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Abstract 

Purpose - Through this Masters dissertation, the researcher aims to understand the use of 

bankruptcy rates for the assessment of suppliers and the effect of sector-specific ratios on the 

accuracy of bankruptcy rate.  

Methodology - Through the literature review the researcher gained an enormous amount of 

knowledge regarding the prediction of bankruptcy and general methods to construct 

bankruptcy rates. Also, the researcher conducted a survey to which 24 respondents answered 

questions regarding suppliers and bankruptcy rate. 

Findings – Bankruptcy rate is an easy and quick to use tool that supply department of 

companies could use in order to predict the failure of one or more of their suppliers. By 

using specific ratio of the sector in which the company and its suppliers are operating, the 

efficiency of the bankruptcy rate can be increased. 

Limitations – The model constructed in this dissertation is limited to the food industry and 

will not have the same results if applied on another sector. 

Practical implications – The model developed in this dissertation can be directly used by 

companies operating in the food industry as well as the method used to construct the model if 

companies are willing to calculate their own bankruptcy rate.  

 

Value of paper - This dissertation aims to add value to any companies operating in the food 

industry and willing to predict the failure of its suppliers. 
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Chapter 1 -  Introduction 

1.1 Background 

Supplier risk management is an evolving discipline in operations management for manufacturers; 

organization is highly dependent on suppliers to achieve business objectives. Supplier risk management 

is an essential discipline in order to avoid Supply-Chain breakdown due to suppliers’ bankruptcies. 

Changing environments and trading processes have forced companies to change the way they are 

assessing for the different risks related to their suppliers, the financial risk being the hardest to predict. 

In order to assess this financial risk, bankruptcy rates are often used by companies as they represent a 

quick evaluation of the risk, but they can be hard to build and can provide false results, especially when 

the wrong variables are used. In order to reduce mistakes on the variables, some bankruptcy rate are 

sector-specific while others are global, but does it mean that the first one is more accurate than the 

second one?  

One of the aims of the paper will be to understand how the sector can impact the efficiency and 

accuracy of a bankruptcy rate. 

The particular case of French companies in the food industry will provide a practical approach to the 

paper in order to evaluate the level of importance of the sector to the efficiency of the bankruptcy rate 

system.  

Every year in France, more than 3,500 manufacturing companies go for bankruptcy, of which 

nearly one third are declared in the food industries.  Indeed, in 2013, many food-processing industries 

became bankrupt. These bankruptcies had bad impact on the balance sheet of firms that had these 

companies as suppliers. According to a French study, “companies in the food industry have trouble facing 

raw material price volatility”, new companies in this sector are created every week and many of them go 

bankrupt after only 1 year as they don’t have adapted strategies to manage raw material price volatility. 

The main problem of a company that goes bankrupt is that it affects badly all companies it used to deal 

with, especially when it was one of the main suppliers. An internal credit scoring remains a possible 

solution that a company could undertake to avoid negative impacts in its balance sheet and cash flows. A 

few years ago, internal scoring on suppliers wasn’t very common in a company as it was difficult to find 

financial elements on the supplier, but since the repeated bankruptcies and the multiplication of 
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financial information databases of millions of companies on the internet, more and more firms are 

starting to use scoring as prediction tool. There is thereby an increase in demand for automatic scoring 

and scoring methods. 

1.2 Research Area, Research Question, Research Objectives 

The main objective of the paper will be to build an empirical application of credit risk modeling for 

private held corporate firms in the food industry. 

 After having analyzed what are current bankruptcy predictionmethods, I will built a build two 

different scoring models, one sector-spectific to the food industry and one global based on the z-score by 

Altman  in order to compare if any of them is more efficient. 

The main problematic I’ll try to answer in my research is the following: Can the sector impact the quality 

of assessment of a bankruptcy rate?  

 

In addition to that, I will try to answer different related questions. 

How is supplier risk managed ? 

What are the benefits of using a scoring model? 

Are online automatic scorings relevant?  

Which financial element from financial statements are the most relevant in the case of food-processing 

companies?  As the relevance for a financial element depends partly of the sector in which the company 

is, one of the aim will be to identify those financial ratios which are relevant for the food-processing 

industry in order to build an accurate scoring model. Results obtained with the manual scoring model 

will then be compared to online automatic scorings. 
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1.3 Suitability of the Researcher 

The researcher holds high interest in this topic.. Academic background and work experience are 

listed below to help justify the suitability of the researcher to this topic. 

1.3.1 Academic Background 

The researcher studied Finance 3 years in Strasbourg with a Corporate finance specialty and 1 years 

in Paris (France) with a Controlling speciality. The researcher then studied finance at DBS from January 

2014 to December 2014. While studying in Syrasbourg the researcher also developed a bankruptcy rate 

model base on existing methods as part of an individual project.   

1.3.2 Work Background 

The researcher's working background in Finance is much more extensive than his academic 

background in the field. The researcher began working in finance in 2009 as an accountancy internee in 

a French car company and worked in the headquarters of the same company for 6 month the year after 

in Germany. The researcher’s experience in the food industry began in 2010 as he started a 1 year 

internship in a French company based in Strasbourg and operating in the food-processing industry. This 

work experience made the researcher realize the many bankruptcies that occurred then and made him 

wondering if there are solutions to avoid it. 
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1.4 Contributions of the Study 

The researcher will provide an efficient bankruptcy rate model for French companies in the food 

sector and will provide a better look on the advantages of using this kind of assessment tool. 

The researcher will use his knowledge in finance and his past work experience to contribute as much 

theory and practice to the research process as possible, with the hope that it will result in beneficial 

results to the French food industry. 

1.5 Scope of the Research and Limitation 

The researcher will include statistical evidence and information in the literature review and also 

draw upon the theories set forth by professional organizations and specialists in the food industry. 

The primary limitation the researcher with deal with is the efficiency of the statistical method 

used to construct the bankruptcy rate model, as there are many methods available, the researcher 

will try to select the best one as well as the easiest one. 

1.6 Recipients of the Research 

Recipients of the research done for the purpose of this Masters dissertation for the Dublin Business 

School are as follows: 

-1st recipient: Dublin Business School 

- 2nd recipient: Professor Justin O’keefe, the researcher's supervisor. 

- 3rd recipient: the researcher himself (Guillaume MULLER), MBA Finance Candidate 
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1.7 Dissertation Organization 

Chapter 1 will introduce the dissertation and will be comprised of several elements, including the area 

being researched, research objectives, research question and researcher's background and more. 

Chapter 2 includes the 'Literature Review' that resumes the entire secondary researcher to be 

contributed to the final conclusion and recommendations. 

Chapter 3 includes 'Research Methodology' and this section specifies how the researcher will 

conduct his research project to meet his objectives. 

Chapter 4 includes the 'Data Analysis and Findings' and this section will take an in depth look at 

the research findings collected through the various research methods. 

Chapter 5 includes both the 'Conclusion and Recommendations' and the researcher will 

summarize important points from both the secondary and primary data collection to draw 

conclusions and make recommendations regarding the research topic. 

Chapter 6 will include the researcher's self-reflection throughout the process of this dissertation and 

include insight on her overall experience at the Dublin Business School. 
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Chapter 2 - Literature Review  

2.1 Supplier risk assessment 

Even if companies are aware of supplier bankruptcy risks, only a few of them are equipped to handle 

effectively against this kind of risk. French food industries are a good example as there is still a cost 

killing approach inside purchase departments of these companies. Supplier bankruptcy risk management 

and assessment became therefore a forgotten priority that is yet a key factor for business sustainability. 

The following lines are aimed to understand the advantages of assessing its suppliers and how to 

conduct an efficient supplier risk assessment trough the construction of a bankruptcy probability rate. 

 

 2.1.1 Risk and uncertainty for client companies 

In a general approach, Deloach (2000) defines business risk as “the level of exposure to uncertainties 

that the enterprise must understand and effectively manage as it executes its strategies to achieve its 

business objectives and create value”. Another more standard definition defines risk as “the chance, in 

quantitative terms, of a defined hazard occurring, it therefore combines a probabilistic measure of the 

occurrence of the primary event(s) with a measure of the consequences of that/those event(s)”. (The 

Royal Society, 1992, p. 4).  

A quantitative definition of “Risk” could be expressed as follow:  

Risk = Probability (of the event) x Business Impact (or severity) of the event 

This is often illustrated in a risk map or matrix (Figure 1). While risks can be calculated, uncertainties are 

genuinely unknown. 

 

Figure 1A: Risk map (Deloach, 2000) 
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Risk within a supplier bankruptcy risk management context may be viewed in a similar manner, there can 

be for example outcome uncertainty associated with whether a supplier is able to make product design 

and specification changes in time (Bidault et al.,1998). Harland et al. (2003) define supply/supplier risk as 

one of eleven risk types. In their paper they adopt Meulbrook’s (2000) definition of supply risk as 

“adversely affects inward flow of any type of resource to enable operations to take place, also termed as 

input risk”. When analyzing the literature on supply risk definitions, it seems that there are only a very 

few relevant one. By analyzing the literature of supplier risk and existing supplier risk definitions in his 

research, (Zsidisin, 2003) gives a new definition of what is supplier risk in today’s environment: “Supplier 

risk is defined as the probability of an incident associated with inbound supply from individual supplier 

failures or the supply market occurring, in which its outcomes result in the inability of the purchasing 

firm to meet customer demand or cause threats to customer life and safety.” In addition, the scope for 

understanding supplier bankruptcy risk differs according to industry (Pablo, 1999). According to that, 

food-processing firms in France or in another country are more likely to understand supplier bankruptcy 

risk in terms of threats to customer health.  

 

With the help of this definition we understand that the lack of an efficient supplier bankruptcy risk 

management system can directly affect customers of a company if one or more suppliers would go 

bankrupt; there will be a break in the supply-chain which can in certain cases stop the whole production 

chain. Many authors on the subject agree that supplier risk becomes a major issue for today’s companies 

as it greatly increased since 2009-2010 (Lilia Aleksanyany et al., 2014) (Figure 1B), which placed a 

financial strain on many suppliers and impeded their ability to meet contractual agreements; it is leading 

to a situation of lowest cost but highest risk. (Barry 2004) 

 

Figure 1B: Bankruptcy rate of manufacturing and food industries (Lilia Aleksanyany et al., 2014) 

 

According to this chart, bankruptcies in the food industry are clearly multiplied by 2 between 2010 and 

2012 while bankruptcies in the manufacturing sector decreased slightly.   
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2.1.2 Supply Chain Risk Drivers and classification 

  Uncertainty related to supplier bankruptcy risk becomes more and more important, according to 

(Svensson, 2000) and (Christopher et al., 2002), the current global economic environment has shaped a 

number of trends that increase the vulnerability to supplier risk, here are a few examples: reduction of 

suppliers base, increase demand for on-time deliveries, globalization of supply chains. For (Barry, 2004) 

risks related to suppliers bankruptcies were widening with “increased globalization, widening political 

reach by leading countries, and the rise of market producing and consuming economies”. While for many 

authors, it is more a matter of trend, C. Giunipero et al, 2010 explain supplier risk increased for the last 

several years by strategies that have been taken by supply management and that emphasize cost 

reduction and efficiency in the supply chain. These strategies include: 

- Reducing headcount 

- Reducing the number of suppliers 

- Reducing inventory levels 

- Increasing outsourcing 

- Using supply sources in low cost and developing countries 

Reducing the number of suppliers is an important reason why so many French food companies 

experienced big supply break down when one or more of their suppliers bankrupted (Lilia Aleksanyany et 

al., 2014). 

 

Matter of trend or strategies, it is obvious that competitive pressures are often the drivers of risk, 

Svensson (2002) introduced the term “calculated risks” that a company takes in order to improve 

competitiveness, reduce costs, and increase or maintain profitability.  

 

Helen Peck(2006) in her report on business reliance in the food sector concluded that the drive for 

efficiency and the just-in-time philosophy used by the food industry has progressively reduced stock 

levels throughout the supply chain with the resulting damage to its resilience when an emergency 

occurs.  

The consolidation of distribution networks by food manufacturers and the trend towards using 3PL 

(Third Party Logistics) providers, and reducing distribution sites means that the loss of a site due to 

events such as a fire or flood could also cause a disruption in the supply chain. In the case of a 

bankruptcy of one of its supplier, a just in time approach which result in almost a zero stock, can have a 

very bad impact on the production chain of the company, the complete stop of the production chain 

would be the worst case. 

In addition to these economical factors, there are also specific factors to the French food industry system 

that French professor Alain Courtois criticized. In addition to economical drivers explained above, there 

are also issues regarding the nature of current food suppliers in France. According to Mr Courtois, French 
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raw material food suppliers which are located in the first stage of the supply chain were still too 

traditional. Even if it was a successful business model 40 years ago, it seems now to deteriorate due to 

the increase of liberalization and globalization. Traditional agriculture has to face new industrialized 

agriculture like other industries have to face developed countries with low-cost labor. The increase of 

international competitiveness coupled with a traditional agricultural system led to many bankruptcies of 

companies located in the first stage of the supply chain.  

In the literature, several ways of sources of risk classification coexist (e.g. Miller, 1992; Goldberg et al., 

1999). The classification helps to “clarify the relevant dimensions of potential disruptions faced by 

organizations in supply chains and provides the basis for risk assessment” (Miller, 1992). (Uta Jüttner, 

2003) classified supply-chain relevant risk sources into 3 categories: environmental risk sources, 

network-related risk sources and organizational risk sources (Figure 2). 

 

Figure 2: Risk source in supply chain (Uta Jüttner, 2003) 

 

 

 2.1.3 Organisation of the client company : the process  

As expressed above, uncertainties create risks for the proper functioning of supply chains. The 

implications for any organization faced with potential risks are huge. 

Risk management is the making of decisions regarding risks and their subsequent implementation and 

flows from risk estimation and risk evaluation (The Royal Society, 1992, p. 3). Zsidisin et al (2004) and 

Zsidisin (2003) concluded that most companies recognize the importance of risk assessment programs 

and use different methods, ranging from formal quantitative models to informal quantitative plans, to 

assess supply chain risks.  



 

18 

Most companies invested little time or resources for reducing supplier bankruptcy risks. Repenning and 

Sterman (2001), suggest that it is unusual for firms to invest in improvement programs in a proactive 

manner as “nobody gets credit for fixing problems that never happened”. Bankruptcies in French food 

industries were indeed uncommon before 2007 as it was a pretty stable sector; companies also had a 

diversified supplier portfolio which allowed them to reduce the risk, it is not the case anymore 

(Repenning and Sterman, 2001). 

Sheffi (2001) goes a little further by saying that the two basic elements of resilience are redundancy and 

flexibility. While some companies take a chance and hope that nothing bad will happen, some others 

invest in building redundancy into the system and prepare a business continuity plan. By viewing this as a 

strategic issue and becoming more flexible, these kinds of companies become resilient and can tackle 

threats to supply chain disruption. Yet, if a risk never materializes, it becomes hard to justify the time 

spent on risk assessments, contingency plans, and risk management (Zsidisin et al., 2000). This also leads 

to evaluating the cost of loss due to an undesirable event occurring against the benefits realized from 

having strategies in place that significantly reduce the chance of detrimental events with supply. 

Like (Repenning and Sterman, 2001), (Sunil Chopra et al., 2004) go in the same way and say that most 

companies develop plans to protect against recurrent and low-impact risks in their supply chains but 

ignore high-impact, low-likelihood risks. For instance, a supplier with quality problems represents a 

common, recurrent disruption. Without much effort, the customer can demand improvement or find a 

substitute. In contrast, bankruptcies are more unusual, preparedness to prevent major disruption due to 

supplier’s bankruptcies may be weak or uneven. Bankruptcies lead to long-term and serious disruption 

which can hardly affect the client company.  

The literature on bankruptcy as a cause of disruption is almost blank, as said before, there Is no reasons 

to be interested in things that never happen, but the recent bankruptcies chain reactions in the French 

food sector has proved the opposite, even risks with small chances to occurs have to be taken into 

account, especially regarding damages that they can cause. 

 

2.1.4 Supplier bankruptcy risk 

 

As said above, there are several supply chain risks which have all financial implications. Everything that 

happens within a supply chain eventually ends up in the income statement, balance sheet. Bankruptcy 

risk defers from this kind of events as it embrace events where the primary and immediate effect is 

financially related (Gregory L et al.., 2012), financial impact is the primary rather than subsequent effect. 

Given that third-party data about suppliers is increasingly available it should come as no surprise that 

most companies begin their supply chain risk management journey looking at financial risk of entities 

within the supply chain. Assessing financial strength is necessary but is not a sufficient enough part of 

bankruptcy risk management to be the only thing being assessed. We will be however focusing on this 

kind of assessment in this paper as it is one of the best way to predict a bankruptcy. A variety of 
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approach exist for addressing bankruptcy risk across the supply chain. Many authors in the literature 

advise Ratio analysis for supplier financial health assessment. (Gregory L et al., 2012 , E. Thanassoulis, 

1996). According to (E. Thanassoulis, 1996), we use supplier financial ratios to manage risk by providing 

insights that financial data alone cannot provide. When performed on a regular basis, ratio analysis can 

help to highlight positive or negative trends trough the use of charts. In supply chain risk management, 

ratio analysis is used to compare a supplier’s strength with another supplier operating in the same 

industry. There are also various tool that use financial ratios to predict the potential of a supplier 

bankruptcy. (L. Altman , 1998) introduced the Z-score as one of the most efficient Bankruptcy predictor, 

this will be discussed below. In the context of supply chain risk management, (Gregory L et al.., 2012) 

introduced 5 different situations where financial ratios can be used:  

- Evaluation of potential suppliers 

- A purchase requirement that involves a large amount of money 

- Purchasing items that are crucial for the conduct of the business 

- Entering into a longer term contractual agreement 

- Conducting regular risk scan of your supply chain 

Even if ratio analysis seems easy in theory, one challenge is to obtain reliable data on a regular basis as 

many companies use suppliers that are private companies and have therefore no obligations to make 

available the same type of financial document as public companies (Chopra et al., 2004). As said before, 

supply chains are becoming more globalized with more international suppliers within the different stages 

of the supply chain, financial data in some countries may be less accurate and accessible.  

 

2.2 Bankruptcy prediction 

2.2.1 Introduction 

Prediction of bankruptcy is one of the challenging tasks for every sort of organizations in 

different industries in the world, it has been one of the most challenging tasks in accounting since the 

1930’s and during the last 60 years an impressive body of theoretical and especially empirical research 

concerning this topic has evolved (Zaygren, 1983 ; Altman, 1968). Back et al (1996) found in their studies 

that two main approaches in bankruptcy prediction studies can be distinguished, the first and most often 

used approach has been the empirical search for predictors (financial ratios) that lead to lowest 

misclassification rates while the second approach is more concentrated on seeking for statistical 

methods that would also lead to improvements in prediction accuracy. 

Most failure prediction studies that were undertake before 1980 applied an empirical approach. They 

aimed at improved prediction accuracy by appropriate selection of financial ratios for the analysis. 

Naturally, these financial ratios have been selected according to their ability to increase prediction 

accuracy. There are some efforts to create theoretical constructions in failure prediction context (Scott, 

1981), but none unified theory has been generally accepted as a basis for the theoretical ratio selection. 

The selection has been based on the empirical characteristic of the ratios. This has led to a research 
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tradition in which the effect of statistical method on predictor selection has been obvious. This paper will 

be focused on an empirical approach only where efficient ratios will be selected trough a discriminatory 

process and where the “bankruptcy probability rate” will be the mathematical linear function of all 

selected weighted ratios. 

 

2.2.2 Bankruptcy prediction through financial scores 

The available literature about “bankruptcy scores” is mainly about studies on the evolution of 

financial indicators for a certain number of companies, which have failed or not during the analyzed 

period. The failure (or the success) of the management structure is being assessed by a particular 

indicator known as “cutting score”, which is defined as a linear combination of a few main financial 

indicators or financial ratios. 

A bankruptcy probability rate or bankruptcy score represent a way of identify, quantify and control the 

corporate risk of bankruptcy (B. Baesens et al., 2003). It can be represented as a financial diagnosis of the 

company that leads to a relevant ranking, considering some financial indicators which are integrated in a 

score function. 

One of the most famous and well-established tools for predicting bankruptcy using ratios is the 

Altman Z-score which combines a series of weighted ratios for both public and private firms. According 

to his creator, Dr. Edward Altman, the Z-score is in average 85% accurate in predicting bankruptcy one 

year in advance and 75% accurate in predicting bankruptcy two years in advance (Altman, 1968).  In its 

1968’s study, Altman signaled out four balance sheet and income statement variables, with an additional 

stock market variable. The chosen variables regarded liquidity, profitability, leverage, solvency and 

activity and were based on two distinct criteria: their popularity in literature and their potential 

relevance for the study. Each company was given bankruptcy probability rate (Z-Score) composed by a 

discriminant function of the 5 variables weighted by a coefficient. The study involved a group of 66 

American manufacturing companies (33 healthy and 33 bankrupt), listed on the Stock Exchange and 

showed that companies with a Z Score of less than 1.81 were highly risky and likely to go bankrupt; 

companies with a score more than 2.99 were healthy and scores between 1.81 and 2.99 were in a grey 

area with uncertain results). The results are shown in Figure 3. 

 

Figure 3 : Altman’s Z-score classification (Source: D. Quagli, 2008, pp. 164) 
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The model was at the time extremely accurate since the percentage of correct predictions was about 

95% and it received many positive reactions and only a few criticisms.  

 

When we apply Altman’s Z-score on supplier bankruptcy risk, we notice that it has two attributes that 

makes it an efficient scoring tool for risk managers. Firstly, it is a relative simple tool to construct as there 

are only 4 ratios to be calculated for private firms and 5 ratios for public firms, the resulted score is also 

easy to understand. Supply chain risk managers should calculate Z-scores at least quarterly (Altman, 

1968). 

Due to its popularity and its efficiency for predicting bankruptcy, I will be using Altman’s z-score as a 

benchmark to assess the efficacy of the constructed sector-specific bankruptcy rate. 

 

 

2.3 Building a bankruptcy  rate model 

In order to analyze if a bankruptcy probability rate or bankruptcy score that takes into account the sector 

is more accurate than a global score (Altman’s z-score), a multivariate analysis will be firstly performed in 

order to determine ratios that are specific to the food industry, I will then use a Linear discriminant 

analysis in order to construct the score. The following lines analyze the literature about both techniques, 

as well as bankruptcy prediction in general. 

2.3.1 Sector-specific information 

 

Performance of Sector-specific bankruptcy rate models  

 

One of the aims of the paper will be to build a manual scoring model specific to the food industry by 

using determinants of bankruptcy in this sector. 

Previous studies on the subject led for example by Morning Star, an investment research firm, didn’t 

take into account the sector of the company but still had good results with their scoring model. As this 

paper will be focused on the food industry, I will use the specifics of this sector to build a more accurate 

scoring model specific to food industries as the relevance for a financial element depends partly of the 

sector in which the company is. A more accurate model will permit to reduce the number of prediction 

errors. A previous research led by three Indian doctors in finance who published a study in the 

International journal of innovation in 2011 about scoring models for the auto sector showed that by 

taking into account the specificities of the auto sector, better results can be obtained.   
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Altman’s Z-score’s efficacy on companies operating in specific industries has been discussed for a 

long time. A recent study led by F. Hussain et Al. in 2014 who analyzed the efficacy of the score in 

predicting bankruptcy of textile companies in Pakistan showed that the score was only 81% accurate 

which is even less than the 90% introduced before.  The paper also showed that as the time horizon 

increases accuracy rate of the Z score model decreases, accuracy rates given before were for a time 

horizon of 1 year, the paper found for example that the accuracy rate for predicting bankruptcy 3 year in 

advance was 62%. In our case, the resulted score will be compared with Altman’s z-score for a time 

horizon of 1 year. Another criticism of Altman’s z-score is its age as it has been developed 46 years ago, 

ratios that are found to be significant at a point in time may not show similar explanatory results when 

used over another further period of time due to changes in the economic environment, market 

conditions and government regulatory changes (Ben Chin-Fook Yap et Al., 2013) 

 

Sector specific ratios 

 

In order to compare the sector-specific bankruptcy score with a global bankruptcy score (z-score), 

factors that are specific to bankruptcies but not specific to a sector will have to be determined. (Altman, 

1968), for example found that the following ratios were particularly efficient when used in a scoring to 

predict bankruptcy: 

- Working capital/Total assets 

- Retained Earnings/Total assets 

- Earnings before interest and taxes/Total assets 

- Market value equity/Book value of total debt 

- Sales/Total assets 

 

(Beaver, 1966 ; Altman et al, 1968 ; Merton, 1974) used ratios for predicting possible company 

failures and assessment of risk. Single ratios or a group of ratios are often used in both univariate and 

multivariate studies. (Chen and Shimerda, 1981) found that there were 65 financial ratios that have been 

used in 26 past studies. The study found that out of the 7 most popularly used ratios, three ratios 

measure profitability and liquidity respectively while only one ratio measures solvency. (Hossariand 

Rahman, 2005), identified 48 ratios used in 53 studies and found that out of the ten most commonly 

used ratios, four measure profitability and liquidity respectively and two measure solvency.  

It is however impractical and sometimes improbable to compute all the ratios to reach to a conclusion 

desired for, it is therefore necessarily to identify a smaller set of ratios. It is not necessary to use so many 

ratios as a smaller number of dominant ratios are sufficient to achieve a good level of accuracy (Taffler 

RJ, 1983). With the presence of inter-relationships within and among the sets of financial ratios, a 

smaller number of representative ratios may be sufficient to capture most of the desired information 

(Hamdi and Abdelrazzak 1994) 
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The literatures usually distinguish two different tools when willing to simplify the structure of a 

set of variables: the factor analysis and the principal component analysis. These both techniques are 

typically used to analyze groups of correlated variables representing one or more common domains but 

are different in the way they analyze data. 

 

PCA was first formulated in statistics by (Pearson, 1901), who formulated the analysis as finding “lines 

and planes of closest fit to systems of points in space”. It has been defined as “a statistical procedure 

that uses an orthogonal transformation to convert a set of observations of possibly correlated variables 

into a set of values of linearly uncorrelated variables called principal components”. The main idea of 

principal component analysis is to reduce the dimensionality of a data set in which there are a large 

number of interrelated variables, while retaining as much as possible of the variation present in the data 

set”. The reduction will result in a new set of variables called the principal components which are not 

correlated and where the first few components retain most of the variation that was present in all the 

original variables (Jolliffe T., 2002). The most recent study on PCA applied on ratios selection was led by 

Ben Chin-Fook Yap, Zulkifflee Mohamad and K-Rine Chong (2013), who investigates the application of 

principal component analysis in the selection of financial ratios that are significant and representative for 

different industry sectors. Companies in different industries, even in the same country, have different 

operational, market and capital structures.  

 

Factor analysis is defined as a “statistical tool that is used to analyze the relationships among a large 

number of variables and to explain these variables in terms of their common underlying factors with 

a minimum loss of information” (Hair et al., 2009). Factor Analysis was first applied to financial ratios by 

(Pinches et al.,1973) in an attempt to develop an empirically-based classification of financial ratios. Since 

then, researchers are using Factor Analysis as a mean of eliminating redundancy and reducing the 

number of financial ratios needed for empirical research, research on the use of factor analysis with 

financial ratios have developed in two main directions namely using factor analysis to test and develop 

theoretical ratio structures and as another multivariate method to reduce the number of ratios used in 

studies for predicting bond ratings, corporate failures, market crashes, and corporate acquisitions. Their 

study used 42 financial ratios and after applying factor analysis, five factors were found to be significant 

as they explain 72% of the ratio variances. (Tan et al., 1997) used the factor analysis on 29 financial ratios 

in a Singapore study and found 8 underlying factors. They also applied factor analysis on 25 financial 

ratios on Chinese construction companies and found 5 underlying factors. Factor analysis will be used in 

our case to determine the underlying ratios relevant for food industry companies in France. 

Recent studies on the research of specific variables for a specific area usually use the PCA model to 

operate the dimension reduction (Ben Chin-Fook et al., 2013 ; Jianping Li et al., 2003 ; Helmy, 2009 ; 

Sinescu et al., 2010). These studies as well as the statistical literature, recommend the use of the PCA 

because of its advantage in quantifying the importance of each dimension for describing the variability of 

a data set without much loss of information. 

http://en.wikipedia.org/wiki/Orthogonal_transformation
http://en.wikipedia.org/wiki/Correlation_and_dependence
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In regard of both techniques and their utility in the literature I can already state that the principal 

component analysis would be more appropriate in my case as the objective is to obtain the minimum 

number of factors, a maximum of 5 ratios, to explain a maximum proportion of the variance found in the 

original variables. 

 

 2.3.2 The model 

The scoring literature has grown extensively since Beaver (1966) and Altman (1968), who 

proposed the use of Linear Discriminant Analysis to predict company bankruptcy.  In the last decade, 

there have been many moves both to expand and to unify the objectives of bankruptcy prediction 

models. A great number of relevant models have been developed to improve prediction’s results. Within 

this framework several methodologies have advanced, including linear discriminant analysis (Long, 1976; 

Lee, 1985), logit models, probit models, multivariate regressions and logistic regression (Myers and 

Forzy, 1963; Long, 1976; Wiginton, 1980). These last years, logit and probit models, have been the most 

popular tools for building a bankruptcy scoring model. According to McDonald (1999), 178 articles in 

accounting and finance journals between 1989 and 1996 used the logit model. 

There are several studies comparing the results derived from different models (Wiginton, 1980; Charitou, 

Neophytou and Charalambous, 2004; Chandy and Duett, 1990). Logit (or probit) is usually compared with 

the Linear discriminant analsysis where the results obtained for both models are pretty equal, the LDA 

being however easier to use. Even if the probit model seems to be especially relevant, Ohlson (1980) and 

Platt (1990) presented some interesting studies using the Linear discrimiant analysis with the advantages 

of being a pretty easy model to use. The most popular commercial application using this approach for 

estimation is the Moody’s KMV Riskcalc developed for many coutrnies. The French model is presented by 

Murphy et al. (2002). These past decades have seen the introduction of new methods like classification 

trees and fuzzy algorithms. Some research using this kind of methods showed that good results can be 

obtained (Tamaio, 2004 ; Caiazza, 2004). After careful consideration of the nature of the problem and of 

the purpose of this paper I chose Linear Discriminant Analysis as the appropriate method as it easily 

handles the case where the within-class frequencies are unequal and their performances has been 

examined on randomly generated test data. Altman et al. (1981) discusses discriminant analysis in-depth 

and reviews several financial application areas, LDA  “tries to derive the linear combination of two or 

more independent variables that will discriminate best between a priori defined groups”, which in our 

case are failing and non-failing companies in the food industry.  

In recent years, between 2006 and 2013, new studies have been undertaken on innovative scoring 

models. Campbell, Hilscher, & Szilagyi (2008), for example, implemented a dynamic logit model to 

predict corporate bankruptcies and failures at short and long horizons, using accounting and market 

variables. They argued empirical advantages of the model over the bankruptcy risk scores proposed by 

Altman (1968) and Ohlson (1980). Finally, they showed that stocks with a high risk of failure tend to 

deliver anomalously low average returns. Even more recently, Altman, Fargher, & Kalotay (2011) 

estimated the likelihood of default inferred from equity prices, using accounting-based measures, firm 

characteristics and industry-level expectations of distress conditions. This approximately enables timely 
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modeling of distress risk in the absence of equity prices or sufficient historical records of default. Even if 

all these models show great results in predicting a corporate failure, their implementation are very hard 

to undertake. For time and simplicity reasons, I will use the Linear Discriminant Model which is famous 

for the ease in its deployment. The purpose of the paper trying to analyse the impact of sector-specific 

variables on the quality of the bankruptcy rate, it is these variables that will determine the efficiency and 

not the model. Any model could therefore be used as it will not impact the results; I just choose the 

easiest one. 

 

 2.3.3 Online bankruptcy rate versus “Home-made” rate 

When considering a bankruptcy rate model for bankruptcy prediction, another question that 

arises is why companies should build their own rate when there are plenty of automatic rates available 

for free on the internet? According to Mazuir (2012), there are two main reasons for avoiding automatic 

scores: 

The purpose of a credit analysis is to understand the financial reality of a company, or an automatic 

scoring is not going in that direction. The scoring comes out of the blue without allowing companies to 

understand the whys and wherefores. “An automatic scoring can be compared to a sprinter who is so 

much focused on the results that he forgets to run”. 

A bankruptcy rate must be based on recent and quality information. An automatic rate brings no 

guarantee in that.  

Other researchers advice companies to take automatic scorings into account when analysing the credit 

risk, it seems to be pertinent to automate scorings production regarding the number of suppliers to 

analyse. In regard to this, Dun & Bradstreet database contains financial information about more than 200 

millions companies around the world. A company that has many suppliers can be tempt by automatic 

scorings in order to gain time and efficiency.  

 

 

2.4 Summary 

As noticed in this literature review it is almost necessary for current companies that conduct a supplier 

bankruptcy risk management to use a bankruptcy probability rate in order to predict the bankruptcy of 

their suppliers. Altman’s Z-score is therefore an efficient tool for risk managers but when applied on 

specific sectors with smaller companies the rate of accuracy can decrease which can discourage risk 

managers to use it as a tool. The efficacy of the Z-score depend of many variables which explains why it 

can be extremely accurate in some cases like in the 1968’s study described above while less accurate in 

other cases.  The volatile nature of the Z-score makes it a good tool but not good enough for companies 

whose supply chain management will be based on the z-score.  
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Companies therefore need to develop their own bankruptcy rate model by taking into account specific 

features of their sector. The major goal of this paper will be to develop a bankruptcy probability rate 

model that takes into account the sector of the company (food-processing industry) in order to see if by 

implementing sector-specific ratios, we can obtain a score with an accuracy of more than 90%. Altman’s 

Z-score will be used as benchmark for the resulted score, it is important to outline the fact that scores 

with almost 92% of accuracy exist in today’s market like those developed by rating agencies, the 

calculation method for these scores are however not available for consultation. By analyzing the 

literature seeking for a viable mathematical approach, the Linear Discriminant analysis seems to be the 

most appropriate in our case; it allows us indeed to construct a linear mathematical function with an 

unlimited number of variables. Furthermore, a principal component analysis will be used to select 

efficient ratios. 
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Chapter 3 – Research methods 

3.1 Introduction 

 

Figure 4 : Research onion (Saunders, Lewis and Thornhill, 2007, p. 102) 

Sanders et al. introduced the research onion as a tool used to understand the different methods and 

approach the researcher may consider when constructing its research. The different layers of the onions 

represent different stages of the reflection which help the researcher making his way through the 

research process (Sanders, Lewis & Thornhill, 2009, pp. 106-109). 

These different layers will shape the different sections of my research methodology. 

By following the research onion process, I will be able to analyze the different possible approaches to 

my research paper. This section aims to underline all available or relevant possible approaches to the 

research paper, as well as to analyze the appropriateness of each approach to the research objectives, in 

order to pick the most relevant one. An analysis of the different research methods to be considered will 

be taken from Saunders, Lewis, and Thornhill's Research methods for business students (5th Edition, 

2009) 
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3.2 Research Philosophy 

The first layer of the onion is “research philosophy”, which according to (Sanders et al., 2012), 

represents the way the researcher views the world. When undertaking a research it is indeed important 

to consider different research paradigms and matters of ontology and epistemology. Since these 

parameters describe perceptions, beliefs, assumptions and the nature of reality and, they can influence 

the way in which the research is undertaken, from design through to conclusions (James and 

Vinnicombe, 2002). Research philosophy is an important section of the research method as it helps the 

researcher to uncover, interpret and develop knowledge and findings. Research philosophy is also 

important to the foundation of the study, as it gives the researcher a point of view and references on 

how to approach the world, market, and realities he wishes to study. Saunders et al. (2009) explain that 

the assumptions determined by research philosophy will then validate the basis for the researcher's 

methods and strategy selection (Saunders et al., 2009). The researcher can either adopt a subjective or 

objective approach and these approaches are regulated by assumptions about ontology and 

epistemology (Holden and Lynch, 2004, p.3). 

(Blaikie, 1993) describes the root definition of ontology as “the science or study of being” and develops 

this description for the social sciences to encompass “claims about what  exists, what it looks like, what 

units make it up and how these units interact with each other”. In other words, ontology describes our 

view regarding the nature of reality with two possible modes of thought: is this an objective reality that 

really exists, or only a subjective reality, created in our minds. 

Blaikie (1993) describes epistemology as “the theory or science of the method or grounds of knowledge” 

expanding this into a set of claims or assumptions about the ways in which it is possible to gain 

knowledge of reality, how what exists may be known, what can be known, and what criteria must be 

satisfied in order to be described as knowledge. 

For the purpose of this study, in regard to ontology (what is true) and epistemology (methods of figuring 

out those truths), an epistemological approach will be taken as the research aims to discover the truth 

behind the effect of sector-specific numbers on the accuracy of corporate scoring models. 
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The research philosophy layer also introduces three possible research philosophies known as paradigms 

that a researcher may follow. According to Saunders et al (2009) the three main research philosophies 

that determine how the researcher sees the world are the followings: 

  Positivism: According to the positivist ontology there is a single, external and objective reality to 

any research question regardless of the researchers belief (Carson et al. 1988; Hudson and 

Ozanne 1988). Therefore, if the researcher follows the principles of Positivism, researchers must 

adhere to specifically structures beliefs to uncover single, objective realities through value-free 

research. The goal of this type of research is to make both time and value-free generalizations 

 Interpretivism: The interpretivist goal of their research is to understand and interpret human 

behaviours, as opposed to predicting causes and effects. In this type of research, it is important 

that researchers recognize subjective experiences, reasons, meanings, and motives that affect 

the time and context bound studies. 

 Realism: Realism shares the principles of both positivism and interpretivism. This means that 

realism combines the two philosophies and researchers with a realist approach will combine 

both the viewpoints of a reality that exists apart from human behaviour, but also that to 

understand people one must accept human subjectivity. Researchers must identify the external 

factors and forces that influence humans, as well as how they interpret and perceive the setting 

they find themselves in. 

 

In regard to these 3 possible approaches, my research philosophy is clearly realistic as it rely  firstly  to 

the data of experience and rely heavily on experimental and manipulative methods in order to construct 

a scoring model by using mathematical and statistical analysis methods, but also rely on  realities 

perceived and founded by companies today. 
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3.3 Research approach 

 

Figure 5: "Deductive & Inductive Approach Theory" (Saunders et al., 2009, p. 126) 

 

The next layer of the “research onion” is the research approach. According to Saunders et al (2009) there 

are two main types of research approach (Figure 5): 

 - The deductive approach: it’s a scientific approach which is linked to the positivist philosophy. 

It’s an approach of testing theories via scientific hypothesis as a “top down analysis”. 

 - The inductive approach: it’s the opposite of deductive approach i.e a “bottom up” analysis. It 

works from observations (data) in order to build a theory. 

The research approach for this paper will clearly be deductive as I will be testing an expected pattern of 

French companies through the LDA model as well as different pre-selected financial ratios through a 

principal component analysis. The experimentation will allow me to prove if sector-specific variables are 

more efficient than global variables when implemented in a scoring on companies operating in the food 

industry sector. This approach is deductive in the sense that I’m using existing theories in a specific area; 

the researcher is indeed using existing mathematical theories about scoring techniques but applied in 

the specific sector of food-processing industries. Starting with general assumption on scoring techniques, 

the researcher will try to discover specific effects that can arise when applied on a specific sector. 
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3.4 Research Strategy 

 

The research strategy is the third layer of the “research onion”, it is based on the approach the 

author is using to answer a problematic, according to Saunders et al (2009) there are several research 

strategies that can be employed: case study, survey, experiment, exploratory, descriptive and 

explanatory studies, action research, grounded theory, ethnography and archival research. 

For the purpose of this study, an experimental strategy will be used, and will be accompanied by the 

survey strategy for qualitative data analysis. 

In an experimental strategy there are generally one or more variables that are manipulated to determine 

their effect on a dependent variable, an experiment is indeed constructed to be able to explain some 

kind of causation. 

Experimental variables for the study will concern financial information and ratios about healthy and 

bankrupted companies operating in the food-industry in France while the experiment tool will be the 

Linear Discriminant Model and the principal component analysis. Results of the experiment will allow us 

to understand what is the cause of using financial ratios that are specific to the food-industry sector 

when implemented in a scoring and if they are more efficient than general ratios. 

The survey, in the other hand, will bring added value to this paper in terms of qualitative data, by 

questioning companies on their current practices.  

 

3.5 Research choices 

 

Quantitative data generates numerical data (usually via tools such as; questionnaires, graphs or 

statistics), and qualitative data generates non-numerical data (such as; interviews), which often uncover 

perceptions or other variables of the phenomena being studied (Saunders et al., 2009). Essentially, 

quantitative researchers use numbers and large samples to test theories, and qualitative researchers use 

words and meanings in smaller samples to build theories (for example, Easterby-Smith et al., 1991). 

Knowing that, there are generally three different kind of approach: mono method, mixed method and 

multi-method. 
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Some researchers use only one type of methodology while others suggest that both types may 

sometimes be appropriate (Borch and Arthur, 1995; Hyde, 2000), “it is likely that quantitative methods 

and qualitative methods will eventually answer questions that do not easily come together to provide a 

single, well-integrated picture of the situation” (Patton, 1990, pp. 464-5). While the development of a 

scoring model will help to understand if companies could easily develop their own scoring model by 

taking into account their sector in order to build an efficient scoring, it is also important to understand if 

companies would approve the use of this technique; this information would be provided by a survey. 

For the purpose of this study, a mixed methods approach will therefore be used as the study is using 

both a survey and an experimental strategy. 

 

My strategy being experimental, I will be using a mono method by adopting a single approach to 

the research, which will be a quantitative approach. A quantitative approach is based on numbers and 

pure data and relies heavily on scientific methods rather than intuition, personal observation or 

subjective judgment. Performed properly, quantitative research yields results that are objective and 

statistically valid. 

 

3.6 Time horizon 

The second to last research layer is the time horizon, the choice of a time horizon approach for any 

researcher means whether he would like a snapshot view of his study (i.e. a moment in a particular 

time), or do he want it to appear diary-like (where the study appears as a representation of snapshots 

over a given period of time. These two methods are called cross-sectional and longitudinal. 

Cross-sectional is the most common method seen used and the study is based on a particular 

event of which single data collection is done to gather a sample. 

Longitudinal requires much more time and effort as it has the ability to change and develop because it 

is based on how areas of the study can change and evolve over time 

This paper is more cross-sectional as numbers taken from different companies are all based on the 

same accounting year (2010) which means that the scoring model is supposed to predict any 
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bankruptcies that would occur in 2011. A time horizon of more than one year would represent much 

more work and time which is impossible due to time constraint in gathering data; there is also no 

particular interest in our case. 

3.7 Data Collection 

Data collection is not simply based on whether or not the researcher is using quantitative or 

qualitative data. In contrary, there are many other factors that go into data collection and the most 

important factors to any research paper are credibility based on: reliability and validity (Saunders et al., 

2009) 

Easterby-Smith et al. (2008) argues that reliability is based on the extent to which data collection 

techniques and procedures will result in consistent findings (Easterby-Smith et al., 2008, Saunders et 

al., 2009, p. 156) 

Viability refers to whether findings are actually about what they appear to be about. This means 

that sometimes, research may uncover information that is skewed and seems to give an answer to the 

question, but really those given the questionnaire did not have the proper information to give an 

accurate response, and lead to misleading results (Saunders et al., 2009). This research paper and all 

surveys avoid asking leading questions by doing its best to ask varying questions that do not give away 

the full nature and scope of the research (Saunders et al., 2009). 

3.7.1 Secondary Data Collection 

 

As explained above, there will be two types of data that will be collected for the purpose of the 

secondary data collection. Firstly, the different financial ratios are chosen, 28 ratios are initially selected 

and classified into five groups. Secondly, financial information about selected companies are collected, 

these information are extracted from the DIANE data base which is a French online data base that 

contains financial information about more than 1.3 million French companies. Access to these data is 
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however restricted and charged but there is a free trial of 1 month which I registered for in order to 

avoid paying extra fees. 

  

3.7.2 Primary data collection 

Primary data is data collected by the researcher through means of primary research. For this study, 

this includes the use of a qualitative research only. 

Specifically, the researcher will perform structured interviews with finance professionals and CFOs 

working in food-processing companies in France. 

3.8 Population and Sample 

3.8.1 Qualitative data 

As previously mentioned, the qualitative data is drawn from French financial professional and 

CFO of the French food-processing industry. These people will provide in depth information on how 

companies currently assess their suppliers and if a scoring model would be efficient. All respondents 

will remain anonymous throughout the research paper, and will therefore be referred to as 

Professional 1, professional 2, etc. In total, 6 financial professionals will be interviewed, all working in 

different companies. The aim is to draw conclusions on the food-processing industry to better 

implement the use of scoring model to help companies in this sector to assess their suppliers. 

3.8.2 Quantitative data 

Quantitave data will distinguish two types of informations, informations about financial ratios and 

informations about companies of the French food-processing industry. 
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Financial ratios 

According to (Chen & Shimerda, 1981) there are too many financial ratios to be helpful in evaluating the 

financial performance of a selected company. (Taffler, 1983), in the other hand, claimed that there are 

only four useful ratios in evaluating the financial condition of a company. In the same way, (Koh & 

Killough, 1986) claimed it is not necessary to have a huge number of ratios to predict business failures 

but desirable is a set of dominant ratios derived from a larger set of correlated ratios. The ratios have 

been chosen according to financial ratios that the researcher used to study in his finance class at DBS. 

The size of companies selected weren’t that big, it was therefore essential to select ratios were the 

information is easy to collect, selected ratios were also commonly used in past companies bankruptcies 

forecast studies (Hossari et al., 2005 ; Pinches et al., 1973 ; Tan et al., 1997).The researcher also decided 

to take a few ratios that are already included in existing scoring models (French bank scoring model, 

Conan-Holder scoring model) in order to take into account the experience acquired with the limits that 

are involved.These data represent quantitative data and are crucial for the rest of the study. According 

to the literature and past studies, as well as the researcher’s knowledge, the present paper will use 15 

ratios (figure 6). 

No          Selected Ratios Abreviations 

1 Net income to total assets NITA 
2 EBITDA / ASSETS EBITDAA 
3 Net income to sales NIS 
4 EBITDA / sales EBITDAS 
5 net debt to ebitda NDEBITDA 
6 total debt to equity TDE 
7 cashflow to sales CFS 
8 net financial expenses to ebitda NFEEBITDA 
9 long-term equity to liabilities LTEL 

10 gross value to sales GVS 
11 cash ratio CASH 
12 working capital to sales WCS 
13 net profitability NP 
14  operating cost-efficiencies OCE 
15 activity evolution AE 

 

Figure 6: 15 selected financial ratios 

 

Selected companies 
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Financial ratios data from the DIANE data base of selected failed and non-failed French companies 

operating in the food sector were taken over the 2010 accounting year, failed companies bankrupted in 

the 2011 while non-failed companies were still healthy in 2011. 2011 accounting year was selected 

because of the number of companies that bankrupted that year; there was therefore a larger choice of 

bankrupted companies to be selected for the study. Companies were selected based on the sector they 

are operating on; all companies must be classified under “agro-food industry” companies. A short-list is 

created based on the size and the number of years of existence; big companies (more than 200 

employees) are deleted in order to avoid a size effect on the ratios, moreover, bankruptcy is even rarer 

and more specific for this kind of company. Companies with less than 3 years of existence were also 

deleted as there is a particular high risk of bankruptcy regarding these kinds of companies; the “age 

factor” is thence put into perspective and largely reduced. The sample size in scoring studies varies from 

a few hundred to some tenths of thousands observations (Avery et al., 2004). For example, Duffy (1977) 

asserts that as few as 100 observations are the minimum to develop an efficient model.More specifically, 

having examined in detail all companies, some of them were excluded of the study because of 

information missing about the selected financial ratios above. The final sample contains 50 healthy 

companies matched with 50 bankrupted companies (100 companies in total). The names of the failed 

companies that are matched with the non-failed companies are tabulated in Figure 7 below: 

 

No, Failed companies No, Non-failed Companies 

1 ANNE ET JEROME GODOT 1 SAINT JEAN 
2 SARL MOULIN DARDAULT 2 SVELTIC 
3 SAS PALMI DECOUPE FOIE GRAS 3 CORICO 
4 GYMA SAS 4 EUROGERM 
5 GEL ALPES 5 EBLY 
6 LA ROMAINVILLE 6 MINOTERIE SUIRE 
7 PET FOOD PLUS 7 HENRY BLANC 
8 NOVEAL NUTRA 8 PROVENCE OLIVE 
9 CONSERVE GARD 9 KER VIANDE 

10 LA VIANDE NATURELLEMENT 10 PALADINE 
11 VILLENEUVE PET FOOD 11 TILLY-SABCO 
12 MONTLUCON VIANDES 12 NESTLE France 
13 VIANDES DES BASTIDES 13 MARINE HARVEST RENNES 
14 BIOPRESS 14 LA MAISON DU BON CAFE 
15 HAMEON SAS 15 DUJARDIN BRETAGNE 
16 LAITERIE ANTOINE GARMY 16 SCHMIDHAUSER 
17 TECHNIPAT QUALITY 17 QUERIAL 
18 TOTMATES D'AQUITAINE 18 LES JUS DE MARMANDE 
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19 PHOSPHOTECH 19 CRUSTIMEX 
20 MONDIAL DONER PRODUCTION 20 CELNAT 
21 France GENOISE 21 COTTES USINES SAS 
22 RAOUL DESCHILDRE 22 ETABLISSEMENTS FLEURANCE 
23 SARL CASE A PAIN 23 PINGUIN AQUITAINE 
24 GERMINAL 24 COMPTOIR DU CAVIAR 
25 FROMAGERIE DE LA CORE 25 TERRE DES LYS 
26 REGAL POMPADOUR 26 SOLE MOI 
27 PARI 27 ROCAL 
28 CL LABO 28 BRIO'GEL 
29 LES CANARDS DU VAL DE LUCE 29 COPALIS 
30 SAINT ANTOINE BA 30 CAP'FRUIT 
31 SOCIETE LACROIX DUBERNET 31 PICANDINE SAS 
32 LABORATOIRE ETNAS 32 FRANCEP GARNIER 
33 EL PASEO 33 TIPIAK PANIFICATION 
34 NEMS SAIGON 34 SA FERRIGNO 
35 EQUIFORM BERTRAND 35 AGRI PHYTO 
36 BONAPP 36 LACADEE AGRO INDUSTRIE 
37 LE PECHE MIGNON 37 DANIEL ALLAIRE SAS 
38 REGAL PUISEUX 38 GASTROMER 
39 METAMORPHOSE ET CHRYSALIDE 39 CONSERVERIE MICELIE 
40 SARL SERGE LAFORGE 40 VALIA 
41 SARL GEORGEAT 41 ALIMENTS GENOUEL 
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ATELIER DE DECOUPE 
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PANARMEN 

43 SARL BEGARDS 43 LACTINA 
44 REGAL VILLEBON 44 EUROVANILLE 
45 LA RAIOLA 45 SAS KERVADEC 
46 SARL DE LA PRESLE 46 SOTEXPRO 
47 LUSYD 47 INNOV'IA 
48 BENIGNA 48 PRODISAL 
49 SARL GUYMARE 49 PANEMEX 
50 PERROT 50 DUREPAIRE 

Figure 7: List of selected failed and non-failed French food companies  

3.9 Quantitative Data analysis 

3.9.1 Principal component analysis 

Principal component analysis reduces the “dimensionality of a data set where there are a large 

number of interrelated variables, and at the same time retaining as much as possible of the variation 
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present in a set of data” (Jolliffe, 2002). The reduction will result in a new set of variables called the 

principal components which are not correlated and where the first few components retain most of the 

variation that was present in all the original variables.  

The objective of the PCA is to obtain the minimum number of factors to explain a maximum proportion 

of the variance found in the original variables. This technique will be applied to the 15 financial ratios to 

reduce the number of interrelated variables and to obtain only the most significant one which are 

uncorrelated for the rest of the study, these variables are supposed to be specific to the food industry. 

Only factors with value superior to 1 will be considered as significant and will be extracted. A rotation of 

the factors will also be undertaken in order to make the interpretation of the factors that are supposed 

to be relevant. The rotation has no effect on the the amount of variance extracted or the number of 

factors extracted. 

There are usually 2 types of factor rotation methods used in studies, namely the orthogonal and the 

oblique rotation methods. The orthogonal method is more popular and more significant when the 

objective is data reduction. For the purpose of this paper, I will use the orthogonal method of factor 

rotation; there are several orthogonal methods such as Quatimax, Varimax and Equimax. The most 

popular and common method is the Varimax method, it is also the method which is used in  SPSS, I will 

therefore be using this method. The Varimax method maximizes the variance of the “squaredloadings” 

of a factor (financial ratio) on all the variables (companies) in a factor matrix. Each of the factors 

obtained will have either large or small loadings of any particular variable. 

A test of appropriateness coupled with a test of sphericity will afterwards be undertaken as well 

as different kind of tests to measure sampling adequacy. The Kaiser-Mayer-Olkin statistic will be used to 

measure the sampling adequacy where the minimum requirement of 0.5 is necessary to pass the test. 

 

3.9.2 Linear Discriminant Analysis 

The Linear Discriminant Analysis (LDA) was developed by Fisher (1936) who suggested that “the best way 

to separate two groups is to find the linear combination of explanatory variables which provides the 

maximum distance between the means of two groups” (R.A. Fisher, 1938). LDA function for two variables 

can be defined as a linear combination of discriminating or independent variables, such that: 

Yi =  a1 X1 + a2 X2 + ...an Xn  
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where a1 a2 and an are the discriminant coefficients, X1 X2 and Xn are the explanatory variables. The 

advantages of the linear discriminant model are its simplicity and that it can be easily estimated, the 

method is based upon the assumption of normality distributed data.  

In this case, the purpose of the LDA is to construct a scheme, based upon the set of the n explanatory 

variables, that separates observations to appropriate groups and describe the overlaps between the 

groups (Lee, 1985; Eisenbeis and Avery, 1972).  

3.10 Ethical Issues 

Some ethical issues that could arise is credibility Companies selected for both PCA and LDA choose to 

release financial information about their company, they are therefore aware of the existence of online 

databases like DIANE where any private individual can access these information and make us of them. 

Financial information about these companies will be exploited by the researcher for scholar purpose only 

; the purpose of final results is to demonstrate a fact about a scoring model and not to damage the 

credibility of any of these companies in the case where the score would be disadvantageous. 

In order to avoid any harm to the company, all financial information will be given without specifying 

from which company they come from. 

In regard to the interviews, an ethical issue that could arise is confidentiality. The researcher wants 

therefore each professional to feel comfortable in answering the questions; confidentiality is the key as 

they will be disclosing information about their company. For this purpose, all respondents shall remain 

anonymous. 

The general ethical issues in Saunders et al. (2009) list issues such as, causing pain or harm to 

participants (Saunders et al., 2009, p. 185). The purpose of this data collection will risk breaching both 

confidentiality and credibility terms. Therefore, it is necessary that the researcher take precautions in 

informing parties about the objective of this research paper before starting the interviews. 
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3.11 Limitations of the Research 

Limitations to this research study vary and are dependent on several factors. 

As the study is focused on French companies and the dissertation must be written in English, I will need 

to translate all the resources in the most effectively way. However, the differences in language can result 

in a loss of meaning which is also a limit, especially concerning the meaning of some ratios which have 

been extracted of the Banque the France database.  

This paper won’t cover any problems or errors due to the Linear Discriminant model, there are already 

existing studies that are discussing issues regarding this model. I will consider the model to be efficient 

enough for the purpose of the research. 
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Chapter 4 -  Data Analysis and Findings 

 

4.1 Structured Interviews 

4.1.1 Introduction 

Interviews for this study were done with financial professionals and CFOs working in French food 

companies. Companies are all small and medium-sized enterprise. Even if the purpose of this study 

is to construct an efficient scoring model by analyzing the impact of the sector, it is also essential to 

know how companies in this sector currently assess their suppliers and if a scoring would be a 

relevant tool for this type of company. The researcher thought therefore that it would be interesting 

to have some primary data collected from the companies themselves. Interviews were sent to 

professionals by e-mail, in total, 43 emails were sent but only 12 companies did respond.  

 

4.1.2 Observations 

1. How many suppliers do you have? 

 

Figure8: Number of suppliers 
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Figure 8 shows that more than 50% of companies have less than 10 different suppliers, there are 

only 8% who have more than 40 suppliers.  

 

2. Have you ever faced any issues after one or more of your suppliers went bankrupt? 

 If yes, what kind of issues? 

 
 

 

Figure9: issues with suppliers 

Figure 9 show that only 25% of companies experienced issues following the bankruptcy of one of 

their suppliers. This means that 3 companies out of 12 interviewed already had to face the 

bankruptcy of one of its supplier.  
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Figure10: Results of bankruptcy 

Among these 3 companies, 100% of the companies explain that the bankruptcy of a supplier 

resulted in a short supply-chain breakdown, which was no big deal for them. 

 

3. Currently, if one of your suppliers would go bankrupt, would you be able to stop a supply-chain 

breakdown? 
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Figure11: Supply chain breakdown 

Figure 11 show that 100% of the companies would be unable to stop a supply-chain breakdown. A 

few companies also indicated that they have however a good inventory management system in 

place which helps to have a clear grasp on the inventory, what they have in stock, etc., but which is 

unable to stop the breakdown. 

 

 

4. Do you have features within the company that allow you to check the financial health of your 

suppliers? 

 

Figure12: Financial health assessment 

Figure 12 show that only 8% of the companies use features to assess the financial health of their 

suppliers. These companies however recognized that these “features” were quick financial analysis 

made on an irregular basis during the year. The other 75% don’t have any tool to assess the supplier 

risk. 
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5. Do these features include the calculation of a financial score? 

 

Figure13: Financial score as assessment tool 

According to figure 13, none of the companies are using a scoring as a supplier assessment tool. 

 

6. If not, what are the reasons why you don’t assess the supplier risk?  
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Figure14: Reasons of risk assessment lack 

- The directorate-General is the most blamed as 2 principal reasons, representing more than 47% of 

the answers, relates to it. It is therefore difficult, when the directorate-general doesn’t feel 

concerned by the problem, to achieve a supplier risk assessment approach.  

-  15% of the companies also have a lack of human resources. This can be explained by a difficult 

economic situation; companies have cut their workforce and have reduced their investments to 

address the decrease of the turnover. It is therefore important to propose a tool that doesn’t need 

too many human or financial resources. 

- 13% of the answers concern the lack of maturity. According to the companies that gave this 

answer, the lack of maturity concerns each department of the company even the directorate -

general. In fact, the lack of interest for a supplier risk assessment approach can be considered as a 

lack of maturity. 

 

7. according to you, what are specific risks to small and medium companies in the food industry? 
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Figure15: risks in small and medium food-processing companies 

24% of the companies interviewed put supplier risk in first position; the relation between the 

company and its suppliers is therefore at the centre of considerations in risk assessment. As we saw 

in the second section of this paper, this was clearly emphasized by the financial crisis that weakened 

the health of suppliers. These results confirm the necessity for companies to have an efficient tool 

that allow them assessing their suppliers. 

 

8. If you should, or already assess your supplier’s f inancial health, which department of your 

company would this task be assigned to? 
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 Figure16: department of the company 

83% of the companies interviewed would assign or already assign the assessment of their suppliers 

to the purchasing department. Purchasing departments are indeed privileged contacts with 

suppliers; they are the interface between suppliers and internal customers and have the best 

position to conduct an assessment. Furthermore, according to some companies interviewed, 

purchasing departments are working more and more in advance, in project mode with the different 

departments of the company. This is even more important in risk assessment as the purchasing 

department will have to communicate with each “risk holders”.  

 

 

9. Do you think that the assessment of your suppliers through a scoring model would be efficient in 

your company? 
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25% of the companies interviewed think that it wouldn’t be necessary to use a scoring model in 

order to assess their suppliers while only 8% think that it would be usefull. A vast majority of the 

companies choose to answer “I don’t know”, surely because of a lack of knowledge for scoring 

methods and how to use it efficiently.  
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4.2 Construction of a scoring model and impact of the “food-processing” sector 

4.2.1 Introduction 

 

This chapter will explore the main data points and theories observed throughout this research 

paper, mainly the principal component analysis and the linear discriminant analysis. This section is 

extremely important as it encompasses the most important information from which the researcher will 

draw his conclusion and recommendations in Chapter 5. 

4.2.2 Principal component analysis 

4.2.2.1 Introduction 

The first section of this chapter will help the researcher to select relevant financial ratios to the food 

industry in France. These ratios will be then injected into the discriminant analysis as independent 

variables to construct the final scoring model.  

4.2.2.2 Data preparation and presentation 

The dataset that has been used is composed of 100 French companies operating in the food 

industry; the same companies will then be used in the next section for the linear discriminant  

analysis. The differentiation between healthy and non-healthy companies doesn’t matter here as 

the only parameter to take into account is the sector in which the company operates. Financial 

ratios that have been selected in the previous section are calculated for each company. For each 

missing value, there is an empty case in order to avoid calculation mistakes. A table containing these 

information has been created using Excel, each column represent a financial ratio while each lines 

represent a company, the table will be imported into SPSS for the PCA. Figure 17 represent the first 

10 rows. (see appendix 1 for full sample). 
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Figure 17: Principal component analysis dataset (10 first lines) 

 

 

4.2.3 Data analysis in SPSS 

 

For the purpose of the analysis the researcher is using SPSS 21. After importing data from 

excel to SPSS the researcher is using the factor dimension reduction function in SPSS which allow to 

perform a principal component analysis. Results and analysis are presented in the following lines. 

 

The criteria we take into account for the number of the retained factors are: 

-  cumulated percent in variation explained by the retained factors should be higher than 50%  
- variance of each retained factor should be higher than 1  

 

First, PCA summarizes the pattern of inter-correlations between variables. The variables that are 

highly correlated with one another are grouped together into factors. The correlation matrix for the 

15 variables is shown in Figure 18.  

Value 0 for correlation coefficient indicates the absence of statistical linkage between variables, 

correlation between the same variables is 1. 

 

  NITA EBITDAA NIS EBITDAS NDEBITDA 

NITA 1,000 ,868 ,911 ,661 -,001 

EBITDAA ,868 1,000 ,773 ,798 -,135 

NIS ,911 ,773 1,000 ,774 -,010 

EBITDAS ,661 ,798 ,774 1,000 -,103 
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NDEBITDA -,001 -,135 -,010 -,103 1,000 

TDE -,451 -,342 -,390 -,238 -,282 

CFS ,665 ,729 ,782 ,928 ,014 

NFEEBITDA -,237 -,323 -,249 -,275 ,707 

LTEL ,510 ,524 ,477 ,420 -,252 

GVS ,128 ,209 ,196 ,468 ,261 

CASH ,150 ,158 ,157 -,013 -,057 

WCS ,272 ,191 ,419 ,206 ,022 

NP ,910 ,773 1,000 ,773 -,006 

OCE ,661 ,798 ,773 1,000 -,103 

AE ,107 ,106 ,084 ,037 -,063 

 

 

 
     

  TDE CFS NFEEBITDA LTEL GVS 

NITA -,451 ,665 -,237 ,510 ,128 

EBITDAA -,342 ,729 -,323 ,524 ,209 

NIS -,390 ,782 -,249 ,477 ,196 

EBITDAS -,238 ,928 -,275 ,420 ,468 

NDEBITDA -,282 ,014 ,707 -,252 ,261 

TDE 1,000 -,332 -,079 -,087 -,180 

CFS -,332 1,000 -,243 ,426 ,497 

NFEEBITDA -,079 -,243 1,000 -,351 ,122 

LTEL -,087 ,426 -,351 1,000 -,093 

GVS -,180 ,497 ,122 -,093 1,000 

CASH -,150 -,014 ,007 ,308 -,425 

WCS -,128 ,286 -,140 ,413 -,368 

NP -,391 ,781 -,249 ,472 ,196 

OCE -,238 ,928 -,275 ,420 ,468 
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AE -,037 ,063 -,051 ,096 ,031 

 

    

 

 

 

  CASH WCS NP OCE AE 

NITA ,150 ,272 ,910 ,661 ,107 

EBITDAA ,158 ,191 ,773 ,798 ,106 

NIS ,157 ,419 1,000 ,773 ,084 

EBITDAS -,013 ,206 ,773 1,000 ,037 

NDEBITDA -,057 ,022 -,006 -,103 -,063 

TDE -,150 -,128 -,391 -,238 -,037 

CFS -,014 ,286 ,781 ,928 ,063 

NFEEBITDA ,007 -,140 -,249 -,275 -,051 

LTEL ,308 ,413 ,472 ,420 ,096 

GVS -,425 -,368 ,196 ,468 ,031 

CASH 1,000 ,690 ,157 -,013 ,105 

WCS ,690 1,000 ,419 ,206 ,064 

NP ,157 ,419 1,000 ,773 ,077 

OCE -,013 ,206 ,773 1,000 ,037 

AE ,105 ,064 ,077 ,037 1,000 

Figure 18: Correlation matrix between financial ratios  

 

 

 

For the moment we note that the AE (Activity Evolution) is not well correlated with some others. We 

can also observe that the 5 first ratios have a good correlation with each other.  

 

After the data pretreatment, SPSS gives the KMO value and Bartlett examination, as shown in Figure 

10. 
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KMO (Kaiser-Meyer-Olkin) is a statistic test that indicates the degree of association of the variables. 

In our case, KMO test is 0.781. It is necessary to have a minimum value greater than 0.5 for PCA to 

proceed (Kaiser and Rice, 1974).  

 

The Bartlett’s Test of Sphericity is significant with a P-value of 0.00. A significant P-value is necessary 

as it would mean that the correlation matrix is not an identity matrix (Snedecor et al., 1989). 

 

The KMO value is 0.781>0.5 and the Bartlett examination is significant, the principal component 

analysis is therefore suitable. 

 

 

KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. ,781 

Bartlett's Test of Sphericity 

Approx. Chi-Square 2233,507 

df 105 

Sig. ,000 

Figure 19: SPSS KMO and Bartlett’s Test (SPSS screenshot) 

 

 

  

The communality for a given variable can be interpreted as the “total influence on a single 

observed variable from all the factors associated with it, values range from 0 to 1 where 1 indicates 

that the variable can be fully defined by the factors and has no uniqueness” (R. Beaumont, 2012). A 

factor loading represents the correlation between a variable and a factor that has been extracted 

from the data. The communalities for the Vi variable (i = 1,…,15) are computed by taking the sum of 

the squared loadings for that variable (I. Ioniţă et al., 2002).  

Lowest values of communality indicate that the analyzed variable is inadequate represented by the 

factorial model. Here, the most variable communalities are between 0.6 and 0.9 (Figure 20).  
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Using the PCA method the fifteen variables are reduced to three factors as shown in Figure 21. The 

variance in the correlation matrix is reassembled into 15 eigenvalues. Eigenvalues can be defined as 

“special set of scalars associated with a linear system of equations” (Hoffman and Kunze 1971), in 

some other studies they are sometimes called proper values, or latent roots (Marcus and Minc 1988, 

p. 144).  Each eigenvalue represents the amount of variance that has been captured by one 

component. 

 

Communalities 

 Initial Extraction 

NITA 1,000 ,798 

EBITDAA 1,000 ,797 

NIS 1,000 ,891 

EBITDAS 1,000 ,896 

NDEBITDA 1,000 ,839 

TDE 1,000 ,432 

CFS 1,000 ,867 

NFEEBITDA 1,000 ,761 

LTEL 1,000 ,542 

GVS 1,000 ,744 

CASH 1,000 ,747 

WCS 1,000 ,743 

NP 1,000 ,889 

OCE 1,000 ,896 

AE 1,000 ,025 

Figure 20 : Communalities (SPSS screenshot) 
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In the first three columns of Figure 11 are presented the eigenvalues for our data and 

proportions of variance for the fifteen components. Only the first three components have 

eigenvalues superior to 1. At this stage we can already state that our future scoring model will be 

composed of three variables (or ratio) but we can’t affirm which one yet. 

 

 

Compone

nt 

Initial Eigenvalues Extraction Sums of Squared 

Loadings 

Rotation Sums of Squared 

Loadings 

Total % of 

Variance 

Cumulative 

% 

Total % of 

Variance 

Cumulative 

% 

Total % of 

Variance 

Cumulative 

% 

1 6,677 44,512 44,512 6,677 44,512 44,512 6,494 43,292 43,292 

2 2,352 15,681 60,193 2,352 15,681 60,193 2,414 16,095 59,387 

3 1,838 12,252 72,445 1,838 12,252 72,445 1,959 13,058 72,445 

4 ,999 6,661 79,106       

5 ,853 5,685 84,791       

6 ,616 4,104 88,894       

7 ,548 3,651 92,545       

8 ,440 2,930 95,475       

9 ,267 1,778 97,253       

10 ,236 1,570 98,823       

11 ,091 ,604 99,427       

12 ,065 ,433 99,860       

13 ,021 ,138 99,998       

14 ,000 ,002 100,000       
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As explained in the previous section, the Varimax method is used for factor rotation. The 

columns Extraction Sums of Squared Loadings contain eigenvalues, explanatory and cumulative 

version for that three factors without any rotation. The explanatory version for each factor is 

distributed as follow:  

 

- Factor 1 : 44.512% 
- Factor 2 : 15.681%,  
- Factor 3 : 12.252%.  

 

 

The proportion of the total variation explained by the three factors is 72.445%. I.Ioniţă and D. 
Şchiopu (2002) found in their study about PCA and loan granting that 7 components out of 25 had 

eigenvalues superior to 1, the proportion of the total variance explained by these 7 factors was 

about 60%. In our case only three factors are responsible for a variance of more than 70%. These 

results represent a good omen for the rest of this paper. 

 

The individual communalities are telling us how well the model is working for the individual 

variables, and the total communality gives an overall assessment of performance. In the columns 

Rotation Sums of Squared Loadings, we have the same values for all the factors, but, as a result of 

rotation, a new distribution of explanatory variance of each factor can be observed: 

 

- Factor 1 : 43.292% 
-  Factor 2 : 16.095% 
-  Factor 3 : 13.058%  

 

Figure 22 represents the data after factors’ rotation. 

 

 

15 
1,966E-

006 

1,311E-

005 

100,000       

Figure 21 : Total variance explained  
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 Component 

1 2 3 

EBITDAS ,936 -,087 -,109 

OCE ,936 -,087 -,108 

CFS ,930 -,049 ,004 

NIS ,906 ,263 ,035 

NP ,905 ,262 ,038 

EBITDAA ,871 ,150 -,127 

NITA ,852 ,266 ,038 

LTEL ,485 ,455 -,316 

CASH ,001 ,860 ,088 

WCS ,231 ,828 ,058 

GVS ,461 -,687 ,246 

AE ,081 ,128 -,049 

NDEBITDA -,012 -,089 ,911 

NFEEBITDA -,270 -,109 ,822 

TDE -,415 -,158 -,484 

Figure 22 : Rotated component Matrix 

 

 

The data in figure 22 lead to the final conclusions on the factorial structure of the analyzed 

variables. The variable for each of the factor with the highest factor loadings is selected and 

highlighted in bold. Figure 23 represent the selected financial ratios: 
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No Variables Name Measure Factor loading 

1 EBITDAS EBITDA to sales Profitability 0,936 

2 CASH Cash ratio Liquidity 0,86 

3 NDEBITDA Net debt to EBITDA Solvency 0,911 

Figure 23: financial ratios selected 

 

 

4.2.3 Conclusion 

 

We used 15 variables representing financial ratios; by means of PCA, we have got only three factors 

that concentrate more than 70% of the information provided by the original 15 variables. PCA 

helped to pick up three financial ratios for the Linear Discriminant analysis which are: EBITDAS,  

CASH and NDEBITDA. These three ratios are supposed to describe in a more efficient way the food-

processing sector than other financial ratios. We can notice that each ratio represent a different 

measure, profitability, solvency and liquidity will be therefore all represented in our future scoring 

model. 

 

 

4.3 Application of the Linear Discriminant Analysis  

 

4.3.1 Introduction 

 

The previous section helped the researcher to select three financial ratios that are supposed to be 

relevant for the food industry in France. This section will present the results of a Disriminant analysis 

on these selected ratios. 
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4.3.2 Data preparation and presentation 

 

The dataset that has been used is composed of the same companies that have been used for 

the PCA with a close difference: the researcher will make the difference between healthy and non-

healthy companies. Each company will be identified by a sequence number within the sample (1: 

healthy companies, 0: non-healthy companies). Using the DISCRIM statistical procedure in SPSS, the 

researcher will try to predict a variable y which is a quantitative variable (the health of the company) 

with k = 2 modalities (healthy or non-healthy). This analysis will be performed using a table of 3 

quantitative variables which are the financial ratios selected in the previous section in a sample of 

100 companies. Figure 24 below represent the first 10 lines of the table imported in SPSS (see 

appendix 2 for full sample). 

 

Figure 24: sample for the LDA (SPSS screenshot) 
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4.3.3 Data analysis in SPSS 

 

The SPSS output is enormous; the researcher will only indicate some of the relevant information 

here. 

 

In the table “Tests of Equality of Group Means” (figure 25) the results of univariate ANOVA’s, carried 

out for each independent variable, are presented. Here, only EBITDAS differ (Sig. = ,000). 

 

 

 Wilks' Lambda F df1 df2 Sig. 

EBITDAS ,673 47,062 1 97 ,000 

NDEBITDA ,997 ,251 1 97 ,618 

CASH ,938 6,422 1 97 ,013 

Figure 25: Tests of Equality of Group Means 

 

The Box's Test of Equality of Covariance Matrices (figure 26) is important as it gives us information about 

the data and the multivariate normal. Huberty (2000) stated that a sig value superior to 0.5 would mean 

that the data do not differ significantly from multivariate normal. In our case, a value of 0 means that the 

covariances are unequal which means one can proceed with the analysis. 

 

 

Box's M 180,026 

F 

Approx. 28,996 

df1 6 

df2 68093,295 

Sig. ,000 
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Figure 26 : covariance equality test 

 

 

Function Eigenvalue % of Variance Cumulative % Canonical 

Correlation 

1 ,647a 100,0 100,0 ,627 

Figure 27: Eigenvalues 

 

 

Eigenvalues in figure 27 indicate the proportion of variance explained. (Between-groups sums of 

squares divided by within-groups sums of squares). A large eigenvalue is associated with a strong 

function. The canonical relation is a correlation between the discriminant scores and the levels of 

the dependent variable. A high correlation indicates a function that discriminates well  (Tinsley et al., 

1998). The present correlation of 0.627 is not extremely high (1 is perfect) but still superior to 0.5. 

 

 

The next test released by SPSS is the Wilks’ Lambda which is the ratio of within-groups sums of 

squares to the total sums of squares. This is the proportion of the total variance in the discriminant 

scores not explained by differences among groups. At each step is selected the variable that 

achieves the minimum value of this statistic. The significance of changes  of Wilks criteria Lambda 

after the introduction of discriminators into the model or removal from the model is based on test 

criterion F. It means that statistical significance of each discriminator is calculated by F-test (Katarína 

Kočišová, 2014). A lambda of 1 occurs when observed group means are equal (all the variance is 

explained by factors other than difference between those means), while a small lambda occurs 

when within-groups variability is small compared to the total variability. A small lambda indicates 

that group means appear to differ. The associated significance value indicate whether the difference 

is significant (Barlett, 1954). Here, the Lambda of 0,607 has a significant value (Sig. = 0,000); thus, 

the group means appear to differ. 
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Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 ,607 47,664 3 ,000 

Figure 28 : Wilk’s Lambda 

 

 

In order to analyze the contribution of each variable to the discriminative function  we use a 

structure matrix which gives the correlation between variables and the discriminative function 

(Figure 29). 

 

 

 Function 

1 

EBITDAS ,866 

CASH ,320 

NDEBITDA -,063 

Figure 29: Structure matrix 

 

We can notice that the first variable (EBITDAS) is the most correlated with the 

Discriminative function while the last variable (NDEBITDA) is the least correlated.  

 

 

The next step is the canonical discriminant analysis that belongs to the descriptive task of 

discriminant analysis. The objective of descriptive role of discriminant analysis consists in the 

derivation of the discriminant function or functions that statistically significant separates two or 

more groups (two groups in our case). The result of the canonical discrimiannt analysis is a 

discriminatory score that can be used to classify objects into groups (Hebák et al., 2004). It means 

that the object will be included into the group which is the closest in terms of distance of units from 
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the centroid of the group, coefficients of the discriminatory score are represented in figure 30. 

These coefficients coupled with a “constant” (-0.452) will lead to an unstandardized scores 

concerning the independent variables. It is the most important part of the DISCRIM function as it 

gives us the coefficients or weightings for our scoring model. 

 

 

 Function 

1 

EBITDAS 17,012 

NDEBITDA -,024 

CASH ,005 

(Constant) -,452 

Figure 30 : Unstandardized 

coefficients 

 

According to the canonical discriminant function, our final model can be expressed as follow where 

Y is our financial score: 

 

Y = 17.012 x EBITDAS - 0.024 x NDEBITDA + 0.005 x CASH – 0.452 

 

 

4.3.4 Classification of the companies 

 

 

The functions at group centroids calculated by SPSS help us to determine the “border score” 

between healthy companies and non-healthy companies (Figure 31). “Functions at Group Centroide” 

indicates the average discriminant score for subjects in the two groups. More specifically, the 

discriminant score for each group when the variable means (rather than individual values for each 
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subject) are entered into the discriminant equation. We can notice that the two scores are equal in 

absolute value but have opposite signs. The “border score” is obtained by calculating the average of 

the “centroids”. 

 

(-0.788 + 0.788)/2 = 0 

Hence: 

Border score = 0 

 

HEALTH Function 

1 

0 -,788 

1 ,788 

Figure 31: Functions at Group Centroids 

 

The classification of companies depending on their score is therefore as follow: 

 

Score Company 

>0 Healthy 

<0 Non-healthy 

Figure 32: score classification 

 

 

Companies that have a score superior to 0 will be classified as healthy companies and those who 

have a score below 0 will be classified as non-healthy companies. As explained in the previous 

section, financial information was collected from companies 1 year before they went bankrupt 

which means that companies that will be classified as non-healthy by our model are supposed to go 

bankrupt in one year of time. 
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4.3.5 Validation of the model 

 

In order to check if the model classifies the companies correctly, it is necessary to apply the function 

above to each company. The score will be calculated for each company, results are shown in the 

table below (companies that are not classified in the right group appear in red). 

 

 

HEALTH EBITDA/S ND/EBITDA CASH SCORE CLASSIFICATION 

Non-healthy 0,044 6,206 -128,662 -0,488 Non-Healthy 

Non-healthy 0,025 5,962 -22,731 -0,292 Non-Healthy 

Non-healthy 0,022 7,448 -31,437 -0,411 Non-Healthy 

Non-healthy -0,019 -33,737 -54,220 -0,244 Non-Healthy 

Non-healthy 0,024 3,894 2,627 -0,118 Non-Healthy 

Non-healthy 0,021 57,711 63,286 -1,164 Non-Healthy 

Non-healthy -0,134 -2,939 14,450 -2,596 Non-Healthy 

Non-healthy -0,070 -1,820 -39,206 -1,799 Non-Healthy 

Non-healthy 0,025 3,874 127,915 0,523 Healthy 

Non-healthy -0,013 -0,008 4,770 -0,641 Non-Healthy 

Non-healthy -0,031 -3,901 -3,113 -0,901 Non-Healthy 

Non-healthy -0,003 -18,521 -6,730 -0,100 Non-Healthy 

Non-healthy 0,012 3,889 -23,392 -0,457 Non-Healthy 

Non-healthy -0,064 -0,186 -15,457 -1,611 Non-Healthy 

Non-healthy -0,054 -1,122 -23,689 -1,458 Non-Healthy 

Non-healthy 0,037 2,547 72,353 0,478 Healthy 

Non-healthy -0,087 -2,866 -26,745 -1,999 Non-Healthy 

Non-healthy 0,056 10,664 12,645 0,313 Healthy 
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Non-healthy -0,091 -0,489 -5,073 -2,020 Non-Healthy 

Non-healthy 0,009 16,893 1,900 -0,690 Non-Healthy 

Non-healthy 0,008 25,370 -18,277 -1,022 Non-Healthy 

Non-healthy -0,044 -0,006 -10,465 -1,258 Non-Healthy 

Non-healthy -0,038 -13,968 29,607 -0,620 Non-Healthy 

Non-healthy -0,053 -0,633 -153,295 -2,113 Non-Healthy 

Non-healthy -0,018 -24,388 20,512 -0,073 Non-Healthy 

Non-healthy 0,126 8,195 7,082 1,529 Healthy 

Non-healthy 0,054 4,914 -76,476 -0,026 Non-Healthy 

Non-healthy 0,078 0,713 -36,124 0,679 Healthy 

Non-healthy -0,028 -4,465 -189,519 -1,762 Non-Healthy 

Non-healthy 0,020 15,597 -0,936 -0,483 Non-Healthy 

Non-healthy -0,117 -0,198 4,722 -2,418 Non-Healthy 

Non-healthy -0,014 -3,310 -1,160 -0,617 Non-Healthy 

Non-healthy 0,065 11,885 -305,334 -1,165 Non-Healthy 

Non-healthy 0,032 11,260 -447,429 -2,423 Non-Healthy 

Non-healthy -0,024 -6,745 11,454 -0,647 Non-Healthy 

Non-healthy -0,167 -1,179 -85,028 -3,687 Non-Healthy 

Non-healthy 0,017 7,764 18,469 -0,260 Non-Healthy 

Non-healthy 0,107 7,217 8,277 1,238 Healthy 

Non-healthy 0,009 56,969 -15,237 -1,748 Non-Healthy 

Non-healthy 0,055 4,096 6,037 0,408 Healthy 

Non-healthy 0,016 12,582 -72,216 -0,848 Non-Healthy 

Non-healthy -0,087 -0,605 -19,639 -2,021 Non-Healthy 

Non-healthy 0,049 3,218 15,289 0,379 Healthy 
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Non-healthy -0,050 -7,960 16,087 -1,036 Non-Healthy 

Non-healthy -0,041 -0,981 2,732 -1,107 Non-Healthy 

Non-healthy -0,059 0,000 -330,607 -3,109 Non-Healthy 

Non-healthy -0,015 -38,014 5,085 0,239 Healthy 

Non-healthy 0,113 8,057 9,403 1,327 Healthy 

Non-healthy -0,023 -9,413 -112,156 -1,170 Non-Healthy 

Non-healthy 0,116 6,084 -282,611 -0,038 Non-Healthy 

Healthy 0,042 6,788 0,746 0,110 Healthy 

Healthy 0,113 0,476 -20,471 1,352 Healthy 

Healthy 0,026 0,064 27,390 0,118 Healthy 

Healthy 0,088 0,321 88,580 1,484 Healthy 

Healthy 0,131   138,038 2,461 Healthy 

Healthy 0,024 0,929 19,896 0,033 Healthy 

Healthy 0,130 0,736 57,917 2,033 Healthy 

Healthy 0,056 0,178 2,116 0,513 Healthy 

Healthy 0,025 2,178 10,486 0,021 Healthy 

Healthy 0,059 0,178 -0,206 0,543 Healthy 

Healthy 0,031 1,762 3,663 0,054 Healthy 

Healthy 0,098 1,007 -5,781 1,156 Healthy 

Healthy 0,030 0,014 1,686 0,062 Healthy 

Healthy 0,058 2,566 75,408 0,853 Healthy 

Healthy 0,161 5,528 -25,260 2,033 Healthy 

Healthy 0,013 2,184 -4,597 -0,311 Non-Healthy 

Healthy 0,021 4,113 1,803 -0,192 Non-Healthy 

Healthy -0,021 0,000 -119,808 -1,403 Non-Healthy 
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Healthy 0,001 0,020 6,501 -0,397 Non-Healthy 

Healthy 0,147 1,800 55,372 2,287 Healthy 

Healthy 0,198 0,010 -206,039 1,889 Healthy 

Healthy 0,028 0,615 14,410 0,074 Healthy 

Healthy 0,059 2,852 -16,101 0,396 Healthy 

Healthy 0,099 0,014 -96,966 0,741 Healthy 

Healthy 0,096 0,976 19,522 1,250 Healthy 

Healthy 0,075 0,294 -5,413 0,786 Healthy 

Healthy 0,090 0,110 21,194 1,175 Healthy 

Healthy 0,055 2,223 9,577 0,471 Healthy 

Healthy 0,063 2,379 8,810 0,614 Healthy 

Healthy 0,153 0,000 15,864 2,235 Healthy 

Healthy 0,036 0,000 -8,651 0,110 Healthy 

Healthy 0,115 2,557 -0,229 1,436 Healthy 

Healthy 0,067 1,636 -17,090 0,562 Healthy 

Healthy 0,034 1,408 9,435 0,131 Healthy 

Healthy 0,060 2,290 1,565 0,520 Healthy 

Healthy 0,053 2,438 -9,517 0,341 Healthy 

Healthy 0,201 0,000 95,914 3,450 Healthy 

Healthy 0,072 2,208 34,118 0,891 Healthy 

Healthy 0,068 1,199 111,835 1,241 Healthy 

Healthy 0,121 0,655 30,083 1,748 Healthy 

Healthy 0,057 0,959 19,567 0,597 Healthy 

Healthy 0,191 0,007 -264,057 1,476 Healthy 

Healthy 0,076 1,180 -3,349 0,792 Healthy 



 

70 

Healthy 0,078 3,059 -1,172 0,795 Healthy 

Healthy 0,052 0,685 28,941 0,567 Healthy 

Healthy 0,110 0,403 14,737 1,489 Healthy 

Healthy 0,133 2,185 60,185 2,062 Healthy 

Healthy 0,049 0,002 47,550 0,623 Healthy 

Healthy 0,041 1,077 8,278 0,261 Healthy 

Healthy 0,046 2,650 32,685 0,435 Healthy 

Figure 33: Model validation table 

 

We can observe that only a few companies weren’t well classified by the model, a summary of these 

results are exposed in table below: 

  

  

Good 

classification 

Wrong 

classification Total 

Healthy companies 46% 4% 50% 

Non-healty companies 40% 10% 50% 

Total 86% 14% 100% 

Figure 34: Summary of the results for the LDA model 

 

 

We can firstly notice that more non-healthy companies have been incorrectly classified (10%) while 

there are only 4% of healthy companies that have been classified as non-healthy companies. In total, 

our model classified 86 companies out of 100 in the correct group which means that the model is 

86% accurate. 
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4.4 Application of the z-score on the selected companies  

 

 

In this section the z-score developed by Altman (1968) will be applied to our sample in order 

to determine if it is more accurate than our model calculated before. Previous studies on new 

bankruptcy prediction models usually used the z-score as a benchmark for their model as it is still 

the reference for any bankruptcy prediction study. 

 

The z-score developed by Altman is composed of 5 variables without any constant and can be 

expressed as follow: 

 

Z = 0.012X1 + 0.014X2 + 0.033X3 + 0.006X4 + 0.999X5 

Where X1 = Working capital / Total Assets 

 X2 = Retained earnings / Total Assets 

 X3 = Earnings before interest and tax / total assets 

 X4 = Market value equity / book value of total debt 

 X5 = Sales / Total Assets 

 

We can however observe that some of the financial information needed concern public companies, 

Market value equity concern indeed only companies who are publicly-traded as the market value 

equity is obtained by multiplying the company's current stock price by its number of outstanding 

shares. As our sample is only composed of private companies we will use another version of the z-

score, Altman calculated indeed three different versions of the z-score:  

 

- Public companies score 
- Private companies score 
- Non-manufacturers and emerging markets score 

 

The second version adapted to private firms is the most relevant one in our case, it is expressed as 

follow: 



 

72 

 

Z = 0.717T1 + 0.847T2 + 3.107T3 + 0.420T4 + 0.998T5 

 

Where T1 = (Current Assets − Current Liabilities) / Total Assets  

T2 = Retained Earnings / Total Assets 

T3 = Earnings Before Interest and Taxes / Total Assets 

T4 = Book Value of Equity / Total Liabilities 

T5 = Sales/ Total Assets 

 

Unless our model that has only one “border score” which is zero, the z -score has two different 

“border scores” which classify companies into three different groups: 

 

Z > 2.9 -“Safe”  

1.23 < Z < 2.9 -“Grey”  

Z < 1.23 -“Distress”  

 

This type of classification makes it hard to compare with our model as we want the z-score to 

classifiy companies only into two groups (healthy and non-healthy) instead of three. In order to 

make both our model and the z-score comparable, we will reduce the z-score’s border to one by 

taking the average of the “Grey zone”. 

 

Border score = (1.23 + 2.9)/2 = 2.065 

 

Z-score is calculated for each company, results are shown in the table below (companies that are not 

classified in the right group appear in red). 
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HEALTH T1 T2 T3 T4 T5 SCORE CLASSIFICATION 

Non-healthy 0,165 -0,021 -0,007 0,215 5,692 5,851 Healthy 

Non-healthy 0,125 0,013 0,052 0,323 2,137 2,533 Healthy 

Non-healthy 0,218 0,011 0,043 0,106 1,963 2,303 Healthy 

Non-healthy 0,061 -0,028 -0,007 0,060 0,891 0,912 Non-Healthy 

Non-healthy -0,137 -0,043 0,067 0,242 2,749 2,918 Healthy 

Non-healthy -0,222 -0,011 -0,009 -0,028 0,480 0,270 Non-Healthy 

Non-healthy 0,322 -0,462 -0,326 -0,093 2,423 1,207 Non-Healthy 

Non-healthy -0,001 -0,298 -0,139 0,013 1,976 1,293 Non-Healthy 

Non-healthy 0,457 0,005 0,030 0,775 1,202 1,951 Non-Healthy 

Non-healthy -0,152 -0,039 -0,079 -0,013 6,354 5,947 Healthy 

Non-healthy -0,037 -0,218 -0,122 -0,122 3,762 3,113 Healthy 

Non-healthy 0,130 -0,066 -0,027 -0,189 7,817 7,675 Healthy 

Non-healthy -0,329 0,044 0,044 -0,247 3,672 3,501 Healthy 

Non-healthy 0,304 -0,145 -0,114 0,572 1,779 1,758 Non-Healthy 

Non-healthy 0,040 -0,219 -0,195 0,010 3,620 2,856 Healthy 

Non-healthy 0,149 -0,066 0,077 0,135 2,089 2,433 Healthy 

Non-healthy -0,268 -0,257 -0,185 -0,389 2,120 0,969 Non-Healthy 

Non-healthy 0,193 -0,019 0,054 0,108 0,958 1,291 Non-Healthy 

Non-healthy 0,257 -0,064 -0,071 0,238 1,626 1,633 Non-Healthy 

Non-healthy 0,078 0,003 0,036 -0,319 3,896 3,925 Healthy 

Non-healthy -0,571 -0,055 0,018 -0,626 2,344 1,676 Non-Healthy 

Non-healthy 0,119 -0,191 -0,096 0,050 2,166 1,807 Non-Healthy 

Non-healthy -0,222 -0,118 -0,062 -0,408 1,612 0,987 Non-Healthy 

Non-healthy -1,408 -0,215 -0,150 -1,074 2,809 0,695 Non-Healthy 
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Non-healthy -0,047 -0,109 -0,066 0,044 0,782 0,468 Non-Healthy 

Non-healthy 0,758 0,067 0,084 0,083 0,671 1,568 Non-Healthy 

Non-healthy 0,078 0,003 0,036 -0,319 3,896 3,925 Healthy 

Non-healthy -0,215 0,004 0,071 -0,087 0,906 0,937 Non-Healthy 

Non-healthy -0,408 -0,028 -0,014 -0,017 1,367 0,998 Non-Healthy 

Non-healthy -0,183 -0,014 0,032 -0,144 1,550 1,442 Non-Healthy 

Non-healthy -0,938 -0,398 -0,387 -0,917 3,301 0,698 Non-Healthy 

Non-healthy -0,048 -0,010 -0,003 -0,020 0,228 0,167 Non-Healthy 

Non-healthy 0,040 -0,219 -0,195 0,010 3,620 2,856 Healthy 

Non-healthy -0,237 0,001 0,020 0,053 0,621 0,535 Non-Healthy 

Non-healthy -0,967 -0,123 -0,056 -0,901 2,317 0,961 Non-Healthy 

Non-healthy -0,568 -0,253 -0,211 -0,432 1,266 -0,195 Non-Healthy 

Non-healthy -0,310 0,025 0,030 0,190 1,796 1,765 Non-Healthy 

Non-healthy 0,699 0,070 0,083 0,105 0,772 1,632 Non-Healthy 

Non-healthy -0,249 -0,009 0,008 0,273 0,909 0,860 Non-Healthy 

Non-healthy -0,121 0,087 0,122 0,287 2,227 2,708 Healthy 

Non-healthy -1,251 0,046 0,055 -1,770 3,471 2,032 Non-Healthy 

Non-healthy -1,706 -0,545 -0,365 -1,518 4,181 0,717 Non-Healthy 

Non-healthy 0,341 0,010 0,137 0,167 2,799 3,541 Healthy 

Non-healthy -0,117 -0,057 -0,057 -0,475 1,136 0,625 Non-Healthy 

Non-healthy -0,740 -0,349 -0,212 -0,828 5,216 3,373 Healthy 

Non-healthy -1,681 -0,447 -0,108 -0,976 1,834 -0,498 Non-Healthy 

Non-healthy 0,006 -0,065 -0,020 0,048 1,377 1,282 Non-Healthy 

Non-healthy -0,202 0,021 0,115 -0,186 1,020 1,171 Non-Healthy 

Non-healthy -0,584 -0,030 -0,050 -0,617 2,214 1,351 Non-Healthy 
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Non-healthy -0,085 0,001 0,133 0,019 1,148 1,507 Non-Healthy 

Healthy 0,027 -0,035 0,073 0,148 1,722 1,997 Non-Healthy 

Healthy 0,039 0,052 0,109 0,799 0,965 1,709 Non-Healthy 

Healthy 0,445 0,032 0,074 0,617 2,896 3,726 Healthy 

Healthy 0,491 0,060 0,103 0,780 1,172 2,220 Healthy 

Healthy 0,430 0,075 0,168 0,763 1,284 2,495 Healthy 

Healthy 0,372 0,031 0,061 0,616 2,562 3,300 Healthy 

Healthy 0,522 0,045 0,164 0,711 1,261 2,479 Healthy 

Healthy 0,215 0,219 0,229 0,034 1,860 2,920 Healthy 

Healthy 0,233 0,053 0,108 0,188 4,271 4,890 Healthy 

Healthy 0,278 0,036 0,128 0,670 2,171 3,074 Healthy 

Healthy 0,255 0,051 0,105 0,330 3,386 4,071 Healthy 

Healthy 0,143 0,062 0,159 0,448 1,626 2,459 Healthy 

Healthy 0,379 0,034 0,122 0,426 4,092 4,941 Healthy 

Healthy 0,480 0,027 0,093 0,562 1,593 2,481 Healthy 

Healthy 0,243 0,018 0,131 0,089 0,814 1,448 Non-Healthy 

Healthy 0,339 0,002 0,026 0,507 2,026 2,560 Healthy 

Healthy 0,400 -0,009 0,068 0,456 3,288 3,256 Healthy 

Healthy -0,077 -0,015 -0,039 0,084 1,864 1,707 Non-Healthy 

Healthy 0,559 0,023 0,004 0,537 2,829 3,481 Healthy 

Healthy 0,379 0,073 0,138 0,631 0,938 1,964 Non-Healthy 

Healthy -0,296 0,014 0,147 0,439 0,741 1,179 Non-Healthy 

Healthy 0,471 0,065 0,118 0,428 4,270 5,199 Healthy 

Healthy -0,074 0,215 0,220 0,380 1,646 2,615 Healthy 

Healthy 0,348 0,156 0,282 0,440 3,785 5,220 Healthy 
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Healthy 0,461 0,088 0,208 0,427 2,178 3,406 Healthy 

Healthy 0,273 0,054 0,091 0,659 2,150 2,948 Healthy 

Healthy 0,259 0,105 0,211 0,595 2,361 3,537 Healthy 

Healthy 0,084 0,047 0,137 0,225 2,510 3,124 Healthy 

Healthy 0,172 0,029 0,060 0,311 0,951 1,416 Non-Healthy 

Healthy 0,358 0,148 0,300 0,593 1,957 3,516 Healthy 

Healthy -0,238 0,011 0,114 0,347 0,591 0,928 Non-Healthy 

Healthy 0,410 0,025 0,076 0,437 1,007 1,738 Non-Healthy 

Healthy 0,223 0,021 0,077 0,578 1,149 1,807 Non-Healthy 

Healthy 0,429 0,054 0,057 0,582 1,694 2,465 Healthy 

Healthy 0,771 0,078 0,138 0,537 2,304 3,573 Healthy 

Healthy 0,277 0,033 0,091 0,267 1,720 2,337 Healthy 

Healthy 0,455 0,167 0,311 0,761 1,546 3,297 Healthy 

Healthy 0,292 0,026 0,112 0,526 1,552 2,349 Healthy 

Healthy 0,612 0,077 0,104 0,722 1,522 2,648 Healthy 

Healthy 0,429 0,149 0,274 0,462 2,277 3,752 Healthy 

Healthy 0,360 0,067 0,204 0,475 3,563 4,704 Healthy 

Healthy -0,531 0,032 0,176 0,173 0,920 1,184 Non-Healthy 

Healthy 0,197 0,078 0,121 0,657 1,597 2,453 Healthy 

Healthy 0,458 0,021 0,122 0,461 1,559 2,474 Healthy 

Healthy 0,372 0,132 0,231 0,430 4,419 5,689 Healthy 

Healthy 0,314 0,084 0,238 0,591 2,157 3,437 Healthy 

Healthy 0,214 0,030 0,089 0,570 0,670 1,364 Non-Healthy 

Healthy 0,288 0,061 0,106 0,355 2,160 2,893 Healthy 

Healthy 0,254 0,057 0,120 0,388 2,939 3,701 Healthy 
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Healthy 0,259 0,025 0,100 0,225 2,160 2,768 Healthy 

 

A summary of the results are exposed in table below: 

 

 

  

Good 

classification 

Wrong 

classification 
Total 

Non healthy companies 34% 16% 50% 

Healthy companies 38% 12% 50% 

Total 72% 28% 100% 

Figure 35: Summary of the results for the z-score model 

 

In total, the z-score classified 72 companies out of 100 in the correct group which means that the 

model is 72% accurate. 

 

 

4.5 Main findings 

 

The use of the interviews determined the following: 

 

- Companies currently don’t diversify enough their supply chain portfolio, which increases the supply 

chain risk. 

 

- Supply chain risk is still not well managed in purchasing departments from small and medium 

companies due to a lack of support and recognition from the directorate-general, a lack of human 

and financial resources, a lack of maturity and a lack of internal communication.  
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- Scoring models would be better used by purchasing departments of companies as they are the 

main interlocutors for suppliers. Other departments of the company should still be involved in the 

project as they are risk holders too and should therefore participate in the management of this kind 

of risk. 

 

- Scoring models as supply chain management technique are still not well known by companies, even 

if they represent an effective and cheap way of supplier assessment  

 

The principal component analysis determined the following: 

 

- PCA helped to pick 3 variables out of the 15 original variables that are supposed to be more 

effective to the food-processing sector. This experience also showed the facility to proceed an 

analysis of this kind by using software like SPSS. 

 

The linear discriminant analysis determined the following: 

 

- By choosing appropriate variables, an efficient scoring model can be obtained, which mean that for 

each sector a specific scoring model can be constructed that will beat  every existing general-scoring 

models. 

 

- The final scoring model is accurate by 86% which is enough for being used by supplier risk 

managers. 

 

- The final scoring model is more accurate than the z-score (76%) when applied in the food-

processing sector. 
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Chapter 5- Conclusions & Recommendations 

 

5.1 Conclusion 

The purpose of this chapter is to finalize, summarize, and draw useful conclusions that comment on and 

answer the questions set forth in the objectives. (Saunders et. al, 2009) 

Saunders et al (2009) also states that the most important part of a business student's research is to add 

something of understanding, worth and value to the sources and information gathered in the literature 

review. 

Essentially, the aim of this section is to finally answer my research question: Can the sector impact the 

quality of assessment of a scoring?  

 

The objectives were as follows: 

To determine how a scoring can help companies to assess their suppliers 

To determine if a scoring can be improved by using sector-specific variables 

 

The purpose of this thesis is to determine the impact of sector-specific factors on the quality of 

assessment of a basic scoring model in order to determine if companies can use their own scoring 

models as a supplier assessment tool. The purpose was to show that companies can easily develop their 

own scoring model by taking into account their environment with results that are better than most of 

the existing models. 

 

 

 

 

Objective 1: determine how a scoring can help companies to assess their suppliers 

This objective is complementary to the main objective of this paper, it allow us to understand what are 

the current trends and what can be a hindrance to the development of internal scorings by companies. 

Understanding these trends represent the first step of scoring model construction. Analysis of the 

literature helped to highlight 3 different trends underlying the current problems that companies are 

facing regarding supplier assessment. 
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- A recurrent trend in the literature is : Reducing  the number of suppliers, (Svensson, 2000 ; Christopher 

et al., 2002 ; Barry, 2004 ; C. Giunipero et al, 2010). According to these authors, a lot of companies are 

reducing the number of their suppliers in order to reduce costs. Question 1 of the interview showed that 

50% of companies have less than 10 different suppliers. Repenning and Sterman (2001), suggest that 

companies before 2007 had a diversified supplier portfolio which allowed them to reduce the risk; it is 

not the case anymore. The interview confirms the trend of companies reducing the number of their 

suppliers. 

- The analysis of the literature helped to highlight why companies are still reluctant to set up an efficient 

supply chain risk management trough a scoring. According to many authors, it is unusual for firms to 

invest risk management programs in a proactive manner as “nobody gets credit for fixing problems that 

never happened” (Repenning and Sterman, 2001 ; Sheffi, 2001 ; Zsidisin et al., 2000). The interviews 

allowed to go a little further in our argument as according to question 6, 47% of the companies 

interviewed agree to say that this reluctance comes mainly from the directorate-general, that seems to 

be not concerned by supply chain risk management. 

- We saw in the literature review that companies are still afraid to use scorings as assessment tools as 

they are still not well developed in corporate risk management, existing scoring models are either kept 

secret or not enough accurate. This has been confirmed by the interview as question 9 showed that 

more than 65% of the companies interviewed have very little knowledge about scoring models.  

 

 

 

Objective 2: determine if a scoring can be improved by using sector-specific variables 

The first step of the scoring model development was the principal component analysis which helped to 

target 3 out of 15 variables that are supposed to be relevant for the food-processing sector. Each of the 

three variables are representing a different measure: profitability, solvency and liquidity; the scoring 

model is therefore covering every function of the company. The analysis of the literature showed that 

usually scoring models are composed of at least 5 variables. But with 3 variables, sufficient results have 

been obtained which is even more encouraging as companies will have less information to gather. 

Companies will need to calculate only three ratios which is a gain of time and therefore a gain of money.  

 

The next step was the linear discriminant analysis which used the 3 variables obtained during the PCA to 

construct a linear “scoring function” with a border-score of 0. Companies that have a score inferior to 0 

are supposed to be failing while companies with a score superior to 0 are supposed to be healthy. 

Y = 17.012 x EBITDAS - 0.024 x NDEBITDA + 0.005 x CASH – 0.452 
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The accuracy for the model is 86% which is even more than some of the models analyzed in the 

literature review. An even more accurate model could have been obtained if more initial variables would 

have been analyzed or more than 100 companies would have been used for the linear Discriminant 

analysis but the objective here was more to prove the effects of sector-specific variables than to 

construct the “perfect model”. 

 

By comparing the results of this model with the Z-score we noticed that the model is more accurate by 

14%. These results confirm the second objective that a scoring model can be improved by using sector-

specific variables. By using more relevant variables supposed to describe the food-processing sector in 

more efficient way, the results obtained are better than those obtained with the Z-score. On the basis of 

this comparison, we can definitely affirm that sector-specific variables should be taken into account 

when constructing bankruptcy rate models with a better performance, we assume here that all the 

companies that will be analyzed using the bankruptcy rate model are all operating in the same sector. 

The construction of an internal scoring model offers other advantages than just being more accurate 

than standard scoring models. We saw in the first section that there are different points of view in 

the literature regarding the use of an online scoring model rather than an internal scoring model. 

But, while constructing our own scoring model specific to the food-industry it came clear that the 

process of construction is pretty easy and affordable for every company. By constructing their own 

model, companies have the possibility to update the model on a regular basis in order to avoid their 

scoring to be obsolete, this is even more important in a fast changing environment. Over time and 

in line with the economic transformations, risks are changing. It is therefore important that 

assessment tools are evolving. An internal scoring model offer this possibility, companies can for 

example re-calculate function-factors using new data. As soon as the initial model is constructed, it 

is easy to change the data that it is using, thanks to tools like SPPS or Excel. On a methodological 

aspect, internal process within any company should regularly review (every 2 years) the data 

measured and adjust them depending on the development of the activity and changes in 

the business base. Furthermore, after each “crisis situation” with a supplier, feedbacks should be 

given and modifications on the risk management matrix should be operate in order to avoid accident 

(Gautier, 2014). 

 

5.2 Recommendations 

On the basis of the results obtained by the constructed scoring model, the first and main 

recommendation is that companies should definitely use an internal scoring model as it allows 

companies to take into account their sector in order to improve the accuracy of the assessment. Other 

recommendations may be given, based on the interviews and the results obtained by the constructed 

scoring model : 
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-  Scoring models should be used as assessment tools by purchasing departments of companies. They 

are, indeed, the interface between suppliers and internal customers and have the best position to 

conduct an assessment. The interview showed that 83% of the companies interviewed would assign or 

already assign the assessment of their suppliers to the purchasing department. Unlike the 

accounting department, people working in purchasing departments have less financial knowledge; it 

is therefore more difficult for them to conduct an assessment trough a classic financial statement 

analysis. A scoring model would be interesting in that it doesn’t need any financial analysis skills, the 

agent must only enter the data into the supplier database; results are immediate and can easily be 

interpreted. If the resulted scoring is under the “border score” the company should be carefully 

monitored, other departments should be informed and additional analysis should be undertaken. 

Actions that will be undertaken will depend on the difference between the resulted score and the 

“border score” as the risk increase when the score is below the border.  

The following figure shows an appropriate decision-making process according to scoring results. 

 

Figure 36: Decision making process 

Companies that are using scoring as assessment techniques have to take actions and anticipate. 

Measuring and knowing the risk is not an end in itself, specific action plans should also be developed in 

order to reduce the risk. These action plans will be proceeding with internal customers, suppliers and 

coordinate by the purchasing department. 

 

-  The purchasing department should communicate risks, especially with the directorate-General which 

is at the top of the decision-making chain. The interview showed that the reluctance of the 

directorate-general is the main-reason why companies don’t properly assess their suppliers. It is 

therefore important for purchasing departments to inform the directorate-general of the 

consequences and possible progress-plan. The scoring model should help purchasing departments to 

communicate about increasing risks as it represents simple indicators.  
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- Companies should change their way of thinking as the literature analysis showed that the global 

economical environment is changing: 

- Bankruptcies in the food-processing sector are increasing strongly since 2009 (Lilia Aleksanyany 

et al., 2014) 

- The increase of the globalization and the rise of market producing and consuming economies 

(Barry, 2004) 

- The increase of competitive pressures (Swensson, 2002) 

- More and more companies are using a just-in-time approach which reduce stock levels (Peck, 

2006) 

Companies should be aware of the current economical environment in order to take the right decisions 

and apply an efficient supplier bankruptcy risk management. 

 

- Companies should use simple visualization tools. Measuring risk can become tedious if the supply 

department of a company is not using simple data visualization tools (Gautier, 2014). Using a 

banrkrutpcy rate is therefore ideal as it allows to update regularly datas about the supplier as well as to 

follow the evolution of its financial health. It represent a simple indicator, the analysis section showed 

that the bankruptcy rate model can be easily applied to all suppliers using Excel, these data can then be 

easily exploided. 
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Chapter 6 -  Self Reflection on own learning and performance 

Chapter 6 aims to conclude what the researcher learned throughout this study. Skills they 

acquired will be noted in this section, along with how they plan to implement these learning tools in 

future projects. 

6.1 Reflection on learning 

"The activity or process of gaining knowledge or skill by studying, practicing, being taught, or 

experiencing something" (Merriam-webster.com, 2014) 

This quote is exactly what the researcher experienced through their process of learning. The 

understanding gained through this dissertation process has, for the researcher, been transcendent in 

that he feel he has achieved something he has never attempted to achieve before. This type of 

learning is transformative. 

Schunk believes that learning and the ability rate at which people learn is based on self-efficacy. 

Self-efficacy hypothesizes that human achievement depends on interactions between one's behaviors, 

personal factors (i.e. thoughts, beliefs), and environmental conditions. (Schunk, 2001) 

The researcher certainly felt he needed a sense of purpose and drive to complete this research 

paper, and I’m glad that I was able to find the motivation to do so. 

Also, the researcher explored the work of Dale (2001), in which the author theorizes the 4 stages of 

learning. 

 

http://merriam-webster.com/
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Figure 37: "Stages of Learning" (Dale, 2001) 

Throughout the process of this dissertation, it is certain that the researcher has moved through 

these four stages of learning whereby he began as incompetent in his field of learning, and now 

feel as if he has gained an academic level of knowledge in his field of study. 

6.1.1 Skills Development 

This section aims to discuss the skills that the researcher has acquired throughout the research 

process. They will also indicate the impact that these new-found skills have had on their personal 

development as an academic. 

6.1.2 Research Capability and Analytical Skills 
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The researcher determined that there is an abundance of information available on the 

Internet. Here they gained the skills to be able to identify the information that would be useful for the 

study, and disregard the information that seemed irrelevant to the nature of this research paper. 

Furthermore, the researcher learned the importance of criticizing information before deciding to use 

it. The researcher believes that this has helped lead to more relevant and useful content than if this skill 

had not been acquired. Through the dissertation process, the researcher became aware of the danger 

of internet, as there are so many sources available, it is important to compare these sources with 

each other before choosing one of them. 

6.1.3 Team building skills  

Throughout the academic year and throughout the coursework, the researcher learned to work 

hand in hand with his classmates on group works. As there was a limited time it was important to split 

the work efficiently as well as to manage all team members. The researcher always tried to join groups 

with people from different country in order to improve English skills as well as to discover different 

cultures and point of view. 

6.1.4 Communication and Language Skills 

The year that the researcher spent in Ireland helped him to improve considerably his level in 

English. Before entering DBS, the researcher’s English vocabulary was pretty poor and it was 

complicated to make correct sentences; now the researcher feels comfortable in English and has a 

rich and varied vocabulary, he made more progress in English in one year than during the last 7 

years.   

Meeting and communicating with people you don’t know can be hard, especially in a foreign 

country when you have lost all your points of reference and when you have an introvert nature 

which was the case of the researcher. Studying in a foreign country helped the researcher to 

increase its confidence while interacting with people who have various cultural and ethnic 



 

87 

backgrounds helped to be more sociable, this is extremely important for future working 

experiences. 

6.1.5 Finance Knowledge 

The researcher's finance knowledge has increased significantly. Prior to their courses at DBS, the 

researcher had 3 years of finance background, however, courses at DBS have a different approach to 

financial issues as there is an international dimension which give students the opportunity to 

increase their knowledge on multinational firms and their interactions with foreign agents. These 

courses also improved the researcher’s financial English vocabulary which is crucial when willing to 

work for big companies where the main language is English.  

6.1.6 Time Management 

The researcher learned a lot about time management throughout the coursework and throughout 

the dissertation process. Individual or group projects at DBS with various due dates had to be 

managed properly in order to avoid delays, each projects had to be sorted by due date and 

importance, the researcher discovered the Gant chart to follow the progress of each project. This is a 

foretaste of what the researcher can experience in his future professional career. 

6.1.7 Future Application of Learning 

The program at DBS has been the most rewarding academic experience for the researcher. The 

researcher will definitely use the information, knowledge, and skills gained throughout this 

dissertation process and throughout the course portion in his future career. 

Finance has always been interesting to the researcher as well as computer science, the dissertation 

allowed to use both skills in order to deliver an academic work as well as a failure prediction tool 

which is a great experience for future professional jobs.  
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The researcher will probably use the findings of the dissertation as well as all knowledge gained 

through courses at DBS to develop as software that would allow companies to assess and monitor 

their suppliers on a daily basis, and that would allow them to construct their own bankruptcy rate 

depending on their sector. 
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Appendix 

Appendix 1 : Principal Component Analysis sample 

 

NITA EBITDA/A NIS EBITDA/S ND/EBITDA TDE CFS 
0,0185 0,0880 0,0094 0,0445 6,2061 11,1028 0,0373 
0,0131 0,0524 0,0061 0,0245 5,9617 2,0952 0,0069 
0,0105 0,0434 0,0054 0,0221 7,4480 8,4201 0,0055 

-0,0414 -0,0176 -0,0458 -0,0195 -33,7370 14,4001 -0,0442 
-0,0434 0,0670 -0,0158 0,0244 3,8938 3,1158 0,0195 
0,0142 0,0109 0,0274 0,0210 57,7114 -55,0062 0,1216 

-0,4616 -0,3257 -0,1905 -0,1344 -2,9385 -11,7577 -0,1421 
-0,2982 -0,1388 -0,1509 -0,0702 -1,8205 72,4383 -0,0748 
0,0051 0,0303 0,0043 0,0252 3,8742 0,2877 -0,0023 

-0,0388 -0,0794 -0,0061 -0,0125 -0,0078 -75,2407 -0,0033 
-0,2180 -0,1166 -0,0580 -0,0310 -3,9010 -9,1575 -0,0419 
-0,0662 -0,0269 -0,0085 -0,0034 -18,5214 -6,2886 -0,0061 
0,0445 0,0444 0,0121 0,0121 3,8888 -5,0290 -0,0109 

-0,1450 -0,1136 -0,0815 -0,0639 -0,1862 0,7469 -0,0700 
-0,2190 -0,1946 -0,0605 -0,0538 -1,1218 97,2451 -0,0572 
-0,0658 0,0773 -0,0315 0,0370 2,5474 6,0185 0,0174 
-0,2568 -0,1847 -0,1211 -0,0871 -2,8665 -3,4832 -0,0929 
-0,0192 0,0540 -0,0201 0,0563 10,6640 8,2562 0,0269 
-0,6571 -0,2059 -0,2916 -0,0913 -0,4887 -4,3636 -0,0927 
0,0026 0,0362 0,0007 0,0093 16,8934 -4,1372 -0,0329 

-0,0550 0,0180 -0,0235 0,0077 25,3702 -2,5962 -0,0019 
-0,1912 -0,0960 -0,0883 -0,0443 -0,0062 18,7560 -0,0475 
-0,1178 -0,0617 -0,0731 -0,0383 -13,9678 -3,4504 -0,0251 
-0,2148 -0,1501 -0,0764 -0,0534 -0,6331 -1,9315 -0,0542 
0,0600 -0,0118 0,0927 -0,0181 -24,3879 4,5961 0,1023 
0,0672 0,0845 0,1002 0,1259 8,1951 10,9833 0,1054 
0,0164 0,0730 0,0122 0,0544 4,9136 -42,0447 0,0363 
0,0038 0,0708 0,0042 0,0781 0,7128 -12,2229 0,0628 

-0,0820 -0,0402 -0,0564 -0,0276 -4,4646 -6,4166 -0,0275 
-0,0140 0,0317 -0,0090 0,0204 15,5975 -7,9617 0,0014 
-0,3977 -0,3870 -0,1205 -0,1172 -0,1983 -2,0905 -0,1091 
-0,0965 -0,0314 -0,0430 -0,0140 -3,3100 -6,0444 -0,0183 
0,0147 0,0559 0,0169 0,0646 11,8855 4,8968 0,0362 
0,0013 0,0196 0,0021 0,0315 11,2597 17,7805 0,0319 

-0,1231 -0,0565 -0,0531 -0,0244 -6,7448 -2,1067 -0,0336 
-0,2525 -0,2113 -0,1994 -0,1668 -1,1789 -3,3136 -0,1984 
0,0245 0,0302 0,0137 0,0168 7,7635 4,2578 0,0259 
0,0700 0,0827 0,0906 0,1071 7,2167 8,3932 0,0848 

-0,0086 0,0079 -0,0095 0,0087 56,9688 2,6574 -0,0114 
0,0870 0,1215 0,0391 0,0546 4,0964 2,4840 0,0379 
0,0456 0,0545 0,0131 0,0157 12,5818 -1,5651 0,0070 

-0,5450 -0,3650 -0,1303 -0,0873 -0,6050 -1,6589 -0,0916 
0,0098 0,1368 0,0035 0,0489 3,2179 4,9853 0,0382 
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-0,0567 -0,0571 -0,0499 -0,0503 -7,9596 -3,1095 -0,0229 
-0,3492 -0,2122 -0,0669 -0,0407 -0,9813 -2,2075 -0,0647 
-0,4466 -0,1082 -0,2434 -0,0590 0,0000 -2,0250 -0,2015 
-0,0654 -0,0200 -0,0475 -0,0145 -38,0135 19,6816 -0,0102 
0,0209 0,1155 0,0205 0,1132 8,0568 -6,3666 0,0763 

-0,0302 -0,0499 -0,0137 -0,0225 -9,4128 -2,6218 0,0362 
0,0012 0,1331 0,0011 0,1160 6,0844 52,3867 0,0973 

-0,0353 0,0730 -0,0205 0,0424 6,7875 5,5729 0,0370 
0,0524 0,1087 0,0543 0,1127 0,4765 0,2515 0,0940 
0,0324 0,0740 0,0175 0,0255 0,0638 0,5259 0,0127 
0,0595 0,1034 0,0508 0,0882 0,3208 0,2809 0,0665 
0,0753 0,1678 0,0587 0,1307   0,3045 0,1032 
0,0315 0,0614 0,0123 0,0240 0,9292 0,6224 0,0257 
0,0449 0,1640 0,0356 0,1301 0,7363 0,2827 0,1305 
0,0717 0,1152 0,0351 0,0563 0,1784 0,6994 0,0313 
0,0533 0,1082 0,0125 0,0253 2,1780 4,3121 0,0187 
0,0357 0,1277 0,0164 0,0588 0,1784 0,4776 0,0383 
0,0508 0,1054 0,0150 0,0311 1,7617 1,9878 0,0254 
0,0619 0,1587 0,0381 0,0976 1,0070 1,0655 0,0477 
0,0336 0,1217 0,0082 0,0297 0,0141 1,2918 0,0122 
0,0271 0,0927 0,0170 0,0582 2,5662 0,7467 0,0422 
0,0180 0,1313 0,0221 0,1613 5,5276 10,2101 0,1136 
0,0025 0,0258 0,0012 0,0127 2,1835 0,9726 0,0102 

-0,0089 0,0676 -0,0027 0,0206 4,1132 1,1606 0,0175 
-0,0153 -0,0386 -0,0082 -0,0207 0,0000 10,8102 -0,0042 
0,0231 0,0038 0,0082 0,0013 0,0198 0,7479 -0,0019 
0,0735 0,1381 0,0784 0,1472 1,8001 0,5838 0,0974 
0,0135 0,1469 0,0182 0,1982 0,0098 1,2454 0,1744 
0,0646 0,1176 0,0151 0,0275 0,6147 1,3173 0,0173 
0,1415 0,1437 0,0577 0,0586 2,8518 2,7956 0,0764 
0,0383 0,0847 0,0447 0,0987 0,0145 1,8718 0,0558 
0,0875 0,2084 0,0402 0,0957 0,9763 1,3276 0,0609 
0,0435 0,1761 0,0185 0,0748 0,2943 2,8034 0,0567 
0,1050 0,2114 0,0445 0,0895 0,1100 0,6805 0,0519 
0,0472 0,1369 0,0188 0,0546 2,2232 1,1908 0,0457 
0,0444 0,0911 0,0309 0,0634 2,3791 1,0235 0,0594 
0,1477 0,3000 0,0755 0,1533 0,0000 0,6180 0,1176 
0,0761 0,0755 0,0358 0,0356 0,0000 0,7059 0,0755 
0,0668 0,1318 0,0581 0,1147 2,5574 0,9130 0,1054 
0,0211 0,0769 0,0184 0,0669 1,6361 0,7244 0,0573 
0,0538 0,0568 0,0317 0,0335 1,4077 0,7102 0,0476 
0,0785 0,1380 0,0341 0,0599 2,2904 0,8615 0,0429 
0,0333 0,0909 0,0194 0,0529 2,4382 2,7459 0,0364 
0,1669 0,3111 0,1080 0,2012 0,0000 0,3142 0,1520 
0,0262 0,1118 0,0169 0,0720 2,2081 0,9005 0,0639 
0,0765 0,1040 0,0503 0,0683 1,1990 0,3848 0,0536 
0,1494 0,2741 0,0662 0,1214 0,6553 1,0502 0,0928 
0,0667 0,2040 0,0187 0,0572 0,9591 1,1044 0,0413 
0,0325 0,1757 0,0353 0,1909 0,0073 4,7700 0,1525 
0,0780 0,1210 0,0488 0,0758 1,1796 0,4927 0,0989 
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0,0206 0,1215 0,0132 0,0779 3,0593 1,1643 0,0567 
0,1323 0,2314 0,0299 0,0524 0,6852 1,3249 0,0366 
0,0842 0,2379 0,0390 0,1103 0,4027 0,6748 0,0750 
0,0299 0,0892 0,0446 0,1332 2,1851 0,7536 0,1143 
0,0609 0,1063 0,0282 0,0492 0,0021 1,8136 0,0353 
0,0570 0,1205 0,0194 0,0410 1,0770 1,5747 0,0275 
0,0246 0,0999 0,0114 0,0463 2,6498 3,4214 0,0361 

 

 

NFE/EBITDA LTEL GVS CASH WCS NP OCE AE 
0,2237 0,1012 0,5205 -128,6617 -100,2887 0,0094 0,0445 2,2853 
0,115 0,3362 0,1320 -22,7311 -0,5208 0,0061 0,0245 1,0129 

0,4211 0,1167 0,1016 -31,4369 6,7195 0,0054 0,0221 1,1092 
  0,0958 0,1689 -54,2202 7,1002 -0,0458 -0,0195 1,2368 

0,1531 0,2028 0,0953 2,6274 19,8031 -0,0158 0,0244 1,2633 
0,8177 0,0124 0,4329 63,2863 328,3318 0,0274 0,0210 1,0641 

  -0,5546 0,0882 14,4498 53,4243 -0,1905 -0,1344 0,9515 
0,383 -0,2407 0,2216 -39,2060 2,3819 -0,1509 -0,0702 0,9979 
0,023 0,7822 0,0547 127,9149 137,3260 0,0043 0,0252 1,0185 

  -0,0523 0,0895 4,7698 -7,4408 -0,0061 -0,0125 1,1341 
0,3306 -0,3397 0,1141 -3,1132 -31,9135 -0,0580 -0,0310 1,4395 
0,2528 -0,2553 0,0916 -6,7305 -0,7434 -0,0085 -0,0034 0,8755 
0,5263 -0,1957 0,1360 -23,3924 -31,1279 0,0121 0,0121 1,0000 
0,0417 0,4281 0,0558 -15,4568 60,9012 -0,0815 -0,0639 1,0209 
0,2561 -0,2088 0,1763 -23,6887 -9,9439 -0,0605 -0,0538 0,7827 
0,0681 0,1194 0,1920 72,3531 27,6163 -0,0315 0,0370 0,8878 

  -0,6117 0,2693 -26,7446 -41,5696 -0,1211 -0,0871 1,0417 
0,4034 0,0888 0,0641 12,6454 75,5071 -0,0201 0,0563 1,0892 

  -0,9544 0,0576 -5,0727 -45,2372 -0,2916 -0,0913 0,9153 
0,0086 -0,3161 0,1515 1,9004 7,2542 0,0070 0,0093 1,0454 
0,8221 -0,6813 0,2387 -18,2774 -80,8913 -0,0235 0,0077 0,6639 
0,2041 -0,1224 0,1966 -10,4652 -106,2827 -0,0883 -0,0443 1,1411 

  -0,5259 0,4612 29,6069 -47,6340 -0,0731 -0,0383 0,5628 
  -1,2883 0,2934 -153,2947 -179,1385 -0,0764 -0,0534 1,0285 
  0,2387 0,1363 20,5121 208,8147 0,0927 -0,0181 0,2606 

0,0000 0,1507 0,2149 7,0816 408,6598 0,1002 0,1259 1,0237 
0,3230 -0,0079 0,5167 -76,4757 -72,9653 0,0122 0,0544 0,8249 
0,0074 -0,0538 0,5026 -36,1242 -103,8630 0,0042 0,0781 0,9746 

  -0,2666 0,2498 -189,5193 -95,5920 -0,0564 -0,0276 1,0606 
0,6610 -0,1576 0,3773 -0,9356 -40,3846 -0,0090 0,0204 1,1861 

  -1,3147 0,0875 4,7218 -101,0475 -0,1205 -0,1172 0,5563 
0,0619 -0,2948 0,3478 -1,1598 -78,6665 -0,0430 -0,0140 0,8889 
0,0407 0,1842 0,4286 -305,3344 -295,6319 0,0169 0,0646 0,9953 
0,0387 0,0545 0,4141 -447,4286 -252,4390 0,0021 0,0315 0,7000 

  -1,0246 0,1172 11,4542 -149,6390 -0,0531 -0,0244 1,1276 
  -0,6847 0,1396 -85,0277 -181,3872 -0,1994 -0,1668 1,0712 

0,0068 0,2148 0,5239 18,4689 -58,3142 0,0137 0,0168 1,0113 
0,0000 0,1888 0,2134 8,2772 327,7850 0,0906 0,1071 1,0998 



 

96 

2,0312 0,2648 0,4481 -15,2373 -112,1623 -0,0095 0,0087 0,9658 
0,2818 0,3741 0,3114 6,0367 -20,7191 0,0391 0,0546 1,2164 
0,5727 -1,7240 0,3134 -72,2159 -118,4238 0,0131 0,0157 0,9204 

  -2,0627 0,3510 -19,6392 -146,5871   -0,0873 0,8599 
0,1313 0,1769 0,2833 15,2890 47,0753 0,0035 0,0489   

  -0,5309 0,1136 16,0867 -27,6032 -0,0499 -0,0503 1,0031 
  -1,1774 0,3904 2,7322 -50,1093 -0,0669 -0,0407 0,9746 
  -1,4222 0,4794 -330,6067 -329,5281 -0,2434 -0,0590 0,9721 
  -0,0170 0,4153 5,0853 5,8623 -0,0475 -0,0145 1,4934 

0,2985 -0,1654 0,4604 9,4030 -66,8657 0,0205 0,1132 1,1780 
  -0,6468 0,0796 -112,1556 -97,6334 -0,0137 -0,0225 0,7471 

0,2608 0,0200 0,6140 -282,6110 -280,1828 0,0011 0,1160   
0,2021 0,1396 0,0305 0,7465 1,3008 -0,0205 0,0424 1,0404 
0,0412 0,0532 0,2864 -20,4712 -3,8547 0,0543 0,1127 1,0773 
0,0122 0,7080 0,1906 27,3904 56,3074 0,0112 0,0255 2,0894 
0,8100 0,8141 0,2580 88,5800 153,4800 0,0508 0,0882 1,3687 

  0,8427 0,2305 138,0380 120,6492 0,0587 0,1307 1,0309 
0,0438 0,6482 0,1011 19,8957 60,2509 0,0123 0,0240 1,1938 
0,0185 0,8438 0,3212 57,9165 156,8297 0,0356 0,1301 1,0174 
0,0518 0,6601 0,2377 2,1157 59,9812 0,0351 0,0563 1,0144 
0,0406 0,2416 0,1333 10,4861 12,1223 0,0125 0,0253 1,1491 
0,0018 0,7156 0,3311 -0,2060 46,1580 0,0164 0,0588 0,8584 
0,0310 0,3944 0,1362 3,6626 27,4250 0,0150 0,0311 1,0905 
0,0091 0,5840 0,2386 -5,7806 31,8029 0,0381 0,0976 0,9862 
0,0030 0,4837 0,1163 1,6864 33,4995 0,0082 0,0297 0,8943 
0,0803 0,6074 0,3203 75,4075 121,6978 0,0170 0,0582 1,0762 
0,2133 0,1072 0,3004 -25,2595 111,7870 0,0221 0,1613 1,5390 
0,1512 0,5095 0,1393 -4,5967 60,8251 0,0012 0,0127 0,9886 
0,1169 0,4630 0,0595 1,8030 37,6866 -0,0027 0,0206   
0,1413 0,0770 0,1097 -119,8079 -13,4446 -0,0082 -0,0207 0,9750 
0,6166 0,6155 0,0446 6,5010 71,1499 0,0082 0,0013 0,9597 
0,0389 0,7049 0,2728 55,3722 148,2561 0,0784 0,1472 0,9554 
0,0751 0,4668 0,6809 -206,0388 -143,4061 0,0182 0,1982 0,9256 
0,0014 0,5013 0,0526 14,4101 40,0735 0,0151 0,0275 1,0574 
0,0856 0,4460 0,2301 -16,1011 0,2120 0,0577 0,0586 1,8089 
0,0501 0,3880 0,1351 -96,9658 34,0165 0,0447 0,0987   
0,0388 0,5202 0,2916 19,5216 77,0224 0,0402 0,0957 1,0374 
0,0753 0,3064 0,2465 -5,4131 8,1831 0,0185 0,0748 1,2595 
0,0052 0,7000 0,2696 21,1942 39,6481 0,0445 0,0895 0,9954 
0,1133 0,2725 0,3102 9,5772 16,0424 0,0188 0,0546 3,0134 
0,0803 0,5639 0,3291 8,8099 66,4431 0,0309 0,0634 1,1427 
0,0071 0,7695 0,3115 15,8642 64,6145 0,0755 0,1533 1,0641 
0,0202 0,6633 0,2329 -8,6515 32,4597 0,0358 0,0356 1,0626 
0,1078 0,5936 0,2359 -0,2295 111,8082 0,0581 0,1147 1,0823 
0,0344 0,6021 0,2688 -17,0899 48,2895 0,0184 0,0669 0,9827 
0,0521 0,6407 0,1892 9,4347 100,7102 0,0317 0,0335 1,1136 
0,0741 0,6157 0,1016 1,5654 120,9405 0,0341 0,0599 1,2363 
0,0866 0,3011 0,0972 -9,5171 50,6012 0,0194 0,0529 1,1678 
0,0000 0,9279 0,3707 95,9137 107,4089 0,1080 0,2012 1,0256 
0,0704 0,5524 0,3417 34,1177 68,6296 0,0169 0,0720 1,0288 
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0,0030 0,7987 0,1598 111,8347 144,6474 0,0503 0,0683 0,9847 
0,0192 0,6364 0,2592 30,0835 66,5976 0,0656 0,1204 0,9615 
0,1759 0,5419 0,1327 19,5666 37,5575 0,0187 0,0572 0,9098 
0,0824 0,2058 0,6905 -264,0565 -207,1574 0,0353 0,1909 0,9021 
0,0465 0,7544 0,2043 -3,3487 74,3444 0,0488 0,0758 1,1209 
0,1326 0,4829 0,3337 -1,1720 100,3323 0,0132 0,0779 1,0569 
0,0156 0,5624 0,1804 28,9405 32,2655 0,0299 0,0524 1,0347 
0,0154 0,6855 0,2008 14,7366 53,1000 0,0390 0,1103 1,1424 
0,0714 0,6001 0,3382 60,1846 120,1675 0,0446 0,1332 1,3128 
0,0187 0,4163 0,1809 47,5503 48,5988 0,0282 0,0492 1,1104 
0,0510 0,4450 0,1789 8,2781 37,3216 0,0194 0,0410 1,0843 
0,1020 0,2544 0,1453 32,6846 43,7231 0,0114 0,0463 1,0571 

 

 

 

 

Appendix 2 : Linear Discriminant Analysis sample 

 

HEALTH EBITDA/S ND/EBITDA CASH 
0 0,0445 6,2061 -128,6617 

0 0,0245 5,9617 -22,7311 

0 0,0221 7,4480 -31,4369 

0 -0,0195 -33,7370 -54,2202 

0 0,0244 3,8938 2,6274 

0 0,0210 57,7114 63,2863 

0 -0,1344 -2,9385 14,4498 

0 -0,0702 -1,8205 -39,2060 

0 0,0252 3,8742 127,9149 

0 -0,0125 -0,0078 4,7698 

0 -0,0310 -3,9010 -3,1132 

0 -0,0034 -18,5214 -6,7305 

0 0,0121 3,8888 -23,3924 

0 -0,0639 -0,1862 -15,4568 

0 -0,0538 -1,1218 -23,6887 

0 0,0370 2,5474 72,3531 

0 -0,0871 -2,8665 -26,7446 

0 0,0563 10,6640 12,6454 

0 -0,0913 -0,4887 -5,0727 

0 0,0093 16,8934 1,9004 

0 0,0077 25,3702 -18,2774 
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0 -0,0443 -0,0062 -10,4652 

0 -0,0383 -13,9678 29,6069 

0 -0,0534 -0,6331 -153,2947 

0 -0,0181 -24,3879 20,5121 

0 0,1259 8,1951 7,0816 

0 0,0544 4,9136 -76,4757 

0 0,0781 0,7128 -36,1242 

0 -0,0276 -4,4646 -189,5193 

0 0,0204 15,5975 -0,9356 

0 -0,1172 -0,1983 4,7218 

0 -0,0140 -3,3100 -1,1598 

0 0,0646 11,8855 -305,3344 

0 0,0315 11,2597 -447,4286 

0 -0,0244 -6,7448 11,4542 

0 -0,1668 -1,1789 -85,0277 

0 0,0168 7,7635 18,4689 

0 0,1071 7,2167 8,2772 

0 0,0087 56,9688 -15,2373 

0 0,0546 4,0964 6,0367 

0 0,0157 12,5818 -72,2159 

0 -0,0873 -0,6050 -19,6392 

0 0,0489 3,2179 15,2890 

0 -0,0503 -7,9596 16,0867 

0 -0,0407 -0,9813 2,7322 

0 -0,0590 0,0000 -330,6067 

0 -0,0145 -38,0135 5,0853 

0 0,1132 8,0568 9,4030 

0 -0,0225 -9,4128 -112,1556 

0 0,1160 6,0844 -282,6110 

1 0,0424 6,7875 0,7465 

1 0,1127 0,4765 -20,4712 

1 0,0255 0,0638 27,3904 

1 0,0882 0,3208 88,5800 

1 0,1307   138,0380 

1 0,0240 0,9292 19,8957 

1 0,1301 0,7363 57,9165 

1 0,0563 0,1784 2,1157 

1 0,0253 2,1780 10,4861 

1 0,0588 0,1784 -0,2060 

1 0,0311 1,7617 3,6626 

1 0,0976 1,0070 -5,7806 

1 0,0297 0,0141 1,6864 

1 0,0582 2,5662 75,4075 
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1 0,1613 5,5276 -25,2595 

1 0,0127 2,1835 -4,5967 

1 0,0206 4,1132 1,8030 

1 -0,0207 0,0000 -119,8079 

1 0,0013 0,0198 6,5010 

1 0,1472 1,8001 55,3722 

1 0,1982 0,0098 -206,0388 

1 0,0275 0,6147 14,4101 

1 0,0586 2,8518 -16,1011 

1 0,0987 0,0145 -96,9658 

1 0,0957 0,9763 19,5216 

1 0,0748 0,2943 -5,4131 

1 0,0895 0,1100 21,1942 

1 0,0546 2,2232 9,5772 

1 0,0634 2,3791 8,8099 

1 0,1533 0,0000 15,8642 

1 0,0356 0,0000 -8,6515 

1 0,1147 2,5574 -0,2295 

1 0,0669 1,6361 -17,0899 

1 0,0335 1,4077 9,4347 

1 0,0599 2,2904 1,5654 

1 0,0529 2,4382 -9,5171 

1 0,2012 0,0000 95,9137 

1 0,0720 2,2081 34,1177 

1 0,0683 1,1990 111,8347 

1 0,1214 0,6553 30,0835 

1 0,0572 0,9591 19,5666 

1 0,1909 0,0073 -264,0565 

1 0,0758 1,1796 -3,3487 

1 0,0779 3,0593 -1,1720 

1 0,0524 0,6852 28,9405 

1 0,1103 0,4027 14,7366 

1 0,1332 2,1851 60,1846 

1 0,0492 0,0021 47,5503 

1 0,0410 1,0770 8,2781 

1 0,0463 2,6498 32,6846 

 

 


