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Abstract 

This paper draws on empirical evidence to demonstrate that a heuristic framework signals 

collapse with significantly higher accuracy than the traditional static approach. Using a 

sample of 494 US publicly listed companies comprising 247 collapsed matched with 247 

financially healthy ones, a heuristic framework is decisively superior the closer one gets to the 

event of collapse, culminating in 12.5% more overall accuracy than a static approach during 

the year of collapse. An even more dramatic improvement occurs in relation to reduction of 

Type I error, with a heuristic framework delivering an improvement of 66.7% over its static 

counterpart. 
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1 Introduction 

Recent major corporate collapses like Enron and WorldCom ‘have rekindled interest in the 

arcane world of accounting and auditing’ (Clarke et al., 2003, p. 5). In response, academics 

have continually been trying to develop models that enable signalling the likelihood of the 

event of collapse more accurately. Specific models are those that rely on financial ratios as 

predictors of collapse. 

Upon reviewing in excess of 80 studies on ratio-based modelling of corporate collapse, it 

became evident that researchers have traditionally attempted to signal the event over a 

reporting period of up to four years prior to the event (Hossari, 2006b, chapter 7). No matter 

what statistical approach is chosen for model derivation, a single model that relies on the 

same ratios is used to signal collapse over the entire reporting period. 

Such an approach presumes a static conceptual framework whereby factors that influence 

the financial status of a corporation are held constant during the reporting period over which 

the analysis is carried out. 

Despite the fact that the event of corporate collapse is in itself sudden, the process that 

leads to its culmination is gradual and can extend over many years. Hambrick and D’Aveni 

(1988) describe this protracted process of decline as a ‘downward spiral’. In most cases signs 

and symptoms manifest themselves in the financial statements (Karels and Prakash, 1987); 

however, they can be influenced by ever-changing time-variant factors, which is consistent 

for example with Goodhart et al. (2006, p. 2) who investigated financial fragility of the UK 

banking system and observed that although heterogenous agents operate actively in 

equilibrium, they may however get amplified over time. 

Variations in factors such as company and industry-specific characteristics, cyclical 

economic and legislative reforms, as well as behavioural attributes of those managing 

financially distressed corporations require an adaptive analytic framework: one that conforms 
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to a heuristic rather than a static approach for modelling corporate collapse (Hossari, 2006a). 

However, to date researchers have resorted to a relatively inferior static approach. 

The objective of this paper is to investigate the hypothesis that a heuristic framework 

signals collapse with significantly higher accuracy than a static approach. Section 2 of this 

paper draws on the literature to provide conceptual justifications for a heuristic framework for 

modelling corporate collapse. Using a sample of 494 US publicly listed companies 

comprising 247 collapsed matched with 247 financially healthy ones, section 3 draws on 

empirical evidence to demonstrate that a heuristic framework signals collapse with 

significantly higher accuracy than a static approach. The results indicate that whilst both a 

heuristic and static framework start off by signalling collapse equally accurately four years 

prior to the event, a heuristic framework becomes decisively superior the closer one gets to 

observed collapse, culminating with 12.5% more overall accuracy than a static approach 

during the year of collapse. An even more dramatic improvement occurs in relation to 

reduction of Type I error, with a heuristic framework delivering an improvement of 66.7% 

over its static counterpart during the year of collapse. Concluding remarks are presented in 

section 4. 

 
2 Conceptual justifications for a heur istic framework for modelling corporate collapse 

Behavioural attributes, company and industry-specific characteristics as well as economy-

wide elements are susceptible to change; the literature is satiated with illustrations of the 

universal aspect of such a reality, which unsurprisingly extends to and impacts financial 

fragility; particularly when it culminates in corporate collapse (Clapham et al., 2005; Clarke, 

2004; Coleman, 2004; Cooper and Deo, 2005; Donovan and Williams, 2003; Kahneman, 

2003; Kahneman and Tversky, 2000; Lui et al., 1999; Mezias and Starbuck, 2003; Powell, 

2004; Zajac and Bazerman, 1991). 
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2.1 Changes in behavioural attributes 

With regards to individuals managing corporations, behavioural attributes have a profound 

impact on the financial state of the entity, but more importantly such attributes are ever 

changing. For example, Clapham et al. (2005) demonstrate that CEO decision-making seems 

related to successful corporate turnaround, however it is influenced by perceptions about 

organizational identity. The premise that self-regulated decision-making is influenced by 

goal-performance discrepancies, casual attributes and temporal factors, accentuates the time-

variant nature of individual behaviour (Donovan and Williams, 2003). 

According to prospect theory (Kahneman, 2003, p. 1454), behaviour is reference-

dependent: ‘the perceived attributes of a focal stimulus reflect the contrast between that 

stimulus and a context of prior and concurrent stimuli’. In addition, reference-dependent 

behaviour is affect-heuristic; that is to say, people’s decisions are most likely guided by the 

emotion of the moment. Furthermore, affect-heuristic behaviour is characterized by 

narrowness: people make choices as the need arises, whereby these choices are influenced by 

the immediate consequences of the decisions they make with regards to the problem they 

face. As such, prospect theory also points to a time-variant nature of individual behaviour. 

Therefore, given that the behaviour of those in charge of managing organizations is time-

variant, and given that their behaviour impacts the financial state of their establishment, it is 

evident that the latter is also time-variant. Considering that signs and symptoms of financial 

health manifest themselves in the financial statements, it is consequently apparent that these 

are time-variant as well. Thus, any attempt to modelling corporate collapse that relies on 

financial statements, should be time-variant. The heuristic approach proposed in this paper 

fits such a requirement, which has been consistently violated with the prevalent traditional 

static approach to modelling corporate collapse. 
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2.2 Changes in company and industry-specific characteristics 

The time-variant aspect discussed so far is not only limited to behavioural attributes of those 

managing organizations; company and industry-specific characteristics also play a profound 

part. In a recent paper that analysed 55 corporate crises in Australia between 1990 and 2001, 

Coleman (2004) finds that over 25% of the cases culminated in corporate collapse as a result 

of systematic deficiencies in companies or their respective industries; with extortion and 

product recall cited as the most prevalent reasons. In addition, Powell (2004, p. 77) argues 

that ‘despite having the capability to act, firms sometimes lapse, blunder or squander 

opportunities’, whereby such ‘execution holes’ could have serious consequences. 

Bounded rationality and decision biases provide theoretical rationalization to such 

company-specific traits (Kahneman and Tversky, 2000), so does organizational research with 

its recognition of unstructured decision processes and changing management perception 

(Mezias and Starbuck, 2003; Zajac and Bazerman, 1991); all of which point to a time-variant 

view of reality attributable to specific companies or industries. 

 
2.3 Changes in economy-wide elements 

Not only are behavioural attributes and company and industry-specific characteristics 

susceptible to change, economy-wide elements also exhibit variation, the effects of which call 

for a heuristic framework for modelling corporate collapse. 

Corporate crises seem to be closely related to economic cycles as well as changes in 

corporate governance reform, which also exhibit cyclical patterns (Clarke, 2004). For 

instance, corporate collapses increase during periods of recession and/or reform. The opposite 

is true during periods of economic expansion when corporate reform also diminishes perhaps 

because as corporate stakeholders focus on wealth generation, governance mechanisms take 

on a secondary role. 
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In their analysis of the Asian financial crisis during the late 1990s, Lui et al. (1999) argue 

that, whilst origins of the crisis are still being debated, there is consensus amongst researchers 

that variations in a macroeconomic factor such as the value of a currency is a major 

contributor. Coleman (2004) cites the changeable nature of regulatory action by government 

authorities as a contributing factor to financial crises, even in a country like Australia where 

corporate crises are relatively infrequent compared to other developed financial markets. 

Cooper and Deo (2005) consider corporate governance reforms, such as the more recent 

Sarbanes-Oxley Act in the US and CLERP 9 in Australia, to be typical examples of the cyclic 

and reactive nature of corporate regulation. Recent major collapses like Enron in the US, 

Parmalat in Europe and HIH in Australia ‘inevitably ensure that the regulatory failures and 

reform cycle will continue to be a never ending story’ (Cooper and Deo, 2005, p. 156). 

Considering the observed relationship between variations in economy-wide elements and 

corporate financial crises, it is apparent that cyclical variability in the former leads to similar 

changes in the latter. This being the case, it is imperative that any approach to modelling 

corporate collapse should be able to cater for such time-variant inconsistency. As mentioned 

earlier, prevalent statical approaches to modelling corporate collapse have traditionally 

ignored this. Therefore, the objective of this paper is to overcome such a deficiency: the 

proposed solution is to adopt a heuristic approach to modelling corporate collapse. The next 

section draws on empirical evidence to examine the hypothesis that a heuristic framework 

signals collapse with significantly higher accuracy than the traditional static approach. 

 
3 Empir ical evidence 

The preceding discussion provided conceptual justifications for a heuristic rather than a static 

framework for modelling corporate collapse. The aim in this section is to demonstrate the 

empirical superiority of the proposed heuristic approach in its ability to signal collapse with a 
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higher degree of accuracy. Although the statistical technique used for model derivation is not 

the focal point, it is nevertheless necessary to choose one in order to carry out the analysis. 

In reviewing 84 studies on ratio-based modelling of corporate collapse between 1968 and 

2004, Hossari (2006b, chapter 5) identifies a variety of statistical techniques that are 

ostensible in developing the models; they include Multiple Discriminant Analysis (MDA) 

(Altman, 1968; Altman, 1973; Altman et al., 1977; Altman and Levallee, 1980; Blum, 1974; 

Dambolena and Khoury, 1980; Deakin, 1972; Edmister, 1972; Elam, 1975; Ketz, 1978; 

Norton and Smith, 1979; Sharma and Mahajan, 1980), Logit analysis (Ohlson, 1980), Neural 

Network analysis (Coats and Fant, 1993), Probit analysis (Gentry et al., 1985), ID3 (Kim and 

McLeod Jr., 1999), Recursive Partitioning Algorithm (Frydman et al., 1985), Rough Sets 

analysis (Dimitras et al., 1999), Going Concern Advisor (Lenard et al., 1998), Koundinya and 

Puri judgmental approach (Clark et al., 1997), Tabu Search (Drezner et al., 2001) and Mixed 

Logit analysis (Jones and Hensher, 2004). 

However, of all these techniques, MDA is the most prominent. Its prominence is evident in 

two ways. First, being the dominant primary procedure in the early state of the literature. 

Second, being the dominant benchmark against which to compare new procedures during the 

later state of the literature when such new methods became common. With respect to the first 

point, MDA was the standard statistical technique in modeling collapse for almost one and a 

half decades: from 1968 when it was first applied in that context by Altman (1968) until 1980 

when Ohlson (1980) experimented with Logit analysis. Regarding the second point, a closer 

examination of the literature reveals that 87% of studies that test new statistical techniques in 

modelling corporate collapse, rely on MDA as a benchmark against which to compare their 

results. (Hossari, 2006b, chapter 5) 
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Given its prominence in the literature, MDA is used in this study for model derivation 

under both the heuristic and static frameworks. Also due to its widespread use, it suffices to 

merely provide a brief description of this statistical procedure; this is attempted next. 

 
3.1 A brief description of MDA 

MDA can be defined as a classification procedure, which assigns future events of unknown 

origins to categories with a relatively low error rate (Shumway, 1982, p. 1). Stated differently, 

the aim of MDA is to predict the assignment of a particular ‘item’ to a group or a category 

(among several possible groups/categories) on the basis of variables measured on this item 

(Lebart et al., 1998, p. 163). 

Thus, a basic prerequisite for MDA is that a data item can be classified into two or more 

groups. In the context of ratio-based modelling of corporate collapse, two groups are readily 

identified: the first group includes companies that have collapsed and the second group 

contains companies that are still a going concern. The data item is therefore a company. 

The statistical procedure involves deriving a mathematical equation that combines 

financial ratios in a way that successfully assigns a particular company to either the collapsed 

or financially healthy group. The mathematical equation is referred to as the discriminant 

function, and the financial ratios are called discriminating variables (Klecka, 1982). Equation 

1 provides the general specification of an MDA-based model. 

 

!  

fkm = u
0
+ u

1
X
1km+u

2
X
2km + ...+ upXpkm 

Equation 1 General specification of an MDA ratio-based corporate collapse prediction model 
 
Where, 

!  

fkm: the value that the discriminant function generates for company ‘

!  

m’ in group ‘

! 

k ’, where 

‘

!  

k ’ represents either the group of collapsed companies or the group of companies that are still 

a going concern. ‘

! 

fkm’ is also known as the score. 
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!  

X
ikm : the value for the financial ratio ‘

! 

i ’ for company ‘

!  

m ’ in group ‘

! 

k’. ‘

! 

i’ goes from ‘1’ to 

‘p’. 

! 

ui : coefficients associated with each financial ratio ‘

!  

Xikm’. ‘

!  

u
0’ is the constant term or the 

intercept. 

 
The objective of deriving the model in Equation 1 is to determine the optimal combination 

of financial ratios such that its overall accuracy in distinguishing between collapsed and 

financially healthy companies is optimized. 

In order to achieve this objective, MDA uses two types of stepwise procedures for 

selecting an optimal combination of financial ratios; these are forward and backward stepwise 

procedures. Regardless of which procedure is used, the objectives are two-fold. First, 

financial ratios that are poor predictors of collapse must be eliminated. Second, redundant 

financial ratios must be eliminated. The elimination of unnecessary financial ratios has 

statistical backing of a theoretical nature, which suggests that, the fewer the ratios the better. 

(Hora and Wilcox, 1982) 

A forward stepwise procedure attains these two objectives by starting with a financial ratio 

that provides the highest level of prediction on its own. The procedure then tests the 

predictive ability of the model based on two financial ratios: the one that is already selected 

and a second one. If the overall predictive power of the model increases, then the latter is 

retained; otherwise, it is discarded. The process continues until all financial ratios being tested 

are exhausted. 

A backward stepwise procedure, on the other hand, starts with all available financial ratios. 

The procedure then removes one ratio and tests the overall predictive power of the model. If it 

improves, then the ratio that has been removed is discarded; otherwise, it is retained. Another 

ratio is then removed and the overall predictive power of the model is tested. If it improves, 
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then the ratio that has been removed is discarded; otherwise, it is retained. The process 

continues until all ratios being tested are exhausted. 

Ideally, one would try all possible combinations of available financial ratios whether the 

stepwise procedure is forward or backward. However, this is not practical even with the most 

sophisticated statistical software packages that are available (Huberty, 1994, p. 122). 

Although an all-possible subset approach is viable, its feasibility might be questioned in some 

situations. For ‘p’ financial ratios, a total of ‘2p – 1’ possible combinations would be assessed. 

In the context of the models derived in this study, a total of 22 ratios are considered. This 

amounts to 222 – 1, or approximately 4,194,303 possible combinations. Therefore, what the 

available statistical packages do instead is determine the most efficient rather than the best 

combination of available financial ratios. In order to do this, a number of strategies are 

available at the disposal of the researcher. These are Wilk’s lambda (Shapiro et al., 1968), 

Mahalanobis 

!  

D
2 (Mahalanobis, 1963), Rao’s 

! 

V  (Rao, 1952), the between-groups F (Klecka, 

1982) and the between-groups residual variance R (Dixon, 1973). 

For the purposes of this study, Wilk’s lambda is the most suitable. This is because it takes 

into consideration two criteria. These are the overall between-groups difference and the 

overall within-groups cohesiveness (Huberty, 1994). In the context of this study, this means 

that the discrimination between collapsed and financially healthy companies is optimized; 

moreover, the consistency in correctly classifying collapsed and surviving companies is also 

optimized. 

In a forward (or backward) stepwise procedure, every time a financial ratio is added (or 

removed) to the corporate collapse prediction model, Wilk’s lambda is calculated. If Wilk’s 

lambda becomes smaller, this indicates that the ratio that has been added (or removed) 

contributed towards the overall predictive power of the model. However, by how much 

should Wilk’s lambda change in order to warrant the adding (or removal) of a variable? There 
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is a need for a benchmark against which to ascertain whether or not the change in Wilk’s 

lambda is of material significance. This benchmark is called the tolerance (Huberty, 1994). 

The tolerance is determined with reference to a partial F-statistic. Two F-statistics are 

relevant: an F-to-enter and an F-to-remove. The F-to-enter is a test of the increase in the 

power of the model after adding a predictor variable (i.e., financial ratio). Similarly, the F-to-

remove is a test of the increase in the power of the model after removing a predictor variable. 

(Dixon, 1973) 

The researcher decides on whether to use a forward or backward stepwise procedure, and 

sets the F-to-enter and the F-to-remove. The default is to use a forward stepwise procedure 

with values of 3.84 for F-to-enter and 2.71 for F-to-remove; these values correspond to 

probabilities of 0.05 and 0.10, respectively. (Dixon, 1973; Hora and Wilcox, 1982; Huberty, 

1994; Shapiro et al., 1968) 

The Statistical Package for the Social Sciences (SPSS) version 11 is used to derive 

Equation 1 for each of the heuristic and static frameworks. The default forward stepwise 

procedure is used based on Wilk’s lambda with the default F-to-enter and F-to-remove 

values. Before presenting the models, it is necessary to first describe the data sample; this is 

presented next. 

 
3.2 The data sample 

The data sample is a critical aspect of an empirical investigation. It facilitates the process of 

model derivation, regardless of the statistical technique or conceptual framework used. 

General wisdom presupposes that a good model not only accurately pre-empts which 

companies are likely to collapse; it also successfully identifies those that are still a going 

concern. Therefore, a good data sample contains both types of companies, which is the case in 

this study: the data sample used herein consists of both collapsed companies and those that 

were still a going concern at the time the analysis was carried out. 
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Specifically, the data sample consists of 494 US publicly listed companies comprising 247 

that collapsed matched with 247 that were still a going concern during the period 1986 to 

2004. Matching is primarily based on industry sector and size of assets (Altman, 1968; Aly et 

al., 1992; Baldwin and Glezen, 1992; Bird and McHugh, 1977; Charitou et al., 2004; 

Dambolena and Shulman, 1988; Darayseh et al., 2003; Fletcher and Goss, 1993; Gentry et al., 

1985; Ginoglou et al., 2002; Gombola et al., 1987; Hamer, 1983; Kim and McLeod Jr., 1999; 

Koh and Killough, 1990; Lau, 1987; Levitan and Knoblett, 1985; McGurr and Devaney, 

1998; Meyer and Pifer, 1970; Neophytou and Molinero, 2004; Norton and Smith, 1979; Platt 

et al., 1994; Sharma and Mahajan, 1980; Zavgren, 1985). Companies were sampled from 

Compustat. 

The Global Industry Classification Standard (GICS) is used in determining industry 

classification. Standard & Poor’s and Morgan Stanley Capital International introduced the 

GICS in 1999 to meet the global financial community’s need for one complete, consistent set 

of global sector and industry definitions that reflects today’s economy and is flexible enough 

to easily adapt to a continually evolving investment world. With respect to size of assets, a 

screening procedure is adopted and is summarized as follows: 

1) Calculate the average size of assets for each collapsed company, for all years where 

data is available over the sample period. 

2) Calculate the average size of assets for each financially healthy company in the same 

industry as the collapsed company, over the sample period. 

3) The financially healthy company that has an average size of assets that is closest to 

that of the collapsed company under consideration is chosen as the match. Duplicates 

are excluded. 
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Having identified the sample of companies, the next logical step is to describe the 

variables; that is, the financial ratios that are used in model derivation with respect to both the 

heuristic and static frameworks. 

 
3.3 The financial ratios 

Selection of financial ratios is primarily based on their technical merit (Altman, 1968; 

Bernstein, 1989; Casey and Bartczak, 1985; Edmister, 1972; Foster, 1986; Fraser and 

Ormiston, 2001; Gentry et al., 1985; Gibson, 1989; Gordon, 1971; Gupta, 1969; Lev, 1974; 

McKenzie, 1998; Routledge and Gadenne, 2000; Stickney, 1990; Wright, 1996). More 

specifically, it is based on an analysis of 84 studies that used financial ratios in signalling 

corporate collapse. To be included, a study must satisfy the following criteria: 

 
1. A formal ratio-based statistical model for predicting corporate collapse could be 

identified. In the absence of an explicit model one is unable to ascertain the 

methodological paradigm that is embraced in the corresponding study. This makes it 

impossible to determine whether or not the study is relevant to this paper. 

Accordingly, studies that do not explicitly present a formal ratio-based model are 

excluded from the analysis. 

 
2. It is not merely a comment on an earlier study or group of studies that derived ratio-

based models for signaling corporate collapse. Studies that are mere comments on 

previous studies do not attempts do model corporate collapse. In that sense they do not 

make an original contribution to the literature as far as modelling the event is 

concerned. Therefore, they are excluded from the analysis. 

 
3. The data sample used does not include financial institutions. The reasons for 

excluding financial institutions are widely documented in the literature (for example, 

Hossari, 2006b, chapter 3), which indicates that the financial ratios of financial 

institutions differ considerably from those of companies that operate in other industry 

sectors, thereby necessitating their exclusion from the data sample. 

 
4. It must clearly indicate what specific financial ratios were used in signaling corporate 

collapse, not just mention the categories of ratios tested. It is important to know what 

financial ratios are adopted in order to determine their usage rates. Simply listing the 
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categories does not help much in that regard. Therefore, studies that did not indicate 

what ratios they used are of little relevance and are consequently excluded from the 

analysis. 

 
5. It is not a mere replication of some other study. This is to avoid ‘double-counting’. 

 
6. It is not a case study of a single collapsed company. Such studies do not contain a data 

sample. This makes it impossible to derive a statistical model for signaling collapse. 

The reasons are purely statistical. This explains why studies that investigated a single 

collapsed company, relied on models that were developed by others using proper data 

samples. The implication here is that studies that investigate a single collapsed 

company make no effort to derive a statistical model. In that sense they do not make 

an original contribution to the literature as far as modelling the event is concerned. 

Therefore, they are excluded from the analysis. 

 
7. It should adopt a multivariate (as opposed to a univariate) approach to modelling 

corporate collapse. Univariate approaches have been superseded by multivariate 

approaches as early as 1968. Accordingly, studies that rely on univariate 

methodological approaches are excluded from the analysis. 

 
In most cases, a particular study (among the 84 analyzed) might have explored scores of 

ratios as potential predictors of corporate collapse. However, up to only a handful would have 

ended up in the final prediction model. Among these, some were utilized by a mere single 

study, which necessitated their exclusion, because they are not deemed to be useful in 

predicting the event of collapse. Accordingly, a total of 44 financial ratios are identified as 

potential predictors of collapse. 

 

Financial statements are collected for each company in the sample, from which the 44 

financial ratios are calculated. This process is repeated for each collapsed company and its 

financially healthy counterpart, for a reporting period of 4 years prior to and including the 

year in which the last financial statements are available preceding observed collapse. The 
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choice of the reporting period is based upon close examination of the literature, where a 

number of observations were noticeable. First, the predictive power of the models deteriorates 

as one moves further back from the year in which collapse occurs. Second, the models are 

incapable of signalling collapse when used beyond 5-years prior to the event. Thus, a 

reporting period that is too long is irrelevant in that it may not yet contain information that 

detects financial fragility; on the other hand, a reporting period that is too short is not as 

useful in that it may be too late for purposes of signalling collapse. 

Not all 44 ratios could be successfully computed. The reasons are twofold: 

1) There were instances where particular financial statement items necessary for the 

computation of some ratios, were missing from the financial statements of some 

companies. 

2) There were instances where the calculation of particular ratios necessitated division by 

zero. 

Where either problem is encountered, the problematic ratios are removed from the 44 

ratios across the entire data set. The decision to remove the problematic ratios, rather than 

replace them by their averages across the sample, could be afforded here due to the large pool 

of ratios to begin with. Moreover, and in the interest of avoiding reduction in the number of 

companies in the sample, it is deemed more suitable to remove a ratio rather than delete the 

companies whose ratios failed the screening test. 

The screening process generated 22 financial ratios that are eventually used in model 

derivation. Table 1 provides a list of these ratios and their corresponding acronyms. 
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Table 1 List of financial ratios used in model derivation and their corresponding acronyms 

Financial Ratio Acronym Financial Ratio Acronym 

Current Assets/Current Liabilities CA/CL Net Income/Total Equity NI/TE 
Current Assets/Total Assets CA/TA Quick Assets/Current 

Liabilities 
QA/CL 

Current Liabilities/Total Assets CL/TA Quick Assets/Total Assets QA/TA 
Current Liabilities/Total Equity CL/TE Retained Earnings/Total 

Assets 
RE/TA 

Earnings Before Interest and Taxes/Total 
Assets 

EBIT/TA Sales/Total Assets S/TA 

Earnings Before Interest and Taxes/Total 
Equity 

EBIT/TE Sales/Total Equity S/TE 

Fixed Assets/Total Assets FA/TA Total Equity/Total Assets TE/TA 
Fixed Assets/Total Equity FA/TE Total Equity/Total Liabilities TE/TL 
Long-Term Liabilities/Total Assets LTL/TA Total Liabilities/Total Equity TL/TE 
Long-Term Liabilities/Total Equity LTL/TE Total Liabilities/Total Assets TL/TA 
Net Income/Total Assets NI/TA Working Capital/Total Assets WC/TA 
 

Having described the data set of companies and financial ratios, model derivation is 

attempted next, starting with the static approach followed by the heuristic framework. Not all 

22 ratios make it into the final prediction models. The reason is attributed to the technicalities 

of selecting financial ratios. As discussed earlier, MDA uses two types of stepwise procedures 

for selecting a combination of financial ratios that are predictors of corporate collapse. These 

are forward and backward stepwise procedures. Regardless of which procedure is used, the 

objectives are twofold. First, financial ratios that are poor predictors of collapse must be 

eliminated. Second, redundant financial ratios must be eliminated. The elimination of 

unnecessary financial ratios has statistical backing of a theoretical nature, which suggests that, 

the fewer the ratios the better. (Hora and Wilcox, 1982) More specifically, the mainstream 

literature indicates that a particular ratio-based model for signalling corporate collapse relies 

on about a handful of financial ratios as predictor variables, with the average being two1 ratios 

in a particular model. The models derived herein depend on anywhere between 2 and 5 

financial ratios, which is consistent with what is typical in the literature. 
                                                
1 This is based on an analysis of the number of financial ratios that made it into the final corporate collapse 
prediction model in each of the 84 studies referred to earlier in this paper. 
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3.4 The model using a static approach 

Using the financial ratios corresponding to the data sample of companies discussed earlier, 

the MDA-based model analogous to the static approach is presented in Equation 2. 

 

!  

fkm = " 2.188+ 3.204FA /TA + 4.823QA /TA  

Equation 2 The model using a static approach 

 
Where, 

!  

fkm  : the score; that is, the value that the model generates for company ‘

!  

m’ in group ‘

!  

k’, 

where ‘

! 

k ’ represents either the group of collapsed companies or the group of financially 

healthy companies. 

Based on Equation 2, a score is generated for each company in the sample in the following 

manner: 

1) Multiply the value of the ratio ‘FA/TA’ by its corresponding coefficient of ‘3.204’. 

2) Multiply the value of the ratio ‘QA/TA’ by its corresponding coefficient of ‘4.823’. 

3) Add the answers in steps 1 and 2. 

4) Add the constant ‘-2.188’ to the result in step 3. 

The score, which could be any number, determines whether or not a company should be 

classified as collapsed; whereby, the decision is based on comparing the score to some value 

called the ‘cut-off score’. Klecka (1982, p. 49) recommends using the naïve approach for 

coming up with the cut-off score, which is calculated as one half the sum of the scores for the 

two group centroids: each group of companies denotes a subspace, the center of which is 

called the centroid. 
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3.4.1 The predictive accuracy of the model 

Table 2 portrays the accuracy of Equation 2 in signalling corporate collapse. The results are 

for period ‘T’, which is the final year in which financial statements are available prior to 

observed collapse. A company status of ‘1’ denotes collapse and ‘0’ otherwise. 

 
Table 2 The accuracy of the MDA-based model in signalling 

corporate collapse using a static approach (period ‘T’) 
Predicted Group 

Membership 
Actual 

Company Status 
0 1 

Total 

0 161 (65.2%) 86 (34.8%) 247 

1 95 (38.5%) 152 (61.5%) 247 

 
The results in Table 2 reveal the following information: 

Column 2, row 2: out of the total of 247 financially healthy companies, the model correctly 

classified 161; this corresponds to a prediction accuracy of 65.2%. 

 
Column 3, row 2: out of the total of 247 financially healthy companies, the model 

erroneously classified 86; that is, the model classified 34.8% of the companies as collapsed 

when in reality they were still a going concern. A misclassification of this nature is referred to 

as a Type II error. 

 
Column 3, row 3: out of the total of 247 collapsed companies, the model correctly classified 

152; this corresponds to a prediction accuracy of 61.5%. 

 
Column 2, row 3: out of the total of 247 collapsed companies, the model erroneously 

classified 95; that is, the model classified 38.5% of the companies as financially healthy when 
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in reality they were collapsed. A misclassification of this nature is referred to as a Type I 

error. 

 
Although it is desirable to minimize both types of error, the literature gives more attention 

to reducing Type I error because, unlike Type II error, the costs of such a mistake are 

materially significant. The results in Table 2 indicate a very high incident of committing a 

Type I error, despite the fact that 63.4%2 of companies are correctly classified. 

Table 3 provides the results for the remaining periods from ‘T-1’ to ‘T-4’, where ‘T-1’ 

corresponds to the year prior to ‘T’ and ‘T-4’ represents 4 years prior to ‘T’. 

 
Table 3 The accuracy of the MDA-based model in signalling corporate 

collapse using a static approach (periods ‘T-1’ to ‘T-4’) 
Predicted Group 

Membership Per iod 
Actual 

Company Status 
0 1 

Total 

0 158 (64.0%) 89 (36.0%) 247 
T-1 

1 85 (34.4%) 162 (65.5%) 247 

0 145 (58.7%) 102 (41.3%) 247 
T-2 

1 96 (38.9%) 151 (61.1%) 247 

0 141 (57.1%) 106 (42.9%) 247 
T-3 

1 105 (42.5%) 142 (57.5%) 247 

0 131 (53.0%) 116 (47.0%) 247 
T-4 

1 102 (41.3%) 145 (58.7%) 247 

 
The results in Table 3 are interpreted in the same manner as those in Table 2. The 

summary statistics in Table 4 allow for commenting on the overall predictive power of the 

                                                
2 This is calculated as [(65.2%+61.5%)/2], which is the average of the probabilities of correctly classified 
companies in both groups. 
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model as well as the occurrence of Type I error across the entire reporting period from ‘T’ to 

‘T-4’. 

 
Table 4 Summary of the overall predictive power and occurrence 

of Type I error for the MDA-based model using a static 
approach (‘T’ to ‘T-4’) 

Predictive Power of the Model 
Per iod 

Overall Type I  Error 

T 63.4% 38.5% 

T-1 64.8% 34.4% 

T-2 59.9% 38.9% 

T-3 57.3% 42.5% 

T-4 55.9% 41.3% 

 
Therefore, using the traditional static approach, the overall predictive power of the model 

is, on average, 60.3%3 and the overall occurrence of Type I error is 39.1%4. The best overall 

predictive power stands at 64.8%, which is during period ‘T-1’; and the worst stands at 

55.9%, which is during period ‘T-4’; these correspond to occurrences of Type I error of 

34.4% and 41.3%, respectively. How do these results compare to those using a heuristic 

framework? This question is answered in what follows. 

 
3.5 The models using a heuristic framework 

The aim of this paper is to draw on empirical evidence to examine the hypothesis that a 

heuristic framework signals collapse with significantly higher accuracy than the traditional 

static approach: heuristic in the sense that it does not rely on a coherent assortment of 

financial ratios for signalling the event of collapse over multiple time periods. In other words, 

by recognizing the time-variant nature of factors such as company and industry-specific 
                                                
3 Calculated as [(63.4%+64.8%+59.9%+57.3%+55.9%)/5]; refer to column 2 in Table 4. 
4 Calculated as [(38.5%+34.4%+38.9%+42.5%+41.3%)/5]; refer to column 3 in Table 4. 
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characteristics, cyclical economic and legislative reforms, as well as behavioural attributes of 

those managing financially distressed corporations, and the effects they have on the financial 

standing of companies, a heuristic framework is expected to pre-empt incidents of collapse 

with better accuracy than its static counterpart. 

Accordingly, using a heuristic framework, a separate model is required for each year in the 

reporting period, which extends from ‘T’ to ‘T-4’. Each model relies on an independent set of 

financial ratios to serve as predictors of collapse. Using MDA, these models are presented in 

their time-variant forms in Equations 3 to 7. 

! 

fkm = "0.181+ 0.389CA /CL "1.935CA /TA + 0.131NI /TA "0.531QA /CL

+5.567QA /TA
 

Equation 3 The model for period ‘T’ using a heuristic framework 

!  

fkm = " 1.318+1.884FA /TA " 0.631LTL /TA + 0.775NI /TA + 4.625QA /TA

" 0.032RE /TA
 

Equation 4 The model for period ‘T-1’ using a heuristic framework 

!  

fkm = " 1.801+ 2.359FA /TA+ 0.049NI /TE + 5.063QA/TA 

Equation 5 The model for period ‘T-2’ using a heuristic framework 

! 

fkm = "2.188 + 3.204FA /TA+ 4.823QA/TA 

Equation 6 The model for period ‘T-3’ using a heuristic framework 

!  

fkm = " 2.188 + 3.204FA /TA+ 4.823QA/TA 

Equation 7 The model for period ‘T-4’ using a heuristic framework 

 
Where, 

!  

fkm  : the score; that is, the value that the model generates for company ‘

!  

m ’ in group ‘

!  

k ’, 

where ‘

!  

k ’ represents either the group of collapsed companies or the group of financially 

healthy companies. 
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The scores in Equations 3 to 7 are generated and interpreted in the same manner as in 

Equation 2; this includes using the naïve approach for coming up with the cut-off score. It is 

worth pointing out that Equations 6 and 7 are identical because the former did not converge, 

therefore the latter is used for both periods ‘T-4’ and ‘T-3’. The reason for using the model in 

period ‘T-4’ instead of the model for a more recent period (such as ‘T-2’) is because in 

reality, data for more recent periods would have been unavailable at the time. 

 
3.5.1 The predictive accuracy of the models 

The results in Table 5 portray the accuracy of Equations 3 to 7 in signalling corporate 

collapse, corresponding to each year in the reporting period. Table 5 is structured similar to 

Tables 2 and 3 in order to allow for direct comparisons to be made between the results 

generated using the static approach and those generated using the heuristic framework. 

Table 5 The accuracy of the MDA-based models in signalling corporate 
collapse using a heuristic approach (periods ‘T’ to ‘T-4’) 

Predicted Group 

Membership Peri od 
Actual 

Company Status 
0 1 

Total 

0 162 (65.6%) 85 (34.4%) 247 
T 

1 57 (23.1%) 190 (76.9%) 247 

0 152 (61.5%) 95 (38.5%) 247 
T-1 

1 66 (26.7%) 181 (73.3%) 247 

0 121 (49.0%) 126 (51.0%) 247 
T-2 

1 112 (45.3%) 135 (54.7%) 247 

0 141 (57.1%) 106 (42.9%) 247 
T-3 

1 105 (42.5%) 142 (57.5%) 247 

0 131 (53.0%) 116 (47.0%) 247 
T-4 

1 102 (41.3%) 145 (58.7%) 247 
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The summary statistics in Table 6 allow for commenting on the overall predictive power of 

the models as well as the occurrence of Type I error across the entire reporting period from 

‘T’ to ‘T-4’. 

 
Table 6 Summary of the overall predictive power and occurrence 

of Type I error for the MDA-based models using a 
heuristic approach (‘T’ to ‘T-4’) 

Predictive Power of the Models 
Per iod 

Overall Type I  Error 

T 71.3% 23.1% 

T-1 67.4% 26.7% 

T-2 51.8% 45.3% 

T-3 57.3% 42.5% 

T-4 55.9% 41.3% 

 
Therefore, using the proposed heuristic approach, the overall predictive power of the 

models is, on average, 60.7%5 and the overall occurrence of Type I error is 35.8%6. The best 

overall predictive power stands at 71.3%, which is during period ‘T’; and the worst stands at 

51.8%, which is during period ‘T-2’; these correspond to occurrences of Type I error of 

23.1% and 45.3%, respectively. 

Table 7 draws a direct comparison of the overall predictive power and occurrence of Type 

I error using both a static and a heuristic framework, and for each year during the reporting 

period. 

 

                                                
5 Calculated as [(71.3%+67.4%+51.8%+57.3%+55.9%)/5]; refer to column 2 in Table 6. 
6 Calculated as [(23.1%+26.7%+45.3%+42.5%+41.3%)/5]; refer to column 3 in Table 6. 
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Table 7 Summary of the overall predictive power and occurrence of Type I 
error using both a static and a heuristic framework (‘T’ to ‘T-4’) 

Predictive Power using a 

static framework 

Predictive Power using a 

heur istic framework Per iod 

Overall Type I  Error Overall Type I  Error 

T 63.4% 38.5% 71.3% 23.1% 

T-1 64.8% 34.4% 67.4% 26.7% 

T-2 59.9% 38.9% 51.8% 45.3% 

T-3 57.3% 42.5% 57.3% 42.5% 

T-4 55.9% 41.3% 55.9% 41.3% 

 
The results in Table 7 demonstrate that both a heuristic and static framework start off by 

signalling collapse equally accurately four years prior to the event; however a heuristic 

framework becomes decisively superior the closer one gets to observed collapse, culminating 

in 12.5%7 more overall accuracy than a static approach during the final year. An even more 

dramatic improvement occurs in relation to reduction of Type I error, with a heuristic 

framework delivering an improvement of 66.7%8 over its static counterpart during the same 

period. 

 
4 Conclusion 

Although the event of corporate collapse is in itself sudden, the process that leads to it is 

gradual and can extend over many years during which signs and symptoms manifest 

themselves to varying degrees in the financial statements. 

Using ratio-based models, researchers have traditionally attempted to signal corporate 

collapse over a reporting period of up to four years prior to the event. Regardless of which 

statistical approach is used for model derivation, a single model that relies on the same ratios 
                                                
7 Calculated as [(71.3%-63.4%)/63.4%]; refer to columns 2 and 4 corresponding to period ‘T’ in Table 7. 
8 Calculated as [(38.5%-23.1%)/23.1%]; refer to columns 3 and 5 corresponding to period ‘T’ in Table 7. 
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is applied over the entire reporting period. Such an approach presupposes a static conceptual 

paradigm; that is, it assumes that ‘all things can be held constant’ over the entire reporting 

period. 

By recognizing the time-variant nature of factors such as company and industry-specific 

characteristics, cyclical economic and legislative reforms, as well as behavioural attributes of 

those managing financially distressed corporations, and the effects they have on the financial 

standing of companies, it is envisaged that a heuristic (i.e., non-static) framework is more 

suitable in that it conforms to the ever-changing nature of these factors. Accordingly, it is 

hypothesized that a heuristic framework pre-empts incidents of collapse with better accuracy 

than a static one. 

In order to test this hypothesis, this paper draws on empirical evidence to demonstrate that 

a heuristic framework signals collapse with significantly higher accuracy than a static 

approach. Using a sample of 494 US publicly listed companies comprising 247 collapsed 

matched with 247 financially healthy ones, both a heuristic and a static framework start off by 

signalling collapse equally accurately four years prior to the event; however a heuristic 

framework becomes decisively superior the closer one gets to observed collapse, culminating 

in 12.5% more overall accuracy than a static approach during the final year. An even more 

dramatic improvement occurs in relation to the reduction of Type I error, with a heuristic 

framework delivering an improvement of 66.7% on its static counterpart during the same 

period. 
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