 

indicating variable selection methods that reflect each item’s rationale. The risk indicators are 

therefore introduced for the first time in the context of the bankruptcy process itself. 

 

 

3. THE PROPOSED BANKRUPTCY MODEL 

 

The core dynamic of the proposed model, outlined in Figure 1, is novel. The structure is based 

on the notion that risk is a measureable component of uncertainty - an idea that can be traced 

back to Knight (1921) - and affects the bankruptcy process on this basis. As per conventional 

asset pricing literature (e.g. Celik, 2009; 2012) risk is assumed to be composed of systematic, 

sectoral and unsystematic elements. However, we argue here that the framework can also be 

applied to bankruptcy prediction - the broader perspective this contextualization involves 

means that, unlike in prior studies in the area, each factor requires consideration in its own right 

as a possible risk indicator.  

 

We argue that the bankruptcy process can be viewed as comprising two sub-processes: 

financial distress3 and bankruptcy formation. This distinction has not been made explicit in 

prior literature and represents one of the main contributions of the proposed model. The model 

itself is set out in Figure 1, where ‘bankruptcy’ is not intended to represent a single time point, 

but is instead best understood as an inter-temporal process; although this conceptualization has 
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been used in some earlier normative studies, empirical enquiry has always implicitly treated 

bankruptcy as a discrete point in time by virtue of disaggregating firms into one of two static 

states: bankrupt or non-bankrupt. However, since the bankruptcy process in the present study 

consists of two sub-processes, prediction is focused on the first stage of the broad bankruptcy 

process viz. financial distress. 

 

Bankruptcy can take one of two forms, liquidation and restructuring (Jones and Hensher, 2004). 

Related studies (e.g. Gentry et al., 1985; Claessens et al, 2003) document the large literature 

that has developed over the last four decades in an attempt to discriminate defaulting and non-

defaulting firms. This body of work characterizes the merger/acquisition distress outcome as 

fundamentally different in its implications for long-term survival from 

liquidation/restructuring. For this reason, those firms that merge or are acquired due to financial 

distress are typically removed from the study frames employed, potentially introducing 

survivorship bias into the methodology. Whilst some of the studies disaggregate sample firms 

into more than two groups (Amendola, et al., 2015), for example: default, insolvent and non-

failed (Jones and Hensher, 2004); financial stability, omission or reduction in dividend, 

technical default / default on loan payments, protection under Chapter X or XI of the 

Bankruptcy Act and bankruptcy / liquidation (Lau, 1987) that these delineations in themselves 

are not sufficient to fully address the survivorship bias issue. 

 

In our model - in contrast to the conventional approach whereby risk factors are set out upfront4 

- it is proposed that understanding of firms’ circumstances is best approached by adopting a 

broader viewpoint that permits identification of value addition and dilution. In this context, 

value additivity - which is assumed to be represented (measured) by the term rate of return – 

relates to the question: “what do firms that survive do differently to those that go bankrupt?” 

Logically, this type of value added should increase all stakeholder satisfaction, with risk the 

common factor in this equilibrium (trade-off), as depicted in Figure 1. The “rate of return” 

construct thus plays a key role in the proposed model - if the rate is negative over an extended 

period, then serious distress is likely. Whilst a large literature explores the linkage between risk 

factors and the rate of return (see, e.g. Çelik, 2009; 2012) few prior studies explicitly examine 

rate of return in the context of bankruptcy prediction. Of the studies that have made this 

association, Beaver (1968) - one of the first analyses in this context that employs financial 

variables - proposed using rate of return directly in the model a practice followed by Blum 
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(1974) and Back et al. (1996). Whilst Blum (1974) used rate of return explicitly in his ‘Failing 

Company’ model, Back et al. (1996) include the variable without making direct mention of its 

linkage to the bankruptcy process. 

Figure 1 illustrates another construct that is central to the risk-return-bankruptcy relationship: 

Cost of Capital. Whilst cost of capital is well established as a primary concern of firms (see 

Graham and Harvey, 2001), the relevant proposition here is that risk determines cost of capital. 

We argue that high risk will be associated with a high cost of capital leading in turn to the 

existence of a positive relation between cost of capital and the probability of entering the 

bankruptcy process. Surprisingly, given its intuitive appeal, no prior study makes an explicit 

attempt to model the linkage between cost of capital and bankruptcy5. The intuition adopted 

here stems from well-established real-world axioms, notably the documented persistence of 

inverse relationships between bond ratings and capital costs.6 The proposed model therefore 

incorporates cost of capital, reflecting its status in practice as a potentially important construct 

in the return-risk-bankruptcy process.  

As inspection of the diagram illustrates, the final key construct is Corporate Governance. Park 

and Han (2002) emphasize the management capacity role of the corporate governance construct 

in predicting bankruptcy, and we draw on this logic in setting out two such roles in the proposed 

model. The first relates to a direct impact on the level of (primarily) unsystematic risk, whilst 

the second involves potential influence on dividend, capital structure, ownership structure and 

corporate social responsibility policies. These sub-constructs are assumed to be prevalent in 

terms of rate of return heterogeneity where perfect capital market assumptions are violated. 

This logic is in line with the notion that in deriving the Sharpe-Lintner Capital Asset Pricing 

Model (Sharpe, 1964; Lintner, 1965) perfect capital market assumptions are not sufficient on 

their own, but if the other assumptions are satisfied, then there is no need to propose these sub-

constructs (Çelik, 2009). The simplest way to illustrate why these sub-constructs are needed 

within the current model lies in its design, which deliberately avoids the need for any kind of 

unrealistic assumptions. These sub-constructs are shown in Figure 1 with a dashed line; in these 

cases, variability in certainty levels allows for the possibility of each one having a unique 

impact on rate of return in different types of market. Table 1 summarizes the corporate 

governance construct measures. 
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Figure 1: Proposed Model 

 

 

Dividend policy has been incorporated in several prior studies of bankruptcy prediction. Sung 

et al. (1999) use the ratio of dividends to net income within the construct of profitability in their 

analysis, as does Lin (2009) but without linking it directly to any conceptual construct. Jo et al. 

(1997) include dividend to total equity in the construct of profitability in their analysis, whilst 

Gentry et al. (1985), Gombola et al. (1987) and Aziz and Lawson (1989) all apply the absolute 

value of dividends to their analyses. Elsewhere in the literature, dividend policy is treated as a 

state variable and used as a dummy in distress modelling.7 Although each of these studies finds 

that dividend policy has a discriminating role in predicting bankruptcy, they do not propose a 

conceptual linkage with the latter process itself. In contrast, our proposed model explicitly 

incorporates the notion of dividend policies operating as part of broader firm dynamics.  

 

Capital structure is also used regularly in bankruptcy prediction. The variable has been 

measured as the ratio of total liabilities to total equity (total liabilities to total assets) in 12 (34) 

of the studies reviewed in the context of long-term solvency constructs in Çelik (2013). As 

with dividend policy, capital structure decisions may become irrelevant given certain market 

condition assumptions. Since our proposed model does not attempt or require pre-judging of 

the latter, capital structure is included as a potential influence on rate of return, again in the 

context of its linkage with the bankruptcy process.  
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Ownership structure is also proposed here as an identifiable determinant of rate of return. 

Claessens et al. (2003) emphasize ownership structure in the context of predicting bankruptcy, 

measuring it in two ways: (i) by identifying firms affiliated with a business group where the 

ultimate owner has at least 20% of the voting rights; and (ii) by identifying firms that are owned 

by a bank - or by a business group that also owns a bank. However, unlike in the present study, 

the impact of ownership structure on rate of return in prior analyses is not explicitly linked to 

the bankruptcy process. The final element in our model is corporate social responsibility (CSR). 

The relationship between CSR and bankruptcy process has not been studied extensively except 

the study of Verwijmeren and Derwall (2010) which explores the relationship between CSR 

and firm rating. This variable does not feature in most prior examinations of the bankruptcy 

process, and contemporary financial textbooks continue to argue that the primary goal of the 

management team is to maximize shareholders’ wealth. However, the critical role of a wide 

range of stakeholders in facilitating corporate success is now widely acknowledged (see, e.g., 

Freeman, 1994; Harrison and Wicks, 2013) and an increasing number of firms are becoming 

eager to promote themselves as environmentally-friendly through green initiatives focusing on 

recycling/energy saving etc. (see, e.g., Carroll and Shabana, 2010; Du et al., 2010).  Thus, it 

seems appropriate to acknowledge the impact of social responsibility on corporate performance 

and we do this here by including CSR as a fourth sub-construct influence on rate of return in 

the model. 

 

 

4. ESTIMATION OF THE PROPOSED MODEL  

 

Estimating the proposed model depicted in Figure 1 requires identification of the optimal 

measures for each construct; the development of the measures for each construct plays a crucial 

role in confirming the underlying propositions. Ultimately, it is the model’s ability to 

differentiate distressed and non-distressed firms that matters. While this empirical question has 

been addressed many times in the extant literature, our proposed model suggests a new road-

map for variable selection and the discussion now terms to the three-stage procedure we adopt 

to test the viability of this approach. The first stage involves selecting risk indicators for the 

firms; in the present case, risk indicators for manufacturing industry are employed. The second 

employs the key construct of corporate governance and its related sub-constructs to identify 

non-distressed firms, with the separate set of indicators shown in Table 2 then used to identify 

distressed firms (Section 4.4 below details the rationale for the choice of variables in this 
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context). Finally, univariate and multivariate statistical techniques are used to disaggregate the 

firms into distressed and non-distressed samples. 

 

The third of these stages is common to the methodology of most prior analyses of corporate 

bankruptcy whereas the first and second are introduced for the first time here. The rate of return 

construct and the cost of capital are not used in our testing methodology. There are three 

reasons for this: (i) both rate of return and cost of capital have indirect linkages with the 

bankruptcy process; (ii) the data horizon of five years may not reflect any underlying 

relationship; and (iii) given the conceptual basis of our model as set out above, rate of return 

and cost of capital are treated as output variables rather than input variables, thus risk may 

increase the cost of capital, but not the reverse. 

 

4.1. Data and Method 

 

The empirical analysis is conducted using cross-sectional data for the manufacturing firm 

sector on the Istanbul Stock Exchange (ISE) between 2007 and 2011. The research design for 

testing the main hypothesis is centred on equally-sized distressed and non-distressed samples 

in the multivariate analysis (logistic regression) whereas the univariate analysis (independent 

sample test) is carried out for three samples of distressed, non-distressed and other firms. The 

numbers of distressed firms are as follows8: 20 in 2007; 23 in 2008; 26 in 2009; 31 in 2010 and 

24 in 2011. The criteria for selecting distressed and non-distressed firms are depicted in Table 

2; independent sample tests and logistic regression are used to examine the proposed model’s 

ability to predict bankruptcy. 

 

4.2. Corporate Governance Measures  

 

The governance measures set out in Table 1 were selected and structured according to their 

availability and suitability for a study of corporate bankruptcy. Firms that are actively traded 

on the ISE are graded by independent corporate governance rating firms licensed by the Turkish 

Capital Market Board. These ratings are used by the ISE to construct its Corporate Governance 

Index (XKURY), a measure developed in 2007 to reflect the equity prices of companies with 

a rating of at least 7 (out of a maximum of 10). There are four parts to the awarded score: 

relations with shareholders (contributing 25% of the total), public disclosure activity (35%), 

stakeholder engagement (15%) and board of directors’ and executives’ behaviour (25%).9 In 
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the analysis in the present study, the variable takes the value of one if the firm is included in 

the index and zero otherwise. Although dividend yields were calculated for all the firms that 

paid dividends, a sizable proportion of the sample did not make any such payouts over the 

sample period and so this variable was incorporated into the analysis in dummy form. 

 

Table 1: Corporate Governance Construct Measures 

Code Construct Variable Description 

CG Corporate Governance 
Dummy 1: Rated 0: Non-Rated 

Rate Present Not present 

DP Dividend Policy 
Dummy 1: Payer 0: Non-Payer 

Dividend Yield Present Not present 

OS Ownership Structure 

First Owner Share Present 

First Three Owner Share Present 

Open Public Share Present 

CS Capital Structure 
Dummy 

1: equity intensive 

(equity≥66.6%) 

2: debt intensive 

(debt≥66.6%) 

3: weighted 

(33.3<CS<66.6) 

Rate 
(Total Debt/Total Asset) 

Present Present Present 

CSR Corporate Social Responsibility 

Dummy 1: intensive 

(Index Value 

≥66.6%) 

2: moderate 

 (33.3< Index 

Value <66.6) 

3:non intensive 

(Index Value 

≤33.3%) 

Index  
(calculated for the study) 

Present Present Present 

Notes: This table outlines the corporate governance construct measures used in the study. 

 

Capital structure was captured via both categorical and continuous measures. As a continuous 

variable, the total debt/total asset ratio was used; as a categorical variable, the ratio was 

disaggregated into three segments which, as inspection of Table 1 indicates, are termed here 

as: equity intensive – if equity represents more than 66.6% of total capital employed; debt 

intensive – if debt contributes more than 66.6% of total capital employed; and weighted – in all 

other cases. Ownership structure is represented by three continuous variables: the proportion 

of shares held by the largest owner; the total proportion held by the three largest owners; and 

the total proportion of shares that are publicly held. It was considered most appropriate to 

measure ownership structure by continuous variables rather than categorical variables since the 

latter may not provide meaningful information regarding firm centralization (Klein et al., 

2005). 

 

The final governance-related measure, CSR was not straight-forward to estimate as there are 

no well-established indicators of this variable in Turkey.10 The values attributed to the sample 
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firms were therefore calculated on the basis of a weighted disclosure index measure similar to 

that employed in prior studies and reflecting the existence or otherwise of CSR-related 

information in the annual report on: Corporate Strategy, Management and Processes (10% 

weighting), Economic (30%), Social (30%), Environmental (25%) and Corporate Social 

Responsibility Report (5%). The resultant variable was structured on the basis of the following 

scoring categories: intensive (a score higher than 66.6%), moderate (between 33.3% and 

66.6%) and non-intensive (rate lower than 33.3%).  

 

Table 2: Bankruptcy Process Construct Measures 

Code Construct 
Variable 

Code Variable Description 

FD Financial 

Distress 

Dummy 1: Distressed 
(distressed firm sample) 

2: Non-Distressed 
(Non-Distressed firm sample) 

  Criteria (i) Included in Watchlist Companies 

Market; 

(ii) Total debt > Total assets;  

(iii) Prepared financial statements on 

the basis of Turkish Bankruptcy Code  

324;  

(iv) Announced losses in three 

consecutive years;  

(v) Was subject of legal debt 

execution.     

(i) Included in sub-sector of 

distressed firms (obligatory); 

(ii) Relatively high corporate 

governance rating; 

(iii) Relatively high corporate 

social responsibility;  

(iv) Dividend payment; 

(v) Decentralized ownership; 

(vi) Equity-intensive capital 

structure. 

LQ Liquidation  Not Included in Analysis 

RO Reorganization  Not Included in Analysis 

Notes: This table outlines the bankruptcy process construct measures used in the study. 

 

4.3. Risk Measures  

 

The risk measure comprises three sub-constructs: systematic risk, sectoral risk and 

unsystematic risk. Systematic and sectoral risks are measured via the conventional beta 

coefficient in the Capital Asset Pricing Model (Sharpe, 1964; Lintner, 1965), with the ISE100 

Index and sectoral indices proxying for the market portfolio and sectoral betas respectively. 

Calculation of the beta coefficient was carried out using a five-year data window and monthly-

adjusted returns.11 Unsystematic risk was constituted by five sub-constructs: cash flow risk; 

short-term solvency risk; long-term solvency risk; profitability risk and asset utilization risk. 

The number and type of unsystematic risks incorporated in the analysis was designed to reflect 

the structure of manufacturing industry - the proposed model does attempt to define what 

constitutes systematic, sectoral or unsystematic risks for use in the estimation. We 

acknowledge that the variables representing the model constructs are open to debate, whereas 

the main linkages between risk and other constructs are testable. In particular, unsystematic 
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risk variables are determined based on the proxies used more regularly in related literature. 

Whilst views differ regarding the precise efficacy of particular variables, a role is allocated 

here to those employed most-commonly so as to reflect firms’ unsystematic characteristics in 

a pervasive manner. Table 3 summarizes the set of variables employed to measure for 

systematic, sectoral and unsystematic risks.12 

 

Table 3: Risk Construct Measures 

Code Construct 
Variable 

Code 
Variable Description 

SYS. Market Beta Beta (M) COV (Market Return; Firm X Return)/VAR (Market Return) 

SEC. 
Sector Beta Beta (S) COV (Sector Return; Firm X Return)/VAR (Sector Return) 

Sub-Sector Beta Beta (SS) COV (Sub-Sector Return; Firm X Return)/VAR (Sub-Sector Return) 

CFR 

(UNS) 
Cash Flow Risk 

CFR1 Cash Flow from Operations / Total Liabilities 
CFR2 Cash Flow  from Operations / Total Assets 
CFR3 Cash Flow  from Operations / Current Liabilities 
CFR5 Cash Flow from Operations / Sales 

SSR 

(UNS) 

Short-Term 

Solvency Risk 

SSR1 Current Assets / Current Liabilities 

SSR2 Net Working Capital / Total Assets 
SSR3 Quick Assets / Current Liabilities 

SSR4 Current Assets / Total Assets 

SSR5 Cash / Current Liabilities 
SSR6 Cash / Total Assets 

SSR7 Quick Assets / Total Assets 

SSR8 Current Liabilities / Total Assets 
SSR9 Net Working Capital / Sales 

SSR10 Net Working Capital / Total Equity 

SSR11 Current Liabilities / Total Equity 
SSR12 Current Liabilities / Total Liabilities 

LSR 

(UNS) 

Long-Term 

Solvency Risk 

LSR1 Total Liabilities / Total Assets 
LSR3 Total Equity / Total Asset 
LSR4 Total Liabilities / Total Equity 
LSR6 Total Equity / Fixed Assets 
LSR7 Fixed assets / Total Assets 

PRR 

(UNS) 
Profitability Risk 

PRR1 Net Income / Total Assets 

PRR2 Earnings Before Interest & Taxes / Total Assets 
PRR4 Net income / Total Equity 
PRR5 Net Income / Sales 
PRR6 Earnings Before Interest & Taxes / Sales 

AUR 

(UNS) 

Asset Utilization 

Risk 

AUR1 Sales / Total Assets 
AUR2 Inventory / Sales 

AUR3 Sales / Total Equity 

AUR4 Sales / Receivables 
AUR5 Sales / Net Working Capital 

AUR6 Cost of Goods Sold / Inventory 

AUR8 Sales / Inventory 
AUR9 Accounts Receivable / Current Assets 

AUR12 Sales / Cash 

AUR13 Sales / Quick Assets 
AUR14 Sales / Fixed Assets 

Notes: This table outlines the risk construct variables used in the empirical analysis. UNS = Unsystematic Risk; SEC = Sectoral 

Risk; SYS = Systematic Risk; COV = Covariance; VAR = Variance   
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4.4. Bankruptcy Process Measures  

 

The model assumes that there are two sub-processes in bankruptcy, namely financial distress 

and bankruptcy. In this context, bankruptcy itself can take at least two forms (e.g. liquidation 

and restructuring).13 The key part of the analysis is the identification of distressed and non-

distressed samples of firms as the discriminating variables are dependent on these sample 

characteristics. Table 2 provides a detailed description of the chosen criteria. Five were chosen 

as the basis for characterizing firms as distressed; of these, criteria (ii), (iv) and (v) have been 

used in prior related studies (e.g. Aktaş et.al, 2003; and Vuran, 2009) whilst criteria (i) and (iii) 

- inclusion in the Watchlist Market14 and having prepared financial statements on the basis of 

bankruptcy15 respectively - were also included, given their nature as independent identifiers of 

firms in significant difficulty. As Table 2 also indicates, identification of non-distressed firms, 

was based on model constructs relating to corporate governance rating, corporate social 

responsibility, dividend policy, ownership structure and the extent of equity-intensiveness.  

However, to ensure meaningful analysis, it was made obligatory for the number of non-

distressed firms in a particular market sub-sector to be the same as in the distressed 

counterpart.16 

   

 

5. UNIVARIATE ANALYSIS OF PROPOSED MODEL CONSTRUCTS  

 

This section presents the results of univariate analysis comparing: (i) distressed firms and non-

distressed firms; and (ii) distressed firms and other firms. The variables subjected to univariate 

analysis are the same as those incorporated in the multivariate version.17 Since it is assumed 

that distressed and non-distressed firms represent different corporate states, independent 

sample testing is employed, in this case the independent sample t-test (parametric) and the 

Mann-Whitney U-test (non-parametric). For variables BETAm (market beta - systematic risk 

indicator), CFR1 (cash flow risk), SSR1 (short-term solvency risk), LSR1 (long-term solvency 

risk), PRR1 (profitability risk), and AUR1 (asset utilization risk), the criteria are set based on 

the role of these variables in univariate and multivariate analyses. The selection of these 

measures was made based on the following: (i) coefficient significance; (ii) correlations with 

each alternative measure (i.e. the extent of multicollinearity); and (iii) marginal contribution to 
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the empirical model. The variables are all continuous and represent the risk constructs 

differentiating samples’ characteristics  

 

Table 4 reports the mean differentials for distressed and non-distressed firms while Table 5 

provides the same information for the distressed versus other analysis; the parametric and non-

parametric test statistics are reported along with an indication of whether or not the data were 

normally distributed18. The results differ across the two tables; for example, in 2011 the null 

hypotheses (where the null represents the absence of significant differences) can be rejected at 

the 5% level for BETAm, CFR1 (on a non-parametric basis only), SSR1 (non-parametric), 

LSR1 (non-parametric), PRR1 (non-parametric) and AUR1. In contrast, BETAm is no longer 

significant on either basis in Table 5 whereas CFR1 is significant on both bases in the latter.19 

The results for 2010 also illustrate variance in the two sets of outputs; inspection of Table 4 

shows that in five cases (all but AUR1) the coefficients were significant on both parametric 

and on-parametric bases. In contrast, Table 5 reveals that for four of the six variables, the t-test 

was significant, but the Mann –Whitney statistic was not. Whilst other such differences can be 

seen in the data for 2007-2009, the evidence in the two tables suggests that CFR1, SSR1, LSR1 

and PRR1 perform strongly across the sample period in differentiating between distressed and 

non-distressed/other firms, on both parametric and non-parametric bases. In contrast, AUR1 is 

of limited predictive ability whilst BETAm is only really helpful in differentiating non-

distressed and distressed firms in the two most recent years. 
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Table 4: Independent Sample Test Results for Distressed and Non-Distressed Firms 

 
 2007 2008 2009 2010 2011 

 
 

N 

t 
(Sig. (2-

tailed)) 

Mann- 

Whitney 

U ((Sig. (2-
tailed)) 

N 
t 

(Sig. (2-

tailed)) 

Mann- 

Whitney 

U ((Sig. (2-
tailed)) 

N 
t 

(Sig. (2-

tailed)) 

Mann- 

Whitney 

U ((Sig. (2-
tailed)) 

N 
t 

(Sig. (2-

tailed)) 

Mann- 

Whitney 

U ((Sig. (2-
tailed)) 

N 
t 

(Sig. (2-

tailed)) 

Mann- 

Whitney 

U ((Sig. (2-
tailed)) 

BETAm 

  

Non-Distressed* 20 -2.087 

(.044) 

126.50 

(.047) 

23 -1.254 

(.217) 

224.00 

(.380) 

26 -1.397 

(.169) 

281.50 

(.306) 

31 -2.457 

(.017) 

305.50 

(.013) 

24 2.939 

(.005) 

157.00 

(.007) Distressed* 20 23 26 31 24 

CFR1 Non-Distressed* 20 2.047 

(.048) 

128.00 

(.051) 

23 1.575 

(.122) 

161.00 

(.021) 

26 1.441 

(.156) 

241.50 

(.078) 

31 2.095 

(.040) 

287.50 

(.006) 

24 -1.638 

(.108) 

94.00 

(.000) Distressed** 20 23 26 31 24 

SSR1 Non-

Distressed** 
20 2.096 

(.043) 

72.00 

(.000) 

23 2.821 

(.007) 

103.50 

(.000) 

26 3.035 

(.004) 

177.50 

(.003) 

31 2.678 

(.010) 

146.00 

(.000) 

24 .034 

(.973) 

135.00 

(.002) 
Distressed** 20 23 26 31 24 

LSR1 Non-Distressed* 20 -3.065 

(.004) 

91.00 

(.003) 

23 -2.723 

(.009) 

131.50 

(.003) 

26 -2.832 

(.007) 

172.00 

(.002) 

31 -2.705 

(.009) 

241.00 

(.001) 

24 1.921 

(.067) 

174.00 

(.019) Distressed* 20 23 26 31 24 

PRR1 Non-Distressed* 20 1.613 

(.115) 

44.50 

(.000) 

23 3.548 

(.001) 

78.00 

(.000) 

26 1.220 

(.228) 

139.00 

(.000) 

31 5.829 

(.000) 

58.00 

(.000) 

24 -1.736 

(.096) 

67.00 

(.000) Distressed** 20 23 26 31 24 

AUR1 Non-Distressed* 20 1.543 

(.131) 

160.00 

(.286) 

23 .942 

(.351) 

243.00 

(.644) 

26 1.609 

(.114) 

261.00 

(.161) 

31 1.682 

(.098) 

386.00 

(.187) 

24 -2.973 

(.005) 

158.00 

(0.007) Distressed* 20 23 26 31 24 

Notes: This table reports test statistics relating to differences in the variable data for non-distressed and distressed firms. * = Normally Distributed; **= Not Normally Distributed; N = Number of 

Firms; BETAm = COV (Market Return; Firm X Return)/VAR (Market Return); CFR1 = Cash Flow from Operations / Total Liabilities; SSR1 = Current Assets / Current Liabilities; LSR1 = Total 

Liabilities / Total Assets; PRR1 = Net Income / Total Assets; AUR1 = Sales / Total Assets. Reported significance levels are two-tailed and control for variance inequality. 
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Table 5: Independent Sample Test Results for Distressed and Other Firms 

 
 2007 2008 2009 2010 2011 

 
 

N 

t 

(Sig. (2-

tailed)) 

Mann- 

Whitney 

U ((Sig. (2-
tailed)) 

N 

t 

(Sig. (2-

tailed)) 

Mann- 

Whitney 

U ((Sig. (2-
tailed)) 

N 

t 

(Sig. (2-

tailed)) 

Mann- 

Whitney 

U ((Sig. (2-
tailed)) 

N 

t 

(Sig. (2-

tailed)) 

Mann- 

Whitney 

U ((Sig. (2-
tailed)) 

N 

t 

(Sig. (2-

tailed)) 

Mann- 

Whitney 

U ((Sig. (2-
tailed)) 

BETAm 

  

Distressed* 20 .169 

(.866) 

954.00 

(.699) 

23 -.904 

(368) 

898.00 

(.148) 

26 -.153 

(.878) 

1169.00 

(.799) 

31 -.756 

(.451) 

810.50 

(.001) 

24 -.226 

(.822) 

1276.5 

(.908) Other* 101 97 93 89 108 

CFR1 Distressed** 20 -1.450 

(.150) 

694.50 

(.027) 

23 -.989 

(.324) 

640.00 

(.001) 

26 -3.260 

(.001) 

751.00 

(.003) 

31 -2.857 

(.028) 

1292.00 

(.667) 

24 -3.497 

(.001) 

786.50 

(.005) Other** 101 97 92 88 103 

SSR1 Distressed** 20 -2.793 

(.006) 

327.50 

(.000) 

23 -4.616 

(.000) 

412.00 

(.000) 

26 -4.917 

(.000) 

625.50 

(.000) 

31 -3.392 

(.001) 

1353.00 

(.877) 

24 -.138 

(.891) 

676.00 

(.000) Other** 101 97 93 89 108 

LSR1 Distressed* 20 3.242 

(.004) 

427.50 

(.000) 

23 2.909 

(.008) 

511.50 

(.000) 

26 3.252 

(.003) 

461.50 

(.000) 

31 2.665 

(.012) 

1350.00 

(.863) 

24 1.908 

(.069) 

795.00 

(.003) Other* 101 97 93 89 108 

PRR1 Distressed** 20 -1.571 

(.132) 

305.00 

(.000) 

23 -4.082 

(.000) 

342.00 

(.000) 

26 -1.215 

(.235) 

560.50 

(.000) 

31 -5.200 

(.000) 

1066.00 

(.060) 

24 -1.551 

(.134) 

446.50 

(.000) Other** 101 97 93 89 108 

AUR1 Distressed* 20 -1.426 

(.156) 

857.00 

(.289) 

23 .052 

(.959) 

1113.00 

(.988) 

26 -.386 

(.700) 

1160.00 

(.753) 

31 -.531 

(.597) 

1135.00 

(.144) 

24 -2.899 

(.006) 

838.50 

(.006) Other* 101 97 93 89 108 

Notes: This table reports test statistics relating to differences in the variable data for distressed and other firms. * = Normally Distributed; ** = Not Normally Distributed; N = Number of Firms; 

BETAm = COV (Market Return; Firm X Return)/VAR (Market Return); CFR1 = Cash Flow from Operations / Total Liabilities; SSR1 = Current Assets / Current Liabilities; LSR1 = Total 

Liabilities / Total Assets; PRR1 = Net Income / Total Assets; AUR1 = Sales / Total Assets. Reported significance levels are two-tailed and control for variance inequality. 
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Table 6: Pearson Correlation Coefficients for the Unsystematic Risk Measures 

 BETAm CFR1 SSR1 LSR1 PRR1 

 

2
0
1
1
 

2
0
1
0
 

2
0
0
9
 

2
0
0
8
 

2
0
0
7
 

2
0
1
1
 

2
0
1
0
 

2
0
0
9
 

2
0
0
8
 

2
0
0
7
 

2
0
1
1
 

2
0
1
0
 

2
0
0
9
 

2
0
0
8
 

2
0
0
7
 

2
0
1
1
 

2
0
1
0
 

2
0
0
9
 

2
0
0
8
 

2
0
0
7
 

2
0
1
1
 

2
0
1
0
 

2
0
0
9
 

2
0
0
8
 

2
0
0
7
 

N 48 62 52 46 40 48 62 52 46 40 48 62 52 46 40 48 62 52 46 40 48 62 52 46 40 

CFR1 

-.0
7

6
 

-.0
2

7
 

-.0
6

4
 

-.0
3

1
 

-.2
4

6
 

                    

SSR1 

-.2
8

4
 

-.1
3

1
 

.0
3

4
 

-.1
1

8
 

.0
0

7
 

.0
0

0
 

-.1
1

8
 

.1
9

7
 

-.0
2

9
 

-.4
7

4
*
* 

               

LSR1 

.0
1

9
 

.1
7

6
 

-.0
2

6
 

.1
5

6
 

.0
4

4
 

-.0
8

5
 

-.0
0

7
 

-.0
6

6
 

-.0
4

3
 

.0
0

9
 

-.2
2

9
 

-.3
8

6
*
* 

-.4
8

1
*
* 

-.4
5

7
*
* 

-.4
8

9
*
* 

          

PRR1 

-.0
4

0
 

-.1
7

3
 

.0
8

6
 

-.1
9

9
 

-.0
5

2
 

.0
9

1
 

.1
4

9
 

.1
9

8
 

.1
5

0
 

.0
9

0
 

.2
8

5
* 

.2
7

9
* 

.2
7

3
 

.4
4

3
*

* 

.2
0

4
 

-.9
5

4
*
* 

-.6
2

0
*
* 

.0
9

1
 

-.8
0

6
*
* 

-.5
1

5
*
* 

     

AUR1 

.1
4

8
 

.1
4

8
 

.0
7

2
 

-.0
9

8
 

-.2
0

4
 

.0
1

1
 

.2
4

2
 

.0
7

1
 

-.0
5

1
 

.1
9

0
 

-.1
6

1
 

-.1
4

4
 

.0
0

7
 

-.1
3

1
 

-.1
0

6
 

-.1
8

7
 

-.0
4

9
 

-.0
3

5
 

.1
4

4
 

-.0
6

3
 

.2
1

6
 

.1
7

6
 

.3
8

8
*
* 

-.0
7

5
 

.3
1

8
* 

Notes: This table details Pearson correlation coefficients relating to the five unsystematic risk measures. * = Correlation significant at the 0.05 level (2-tailed). ** = Correlation significant at the 0.01 level (2-tailed). N = 

Number of Firms; BETAm (Market Beta) = COV (Market Return; Firm X Return)/VAR (Market Return); CFR1 = Cash Flow from Operations / Total Liabilities; SSR1 = Current Assets / Current Liabilities; LSR1 = 

Total Liabilities / Total Assets; PRR1 = Net Income / Total Assets; AUR1 = Sales / Total Assets. 
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6. MULTIVARIATE ANALYSIS OF THE PROPOSED MODEL 

 

This section discusses the results of multivariate analysis employing multiple logistic 

regression models. The primary reason for conducting logistic regression20 is the flexibility in 

its assumptions relative to other multivariate techniques such as discriminant analysis.21 Prior 

to the logistic regression analysis, Pearson correlation coefficients were calculated for the six 

variables with the results shown in Table 6. As a research constraint (choice), one variable per 

unsystematic construct is required for use in the estimated model. The elimination criteria 

outlined earlier primarily relate to the extent of correlation among variables within and outside 

the constructs, the significance of their coefficients and their marginal contribution to the 

estimated models. As a result, one variable representing systematic risk and five variables 

representing unsystematic risks were chosen. Sectoral risk is omitted from the estimated 

logistic models due to its high correlation with systematic risk.22 Despite searching carefully 

for appropriate independent candidate variables, correlation coefficients for greater than 0.7 

were observed for PRR1 and LSR1 in 2011 and 2008. This finding is a consequence of the 

need in this theoretical context for one variable to represent each individual construct but, as 

noted above, correlation extent is not the only influence on variable selection. In Table 7 we 

report two versions of each year’s logistic regression model, the first (‘default’) model includes 

all five unsystematic risk variables (CFR1, SSR1, LSR1, PRR1, AUR1), whilst the second 

(reduced form) model reports results based on stepwise regression employed to eliminate 

irrelevant variables.23 Inspection of the figures in the table indicate that in 15 out of 16 cases, 

the reduced form model had the same coefficient sign as in the default model, with significance 

/non-significance at the 5% level the same in 15 cases as well. 

 

Evaluation of the model involves four stages. Firstly, the overall accuracy of the model is 

examined via Type I and Type II error rates. At the second stage, the significance of estimated 

coefficients is examined. Thirdly, the signs of the coefficients are compared to those in the 

proposed model before, at the final stage, overall model fit is analysed. The estimated models 

for 2010 and 2011 perform well in terms of overall accuracy; error rates for the default models 

for 2011 and 2010 are 4.2% and 3.2% respectively. Type I error rates for the default models 

across 2011 and 2010 (i.e. classifying a distressed firm as non-distressed), are just 4.2% and 

6.5% respectively; the corresponding Type II error rates are 4.2% and 0%. The error rates for 

the reduced form model, although slightly higher than for the default model, remain below 10% 

in most cases. The estimated models perform less strongly for the earlier sample years of 2009, 
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2008 and 2007, a trend common in the literature and which relates to the built-in change in 

distance to default (or length of distress). In our case ten distressed firms were present across 

the entire study time-frame, leading to the automatic decay in prediction accuracy demonstrated 

in the table. As noted earlier, when logistic regressions are performed in small samples, 

insignificant coefficients are often observed and so we ran the model using data for the whole 

period of study (2007-2011). In this case, Table 7 reveals that almost all the coefficients are 

significant at the 5% level in both the default and reduced form versions. The power of the new 

model proposed here is evident when these results are considered in the context of Table 8, 

where key prior findings in the evolution of the literature of bankruptcy prediction (including 

theory-, statistical- and AIES-based analyses) are set out.24 Inspection of the table demonstrates 

that overall predictive accuracy of our default model is greater than those examined in any of 

the previous studies. Indeed, predictive power has tended to fall away over time, with studies 

of modern capital markets over the past thirty years generally failing to reach 90% accuracy, 

with figures of 80% or less now common. Importantly, given the relative cost of Type I errors 

outlined earlier, the latter are rarely documented as being in single figures in the recent studies, 

exceeding 40% in one case. 

 

The signs of the coefficients are generally in line with their predicted role on our model. Again, 

looking at the two most recent years,25 BETAm, CFR1, SSR1, LSR1, PRR1 and AUR1 have 

positive, negative, positive, positive, negative and negative signs respectively in 2011, and 

positive, negative, negative, positive, negative and negative signs respectively in 2010. Five of 

the variables therefore have consistent directional influence in each of the two most recent 

years with three (CFR1, LSR1 and AUR1) proving significant at the five percent level for both. 

The only difference among these two years relates to the sign of SSR1 (current ratio). In this 

case, only the negative sign for 2010 (one-year prior to the final condition of the firm) is 

significant. More formally, and looking across the five sample years as a whole, the results can 

be summarized thus: 

 

 Increased market risk leads to an increase in the probability of distress; 

 Increased cash flow leads to a decrease in the probability of distress; 

 Increased short-term solvency leads to a decrease in the probability of distress; 

 Increased long-term solvency leads to an increase in the probability of distress; 

 Increased profitability leads to a decrease in the probability of distress; 

 Increased asset utilization leads to a decrease in the probability of distress. 

 



 

This article is protected by copyright. All rights reserved. 

The conluding remarks (I, II, III, IV, V and VI) we obtained as a result of testing the theoretical 

model are important in the context of the related financial literature. These implications have 

been directly or indirectly revealed in the finance literature, but have been introduced for the 

first time under a single (unified) bankruptcy model we proposed. 

The basic prediction of the theoretical model is the inverse relationship between risk and 

financial distress. Therefore, it is an expected result that an increase in the market risk increases 

the probability of falling into financial distress. The existence of an inverse relationship 

between risk and return is a known implication in the finance literature. As a natural result of 

this inverse relationship, a continuous increase in risk level is expected to have an impact on 

financial distress. The prediction of an inverse relationship between market risk and financial 

distress is supported by empirical data. As predicted by the model, as the market risk level 

increases, the probability of companies to fall into financial distress increases. 

The empirical data confirmed that the cash flow construct, which is an important dimension 

we proposed within the theoretical model, is inversely related to the probability of financial 

distress. The cash flow construct is extremely important for the continuity of the businesses. 

‘Cash is king’, the expression that reveals the importance of the cash flow dimension is 

frequently mentioned in the relevant academic literature. As a result of the predictions of the 

theoretical model and the econometric estimate we made in this study, the existence of an 

inverse relationship between the cash flow level of the enterprises and financial distress was 

confirmed. 

Another prediction of the theoretical model is the inverse relationship between the short-term 

solvency dimension and financial distress. The existence of this inverse relationship means that 

if the liquidity problem increases, the probability of financial distress increases. This was 

confirmed by empirical data with an econometric forecast. However, the short-term solvency 

dimension has a more specific situation. This situation can be called as optimality condition of 

liquidity. Although high liquidity is important for companies, the desired liquidity is expected 

to be optimal. In other words, it is not desirable for companies to have too high or too low 

liquidity. The fact that the liquidity condition is too low causes financial distress costs, and that 

it is too high will lead to opportunity costs of liquidity that is not used efficiently. If we evaluate 

the empirical results of the theoretical model in this respect, we can say that the main reason 

for the inverse relationship between short-term solvency and financial distress is the low 

liquidity of firms. 
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The relationship between long-term solvency and financial distress, another dimension of the 

theoretical model, is that the increase in firms' indebtedness levels increases the probability of 

financial distress. Long-term solvency has a special structure (optimality condition) as it is the 

case in short-term solvency. In other words, companies are expected to have neither low nor 

high debt levels. Since debt financing brings tax advantage to businesses, this benefit is low in 

low debt structure of enterprises. On the other hand, high debt financing increases the 

bankruptcy costs that businesses need to bear. Therefore, we can say that there is an optimum 

level of capital structure (which is known as capital structure trade off theory). If we evaluate 

the empirical results of the theoretical model in this respect, we can say that the main reason 

for the inverse relationship between long-term solvency and financial distress is the high debt 

level of firms. 

The relationship between profitability and financial distress, another dimension of the 

theoretical model, is that the increase in profitability levels of firms reduces the probability of 

financial distress. This result is an expected outcome for businesses due to the fact that 

profitability are vital for their financial sustainability. The financial viability of businesses is 

proportional to their investments with positive net present value. They are expected to continue 

their activities with the added values that will emerge as a result of these investments. For this 

reason, the prediction of an inverse relationship between the profitability levels of companies 

and the probability of financial distress was confirmed by empirical data. 

The relationship between asset utilization and financial distress, which is the final dimension 

of the theoretical model, is that an increase in asset utilization  levels of companies reduces the 

probability of financial distress. In other words, as an expected result of the increase in the 

efficiency levels of the enterprises, the probability of falling into financial distress will 

decrease. Enterprises carry out their activities in a way to create positive added value in high 

asset efficiency. Therefore, as the theoretical model predicts, the inverse relationship between 

asset productivity and financial distress is supported by empirical data. 

As regards model fit, Table 7 details Chi-square statistic p values, -2 Log Likelihood statistics, 

Hosmer and Lemeshow Test p values and the Nagelkerke R-squared. In all twelve cases, the 

Chi-square statistics are close to zero, indicating that the explanatory variables add significant 

explanatory power. In addition, in all models (again both default and reduced form), the -2 Log 

Likelihood statistics are lower than those of baseline models (i.e. in the absence of independent 

variables). The Nagelkerke measure26 indicates the amount of variation in the dependent 
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variable explained by the independent variables. Whilst the figures are lower for the reduced 

form than for the baseline model, the figures are all greater than 29%, reaching 75% - 89% for 

2010 and 2011. 

 

As a final analysis for assessing the discriminatory power of the estimated model, ROC 

(Receiver Operating Characteristic) curves can be used as a technique which is common in 

bankruptcy prediction literature (Sobehart and Keenan, 2001 and Engelmann, et.al., 2003; 

Fawcett, 2006). ROC curve is also used for evaluating performance of different models in 

training and estimation samples, models with and without specified variables and models that 

create misclassification costs (Bhimani, et.al., 2010; Li and Miu, 2010). ROC curve is drawn 

by varying the cutoff probability which is useful when there is unequal sample. In our case, 

since we used matched samples (in case of estimated model above, it is .5), we interpret the 

results in terms of area under the curve. As depicted in Figure 2 and Table 9, the area under the 

curve is higher than 85% which can be considered as successful. In Figure 2, 45-degree line 

represents a random prediction model whereas the curve which above this line represents the 

predictive model. It is safe to state that ROC curve confirms the discriminative power of the 

estimated models.  
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Figure 2: ROC Curve – Multiple Graphs for the Analysis 

 
ROC Curve – 2007-2011 (full period) 

 
ROC Curve – 2011 

 

ROC Curve – 2010 
 

ROC Curve – 2009 

 
ROC Curve – 2008  

ROC Curve – 2007 
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Table 7: Logistic Regression Results  

Year Model(s) Variables in the Equation 

Percentage Correct FD 
Firms / 

Total 

Sample 

Chi-square 

tests  
(p) 

-2 Log 
Likelihood 

Nagelkerke 
R Square 

Type I 

Error % 

Type II 

Error % 

Overall 
Accuracy 

% 

2011 

All Variables 

 (Default Model)  

  constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
4.2 

(1/24) 
4.2 

(1/24) 
95.8 

(2/48) 

50% 

.000 23.779 .786 Coef. -5.10 5.53 -8.73 .366 4.93 -2.69 -2.67 

 Sig. .053 .027 .039 .258 .025 .687 .029 

Reduced Form Model   constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
12.5 

(3/24) 

4.2 

(1/24) 

91.7 

(4/48) 
.000 26.442 .755 Coef. -2.34 4.70 -9.54  3.56  -3.23 

 Sig. .165 .034 .023  .046  .013 

2010 

All Variables 

 (Default Model) 

  constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
6.5 

(2/31) 
0 

(0/31) 
96.8 

(2/62) 

50% 

.000 18.266 .886 Coef. .640 5.18 -14.09 -3.51 11.88 -68.88 -4.74 

 Sig. .855 .12 .018 .036 .019 .008 .038 

Reduced Form Model    constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
9.7 

(3/31) 

6.5 

(2/31) 

91.9 

(5/62) 
.000 21.244 .862 Coef. 2.05  -10.77 -2.49 10.39 -58.29 -3.44 

 Sig. .543  .021 .048 .034 .003 .036 

2009 

All Variables 
 (Default Model) 

  constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
34.6 

(9/26) 

26.9 

(7/26) 

69.2 

(16/52) 

50% 

.000 50.098 .460 Coef. -1.10 2.60 -1.42 -.683 2.14 -.706 -1.11 

Sig. .603 .153 .211 .251 .187 .899 .186 

Reduced Form Model     constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
26.9 

(7/26) 
46.2 

(12/26) 
63.5 

(19/52) 
.000 58.584 .305 Coef. 1.88  -2.00 -1.13    

 Sig. .007  .072 .005    

2008 

All Variables 

 (Default Model) 

  constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
21.7 

(5/23) 

21.7 

(5/23) 

78.3 

(10/46) 

50% 

.000 38.155 .569 Coef. -1.23 .778 -2.93 -.531 2.24 -7.14 -.355 

 Sig. .560 .677 .170 .418 .145 .183 .594 

Reduced Form Model     constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
26.1 

(6/23) 

17.4 

(4/23) 

78.3 

(10/46) 
.000 39.486 .547 Coef. -2.18  -2.82  2.82 -9.38  

 Sig. .026  .094  .057 .064  

2007 

All Variables 

 (Default Model) 

  constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
15 

(3/20) 
10 

(2/20) 
87.5 

(5/40) 

50% 

.000 19.321 .793 Coef. -8.20 5.53 .217 .553 8.84 -31.09 -.845 

 Sig. .185 .257 .948 .635 .060 .113 .509 

Reduced Form Model     constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
25 

(5/20) 

25 

(5/20) 

75 

(10/40) 
.000 45.438 .295 Coef. -1.76 3.16 -3.98     

 Sig. .201 .099 .060     

2007-
2011 

(whole 

period) 

All Variables 
 (Default Model) 

 constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
16.1 

(20/124) 

20.2 

(25/124) 

81.9 

(22/124) 

50% 

.000 204.626 .573 Coef. -3.508 2.207 -1.540 .318 4.269 -9.008 -.977 

 Sig. .000 .004 .010 .074 .000 .000 .002 

Reduced Form Model    constant BETAm CFR1 SSR1 LSR1 PRR1 AUR1 
15.3 

(19/124) 
18.5 

(23/124) 
83.1 

(20/124) 
.000 207.966 .562 Coef. -2.574 2.218 -1.677  3.519 -7.677 -1.007 

 Sig. .000 .003 .003  .000 .000 .001 
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Notes: This table presents results relating to the default and reduced form regression models employed in the study. N = Number of Firms; BETAm (Market Beta) = COV (Market Return; Firm 

X Return)/VAR (Market Return); CFR1 = Cash Flow from Operations / Total Liabilities; SSR1 = Current Assets / Current Liabilities; LSR1 = Total Liabilities / Total Assets; PRR1 = Net Income 

/ Total Assets; AUR1 = Sales / Total Assets; FD: Financial Distress.  
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Table 8: Summary of Selected Empirical Evidence on Bankruptcy Prediction 

REFERENCES SAMPLE – DATA - VARIABLE MODEL FINDINGS 

Author (date) Country Firm Type Years 
Estimation 

Sample/Test Sample 

Independent 

Variable 

Theory 

Based 

Statistic 

Based 

AIES 

Based 
OPA 

(Overall 

Predictive 

Accuracy) 

Type I 

Error (%) 

Type II 

Error (%) 

Altman (1968) USA Manufacturing 46-65 66(33F/33NF)/25 FR - MDA - 95 6 3 

Wilcox (1971) USA Industrial 49-71 64(32F/32NF)/NA FR Gambler’s 

Ruin 

- - 94 NA NA 

Altman et al (1977) USA Manufacturing 

and retailing 

69-75 111(53F/58NF)/111 FR - MDA - 92.8 3.8 10.3 

Moyer (1977) USA NA 65-75 48(23F/25NF)/111 Mix  BSDM MDA - 85.19 3 5 

Brooth (1983) Australia Industrial 64-79 34(17F/17NF)/16 Mix  BSDM MDA - 85 18 12 

Casey and Bartczak 

(1985) 
USA Mix Industrial 71-82 290(60F/230NF)/NA FR CASH MDA - 86 17 13 

Zavgren (1985) USA Mix Industrial 72-78 90(45F/45NF)/32 FR - Logit - 90 NA NA 

Frydman et al (1985) USA Manufacturing 

and retailing 
71-82 200(58F/142NF)/NA FR - - RPDT 80 5 15 

Latinen and Latinen 

(1998) 

Finland Mix Industrial 86-91 82(41F/41NF)/NA CF CASH Logit - 58.54 41.46 41.46 

McKee and 

Lensberg (2002) 
USA Mix Ind. 91-97 291(146F/150NF)/ 

141 
FR - - GA 80.6 25 14 

Shin and Lee (2002) Korea Manufacturing 95-97 528(264F/264NF)/ 

52 
FR - - GA 79.7 NA NA 

Lin and Piesse 

(2004) 
UK Industrial 85-94 77(32F/45NF)/ 77 Mix - Logit - 87 12.50 13.33 

Notes: This table summarizes some of the key evidence regarding bankruptcy prediction in the literature. AIES = Artificially Intelligent Expert System Model. Type I Error (%) = classifying 

failed firms as non-failed. Type II Error (%) = classifying non-failed firms as failed. BSDM = balance sheet decomposition model. MDA = multivariate discriminant analysis. CASH = cash 

management theory. F = failed firms. NF = non-failed firms. FR = financial ratio. CF = cash flow measures.NA = not available. GA = genetic algorithm; RPDT = recursive partitioning decision 

tree. 
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Table 9: ROC Curve - Area Under the Curve 

Year Area Std. Errora Asymptotic Sig.b Asymptotic 95% Confidence Interval 

Lower Bound Upper Bound 

2007-2011 ,902 ,019 ,000 ,864 ,940 

2011 ,955 ,034 ,000 ,888 1,000 

2010 ,984 ,013 ,000 ,960 1,000 

2009 ,862 ,051 ,000 ,763 ,962 

2008 ,894 ,047 ,000 ,802 ,986 

2007 ,963 ,025 ,000 ,914 1,000 

Note: Test Result Variable(s):   Predicted probability. a. Under the nonparametric assumption. b. Null hypothesis: true area = 0.5 

 

 

7. CONCLUDING REMARKS    

 

This study has proposed a new theoretical model that links the dynamics of the firm to the 

bankruptcy process. Univariate and multivariate analyses suggest that the model is promising 

in terms of predicting distress one and two years before the final condition of the firm is known, 

with 90% + classification rates. In terms of overall accuracy and Type I / Type II errors, the 

proposed framework outperforms most studies based on alternative theorizing, particularly 

those conducted in the last forty years. Whilst we acknowledge that, given differences in 

estimation procedures, it is not possible to compare directly the performance of our proposed 

model with statistical- and AIES-based versions, there is still a comparative advantage in our 

formulation. The difference in procedure relates to the derivation of variables in initial sample 

testing and the selection of these in the estimation sample. As there is no theoretical 

underpinning for the constructs and/or variables employed in statistical and AIES models, their 

performance appears greater in the testing sample than in estimation sample. Notwithstanding 

this issue, when the performance of our proposed model is compared with those in prior 

statistical and AIES models (based on the estimation sample), it is clear that the proposed model 

performs better.   

 

Our framework, focusing as it does on value addition and dilution should be appropriate for 

use with different methodologies and data from across the globe. In terms of practical 

implication, by incorporating a broad range of (empirically-driven) variables into the analysis, 

use of the proposed model should be of benefit to all stakeholders potentially interested in 

corporate outcomes, including executives, investors, creditors, auditors and market participants 
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more generally. As regards executives, our model has implications relating to the need for 

constructing well-functioning corporate governance mechanisms. An initial condition for the 

latter is understanding of the linkages among corporate governance, risk, cost of capital and 

the value-generating process (Acharya et al., 2013) and our proposal provides a detailed 

analysis of these linkages. Investors might benefit from the model in terms of evaluating 

investments, as it suggests a road-map for evaluating the mechanism(s) linking risk and returns. 

Creditors might benefit from the model in terms of assessing the methodology used in rating 

potential investee firms, whilst auditors (and other market participants) have the opportunity to 

benchmark their existing research methods with the propositions of the model. For example, if 

a firm is audited in such a way that the de-facto state of the firm is not revealed, market 

participants may sensibly be advised to reconsider the audit report in the context of the model’s 

structure. Finally, from an academic point of view, the present study suggests that future work 

in the area should incorporate a broad set of predictor variables, rather than the limited set of 

financial indicators that has come to dominate such research. 

 

The empirical investigation conducted to test the proposed model has some limitations and 

these need to be acknowledged. In particular, it should be noted that as this is the first attempt 

to test our ideas, choices about the research tools, data, analysis period and variables that best 

represent model constructs etc. have an element of inherent subjectivity. In particular, whilst 

the discriminative impact of risk on the likelihood of being financially distressed is 

incorporated into our analysis, this factor’s impact on rate of return is not estimated here. 

Another important research constraint that needs noting is the potential exclusion of default 

firms within the sample of distressed firms caused by data unavailability. Finally, one common 

procedure in prior studies of bankruptcy is the division of samples into testing and estimation 

frames. Dividing samples on this basis is useful when there is no theoretical model that to guide 

variable set choice. We do not follow this approach here, but in the context of our proposed 

model proposition we would argue that the need for such a disaggregation is absent since 

comparison with previously developed models is not the main purpose of the study, rather the 

introduction of a more pervasive methodology for the study and prediction of corporate 

collapse. 
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FOOTNOTES 

1 Thanks to conference participant at AFROS 2018 for their valuable critics and comments. The data that support 

the findings of this study are available on request from the corresponding author. The data are not publicly 

available due to privacy restrictions. 
2 Although development of the proposed model is (deliberately) independent of analysis horizon and sample frame 

for reasons set out below. 
3 In this analysis, a financial distressed firm is the one that has one  (or more than one) of these characteristics: (i) 

Included into Watchlist Companies Market; (ii) Had Total Debt greater than Total Asset; (iii) Prepared Financial 

Statement based on Turkish Bankruptcy Code  of 324; (iv)Announced Loss for Three consecutive year; (v) Had 

execution for debt.       
4 The symptoms we identify in this context are not characterized as risk factors in the extant literature. This 

perspective is new.   
5 However, recently published study of Nishihara and Shibata (2017) shows a theoretical linkage between cost of 

capital and firm failure. 
6 See J.P. Morgan (2013) for recent evidence and discussion. 
7 For example, the dividend policy variable in Lo (1986) is allowed to take one of two values: 1 if no dividend is 

currently being paid and 0 otherwise. 
8 The set of distressed, non-distressed and the other firms which are not categorized into the first two are structured 

according to selection criteria of distressed and non-distressed firms (Table 2). We used mathced samples in 

multivariate analysis. We also conduct univariate analysis for the all groups (number of companies can be seen in 

Table 4 and Table 5). These firms are listed companies traded in Istanbul Stock Exchange. There is no bankrupt 

company in distressed sample. This creates more difficult problem for the proposed model to predict bankruptcy. 

Despite this difficulty, results are promising.  
9 Each of these dimensions has several other sub-elements; see saharating.com for full details. 
10 The Corporate Social Responsibility Association of Turkey is developing a rating system for firms, but as of 

June 2017 this had not yet been fully developed. 
11 So, for example, the beta for 2011 was estimated using data covering the period 2007-2011. 
12 Unsystematic variables are listed in the Table based on the extent of prior usage in the literature. For example, 

CFR1 is the variable used most often to represent the cash flow construct. 
13 Bankrupt firms were not included in the distressed sample employed here because of the unavailability of data 

for a number of variables including corporate social responsibility and corporate governance rating. 
14 Watchlist Market status is faced by Turkish listed companies: “under special surveillance and investigation due 

to extraordinary events such as unusual trades, incomplete, inconsistent and/or late disclosure of information to 

the public, failure to comply with the existing rules and regulations, and other situations that may lead to delisting” 

(TCMA, 2016). 
15 As per Turkish Commercial Code 2011 article 324. This situation arises where a firm’s balance sheet reveals a 

reduction in capital of at least 50% (see PWC, 2012). 
16 i.e. if there were n distressed firms in food industry, there must be n non-distressed firms in the non-distressed 

sample. 
17 Results relating to univariate analysis conducted using each variable defined in this study are not reported here 

because of space limitations and the desired focus on comparison with the multivariate evidence. 
18 As this differed across variables and sample years, both parametric and non-parametric results are shown in 

Tables 4 and 5. As the discussion below illustrates, the pattern in significance was very similar across the two sets 

of tests. 
19 As shown in Table 4, the data for CFR1 was normally distributed for the non-distressed sample but not for the 

distressed or other groups. 
20 We would like underline the fact that the primary concern in our paper is not to test the efficiency of the best 

estimation techniques avaliable, rather we want to estimate the proposed model by the most frequently used 

technique. Although we run the probit model in addition to logit, we did not report them due to similarities. 
21 The methodological details of logistic regression and its pedigree in financial research are well-documented 

(see, e.g. Eisenbeis, 1977; Dimitras, et al., 1996; Agarwal and Taffler, 2007). 
22 The searching procedure involved selecting the most appropriate variable per contruct dependent upon 

significance and classification accuracy. In the logistic regressions, every possible conbination of variables was 

examined and the best variable per construct selected. 
23 Whilst the discussion of results in the paper employs the conventional 5% level when significance is attributed 

to the evidence, we use the 10% level as a cut-off for variable retention in the stepwise analysis. It is, however, 

worth noting the argument in the literature that owing to the small samples involved, significance levels in logistic 
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regressions should not necessarily be the primary concern in studies of corporate default (see, e.g., Keasey and 

McGuinness, 1990; Theodossiou, 1991). 
24 A more detailed review of this literature is provided in Celik (2013). 
25 Although four of the variables (BetaM, LSR1, PRR1 and AUR1) had the same sign in each of the five sample 

years. 
26 The Nagelkerke R-squared is an adjusted version of the Cox and Snell pseudo R-squared that extends the 

maximum value to 1 by dividing the latter by its upper bound. See Nagelkerke (1991). 


