
 

 

 

 

 

 

 

 

 

 

 

 

 

Predicting Insolvency 

A comparison between discriminant analysis and 

logistic regression using principal components 

 

 

 

 

By Erik Brorson & Asterios Geroukis 

Supervisor: Inger Persson 

Uppsala University, Department of Statistics 

Bachelor’s Thesis  

Autumn 2014 

 



 

 

Abstract 

In this study, we compare the two statistical techniques logistic regression and discriminant 

analysis to see how well they classify companies based on clusters – made from the solvency 

ratio – using principal components as independent variables. The principal components are 

made with different financial ratios. We use cluster analysis to find groups with low, medium 

and high solvency ratio of 1200 different companies found on the NASDAQ stock market and 

use this as an apriori definition of risk. The results shows that the logistic regression 

outperforms the discriminant analysis in classifying all of the groups except for the middle 

one. We conclude that this is in line with previous studies.  
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1 Introduction 

As any student of business studies knows, it is difficult to evaluate the different aspects of a 

company. Just to mention a few: the amount of debt and loans, the evaluation of assets, 

revenue streams and cash flow – the list goes on and on. If a tool existed to make this job 

easier it would save the student hours of work. There are a couple of tools available: Altmans 

Z-score (1968), different credit scores and rating scores from the big credit rating institutes 

such as Moody’s or Fitch, just to name a few. Most of these scores are using statistical 

methods and therefore it is interesting to compare different statistical tools or models and see 

how they perform in a specific situation. This is what this study is about, a comparison of the 

classification ability of logistic regression and discriminant analysis given a definition of risk 

based on the solvency ratio. 

 If a company cannot repay its loans, it means that the cash within the company cannot 

take care of the costs. This is commonly measured by how solvent a company is, i.e. the 

amount of cash they have compared to the amount of liabilities (the so-called solvency ratio).  

One thing most of the previous studies on classification of risk have in common, is that 

they are based on data from one sector. We want to find out whether the same conclusions 

from previous studies can be drawn from a large dataset with mixed sectors. That is, that the 

logistic regression model classifies the companies – given a certain grouping or risk definition 

– better than the discriminant analysis (Hui & Sun, 2011). Thus our question is: Which one of 

these techniques provides the best classifications of the solvency ratio using principal 

components as independent variables? 

In the previous work of Altman (1968), the risk zones1 have been separated into three 

groups that are labeled as risk- , middle- and safe area. By defining the solvency ratios as the 

risk measure, we categorize the companies as Altman (1968) did with three risk groups. But 

our work separates the companies based on their value of the solvency ratio and not by the 

discriminant function like Altman (1968). We then analyze which statistical technique that 

provides the best classifications of companies into these risk areas, based on the combinations 

of financial ratios made from principal components analysis.  

                                                 
1 Defined differently in different articles see section 2 for our discussion on the definition of risk. 
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This document first describes the use of the statistical methods in previous economic 

studies (section 2). In section 3 we write about methodology and the statistical techniques as 

well as their assumptions. The results are then evaluated and presented alongside the results of 

the study in section 4 and in section 5 we present our conclusions. 
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2 Literature overview 

Discriminant analysis has often been used in studies where risk levels of firms are measured 

(Altman, 1968; Lee et al., 2002; Lin, 2009; Paliwal & Kumar, 2009). Although the 

assumptions of discriminant analysis have made it difficult at times to estimate the right 

predictions2 when dealing with company data. Despite this, Altman’s Z-score3 is still used to 

this day even though it has been questioned for its generalizability and has been suggested to 

get an update (Grice & Ingram, 2001). 

Altman (1968) had a sample with an equal number of companies that went 

bankrupt and that survived. He found cutoff-values from the use of discriminant analysis and 

formed three groups. Many have argued that discriminant analysis does not suit the financial 

data due to the assumptions of the technique (described in section 4.2), and that other models 

such as logistic regression predicts the risk level of the companies better (Hui & Sun, 2011; 

Lee et al., 2002; Lin, 2009; Paliwal & Kumar, 2009). When just studying the statistical 

techniques logistic regression and discriminant analysis, as classification tools in financial 

risky businesses, the discriminant analysis, seems to misclassify more often compared to 

logistic regression (Lee et al., 2002; Hui & Sun, 2011; Lin, 2009; Paliwal & Kumar, 2009). 

This leads to the question of what can really be used as a warning for a 

company’s financial health. The logic of what could be classified as a risk warning under 

liquidity (amount of cash available) problems has not been fully developed, despite a lot of 

statistical studies comparing predictions of different techniques (Sun et al. 2014). This is, 

according to Sun et al, because there has been no real reason to development a certain 

framework to actual financial health; it has rather just been about testing different statistical 

methods (discriminant analysis as an example). Therefore it is quite a task to actually estimate 

risk levels of companies as it is difficult to interpret what risk really is. Therefore it could be 

important to identify financial ratios which have a previous result of being significant 

predictors of the companies’ health, these could range from different categories such as 

liquidity (cash available), profitability, finance, and leverage (method of financing the assets) 

(Kosmidis & Stavropoulos, 2014). A common way of assessing how well a business 

financially performs is by looking at the balance sheet to see the net income, cash flow, and 

debt (Penman, 2013:237). From there it is possible to see the different activities and tie them 

                                                 
2 Data might not for example be multivariate normally distributed and it is quite unreasonable to think that 
financially healthy companies have the same covariance structure as financially troubled firms. 
3 The Z-score predicts the risk of a certain company to go bankrupt within two years, kind of a credit score 
which is not only applied to businesses but also for example insurance policies (Brockett et al. 2002). 
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together within the firm and the capital markets, as cost and revenue will affect the balance 

sheet, thus how the companies involved will finance their own activities (done with either 

loans, profits or shares) (Penman, 2013:237).   

  The use of principal components has gained interest in financial studies; this is 

due to the fact that financial ratios might not provide the sufficient information needed 

(Brockett et al. 2002). Principal components reduce dimensions and can also give a certain 

type of interaction between the variables which could give more information than just ratios 

(Brockett et al. 2002). The applicability of principal components analysis is wide, it has been 

used from generalizing patterns in face recognition (Zhao et al. 1998), to detecting fraud 

behavior in insurance claims (Brockett et al. 2002) and financial market theories of the 

CAPM4 and APT5 (Connor & Korajczyk, 1988). As previously stated, the components have 

the effect of reducing dimensions, eliminating different redundant effects from other variables 

and could therefore yield in better risk level classifications of the firms (Hui & Sun, 2011). It 

also helps to prevent misleading interpretations of certain variables, without the combined 

effect between them being taken into account (Brockett et al. 2002).  

  

  

 

  

                                                 
4 Capital Asset Pricing Model, a theory where only the market will influence the expected returns of 
investments made, developed by several economists, including Sharpe (1964) and Mossin (1966) as examples. 
For further deeper knowledge, readers are referred to reading basic financial theory, for example the book 
Corporate Finance by Hiller et al (2013). 
5 Arbitage Price Theory, a theory not too different from CAPM but allows for several unknown factors to 
influence the returns of investments, developed by Stephen Ross (1976). As for CAPM, readers can go to basic 
financial theory for further information (e.g. Corporate Finance by Hillier et al (2013). 



5 

 

3 Methodology 

This is a study about classification. As we stated earlier in section two, there are no general 

definition of financial health or –risk (Sun et al. 2014). And in order to answer our question –

presented in section one – we need to create an apriori definition of risk and we choose to use 

the solvency ratio (described in section 3.1 and 3.2). This is not an attempt to create a general 

definition of risk or a useful alternate version of the priory mentioned Altman Z-score model 

(see section 2 for a description of this model). As we stated earlier, this is a study about 

classification and about the comparison of the discriminant and logistic regression models 

when using principal components as independent variables.  

In this section we present what methods we use and why. First we describe the data 

(subsection 3.1) that was used along with the different variables (subsection 3.1.1) and our 

sample (subsection 3.1.2). Then we present the preparation of the analysis, which is divided 

into three parts. These are the classification done with the clustering technique (subsection 

3.2) and the reduction of dimensions using principal components (subsection 3.3). For details 

on these steps, see each separate section. Last we present the two classification techniques, 

logistic regression (subsection 3.4) and discriminant analysis (subsection 3.5). We also 

present how we will test the different classification methods (subsection 3.6). 

3.1 Data 

The data was retrieved from Datastream, a database from Thomson Reuters and was collected 

2014-12-02. The financial ratios we use originally comes from the companies’ annual reports 

of 2013 (the results of financial performances for firms over a year), which are the last annual 

reports to be published. This usually includes what types of income, investments, profit and 

costs the firms had during that specific year. The annual reports provide an overall look of 

how the specific firms are performing, unlike the interim reports (financial reports divided 

into quarters of the year) which might at times not have the right amount of information and is 

mostly used to provide the financial market with information of how the company is currently 

holding up. We want to create models for all kinds of industries except for the financial 

industry6, therefore we collect the data from all of the companies that has been on the 

                                                 
6 Financial industries have other types of interpretation of their performances. A bank has a high degree of 
debt despite doing good results, due to the fact that the accounts and personal savings by people are viewed as 
debt for the bank. Investment firms have a lot of resources allocated into the stock market which makes it 
difficult to interpret their values. This is due to the fact that they rely heavily on the stock market, an external 
factor which is difficult to measure within a company. 
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NASDAQ stock exchange for more than two years7 that act in certain different industries. 

This data can be viewed as a population rather than a sample because it contains all of the 

public companies of the NASDAQ stock exchange.  

3.1.1 The Sample 

Our dataset contains data from 1200 different companies that are listed on the NASDAQ 

stock exchange. There are several observations with missing values in our sample and these 

observations are not included in the analysis. There are also several serious outliers in the 

sample, of which the most extreme are omitted. The total number of companies used for 

analysis is 865. The reason why the amount of observations drops from 1200 to 865 is due to 

missing values. 

3.1.2 The Variables 

Our choice of variables originate from previous studies and could be examined in table 3.3.1, 

where each of the ratios are presented along with their respective formula. There are also 

additional descriptions of the variables in Appendix A. Altman (1968) included variables 

which measure profitability, the amount of debt and levels of cash flow compared to assets, 

which he then concluded were significant to bankruptcy risks. Other studies (Altman, 1968; 

Grice & Ingram, 2001, Kocisova & Misankova, 2014; Lee et al., 2002; Li & Sun, 2011; Lin, 

2009; Paliwal & Kumar, 2009) have followed the same path when choosing variables for their 

bankruptcy or risk models. Profitability is measured by the ratios representing income and 

growth, this is therefore meant to decrease the riskiness of a company. The higher the 

profitability a certain firm has, the less risky it becomes. It is therefore reasonable to assume 

that increasing profit will yield higher returns thus increasing the solvency ratio of the 

companies. 

  Financial performance is measured by certain profit ratios and assets directly 

related to the income level. In this case, we’re using the financial performance as a measure to 

find the risk level of the company; this is quite commonly used and analyzes the overall 

health of a certain company (Lin, 2009). 

They can be found in table 3.1.1. We elaborately explain each and every one of 

them in Appendix A.  

 

 

                                                 
7 If we consider our population being public companies, it best to be sure to use the ones which provided the 
financial information for 2013. The newer companies did not provide this kind of information on Thomson 
Reuters Datastream, most likely because they are too new. 
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Calculations Expression 

(Net Income + Depreciation)/Total Liabilities Solvency Ratio 

Net Income/Total Assets Return of Assets 

Working Capital/Total Assets Working Capital Ratio 

Total Debt/Total Assets Debt to Assets 

Total Debt/Total Shareholders Equity Debt to Equity 

Total Sales/Total Assets Sales to Asset 

Total Sales/Receivables Sales to Receivables 

Total Liabilities/Total Equity Leverage Ratio 

Total Operating Expenses/Gross Operating Income Operating Expense Margin 

EBIT/Total Liabilities EBIT to Liabilities 

Revenue/Total Employees Revenue per Employee 

Enterprise Value/Total Sales Enterprise Value to Sales 

Cash Flow/Total Liabilities Cash to Liabilities 

Operating Income/Total Assets Operating Income to Total Assets 

Operating Income/Net Income Operating Profit Margin 

EBIT/Total Sales Pretax Margin 

(Current Assets - Inventory)/Current Liabilities Quick Ratio 

Net Income/Total Equity Return on Equity 

Net Income/Investments Return On Invested Capital 

Net Profit/Revenue Net Margin 

Current Assets/Current Liabilities Current Ratio 

Cash Flow/Total Sales Cash Flow/Sales 

Book Value of Equity/Total Shares Book Value Per Share 

Total Dividends/Total Shares Dividends Per Share 

Retained Earnings/Total Shares Earnings Per Share 

Total Dividend Payout/Total Shares Dividend Payout Per Share 

Retained Earnings/Total Assets Earnings by TA 

Operating Cash Flow/Total Assets Cash Flow OP/TA 

Retained Earnings - Operating Cash Flow Accurals 

Further elaboration about the expressions used is found in Appendix A 
Table 3.1.1 - The financial ratios' that were used in the study 

 

3.2 Creating the groups by clustering 

In the introduction of this section we talk about the a priori definition of risk that we use in 

this study. Since there are no general way to define risk (see subsection 3.1) we use the 

solvency ratio to define it, which is a financial ratio used for assessing a company’s ability to 

meet its liabilities (Investopedia, 2014). This is a study on classification techniques and to use 

the two classification techniques (discriminant analysis and logistic regression, presented and 

discussed in subsections 3.4 and 3.5) we decide to define three different groups using a 

technique called cluster analysis – which is a technique that divides the observations into 

groups.  
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The clustering technique can be regarded as an umbrella term for a wide range 

of techniques that all share the objective of dividing observations into a number of exclusive 

groups based on some kind of similarity measurement. (Hair et al., 2005:20) 

 We use a non-hierarchical clustering method with Euclidean distance as the 

similarity measurement. Basically, the Euclidean distance is the geographical distance 

between two points. The reason why we use Euclidean distance is because that we are 

interested in the proximity of the observations rather that the pattern of the data (Hair et al., 

2005: 568). We also standardize the principal components (see subsection 3.3), making the 

variation less problematic for Euclidean distances. The technique which is then used by the 

SAS procedure (Proc Fastclus) is grouping the variables based on the means of the variable 

chosen. The cluster centers are the means of the observations in that cluster (a so called k-

means model) (SAS, 2014). When using non-hierarchical clustering, the number of clusters is 

decided on beforehand, in these case three different groups (risk/middle/safe areas) as we 

mentioned in the introduction (section 1). This cluster analysis does not require any additional 

assumptions other than that the variables needs to be numerical which they are per definition 

(risk/middle/safe areas). (SAS, 2014; Hair et al., 2005: 567-598) 

Now we need something to classify on, something that tells the different groups 

apart. Since our companies can be divided into a lot of different groups we choose to group 

them based the solvency ratio variable. Solvency ratio is a measurement of how well the 

corporations can pay their debts and other obligations. The solvency ratio is defined as 

according to the Investopedia website (2014).  

𝑆𝑜𝑙𝑣𝑒𝑛𝑐𝑦𝑅𝑎𝑡𝑖𝑜 =
𝑁𝑒𝑡 𝑖𝑛𝑐𝑜𝑚𝑒 + 𝑑𝑒𝑝𝑟𝑖𝑐𝑎𝑡𝑖𝑜𝑛

𝑆ℎ𝑜𝑟𝑡 𝑡𝑒𝑟𝑚 𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠 + 𝐿𝑜𝑛𝑔 𝑡𝑒𝑟𝑚 𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
 

  

3.3 Reducing dimensions with principal components 

The number of variables that we use in our study is large and a reader not very well versed in 

business theory will have problems to make sense of the overall picture. As a remedy for this 

problem we chose to reduce the number of variables (or the number of dimensions) by 

utilizing principal components analysis that we discussed and introduced in the literature 

overview (section 2).  

When dealing with data that is correlated and could have different interacting 

effects between the different variables, a technique to deal with this without losing too much 

explained variation is the use of principal components. Principal components analysis is in its 

most basic form a way to transform a number of correlated variables into new variables that 
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are uncorrelated and linear combinations of the original. These new variables are called 

principal components and are created via an orthogonal transformation of the financial ratios. 

There are no assumptions that need to be fulfilled other than that the data is required to be 

numerical. We choose the use of standardized data when we create the principal components. 

This means that we don’t let the scale of the variation of the variables affect classifications. If 

you are interested in reading more on principal components analysis, see e.g. Sharma (1996) 

or Hair et al (2005)  

 The principal components technique is used for mainly two reasons. Firstly, the 

large number of variables and information we have accumulated in the sample makes it 

difficult to work with, because of the number of variables clutter the estimate tables (see 

principal components loading in Appendix B for an example); therefore we use principal 

components analysis as a dimension reducing technique with a minimal variation loss. 

Secondly, both logistic regression and discriminant analysis assume that the independent 

variables are uncorrelated and the principal components are uncorrelated per construction, and 

there is no multicollinearity when the principal components are used as independent variables. 

As components are weighing the different combinations of these variables (see table 3.3.1. in 

section 3.3 for which variables we use), this explains the reason behind why a company 

belongs to a certain category rather than just using different ratios by themselves. As stated by 

Hui & Sun (2011) and Brockett et al. (2002), these components may provide even more 

powerful explanations to certain groups than just the variables by themselves. Our final 

cutoff-value for how many components we will use is an eigenvalue of 0.7, this value has 

shown to be a good estimate for the numbers of principal components (Jolliffe, 1972).  

3.4 Logistic Regression 

When the clusters are formed and the principal components are computed we are ready to 

start with the core of this study: the classifications. Logistic Regression is one of two 

techniques that we are using, the other being Discriminant Analysis. The assumptions that are 

to be presented will be checked in the results section (4.3). We are to present the technique, 

the assumptions and lastly the receiver operating characteristic curves (ROC curves). 

3.4.1 What is logistic regression? 

The logistic regression is a classification technique that treats the logarithm of the odds of a 

certain event happening as the dependent variable and is expressed as a general linear model,  

ln (
𝑝

1 − 𝑝
) = 𝛼 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ 𝛽𝑛𝑋𝑛 + 𝜖𝑖 
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where p denotes the probability that an observation belongs to a certain group (and is divided 

by 1 – the probability to create the odds) and is between the values 0 or 1, alpha the intercept 

and the betas the parameters that are estimated. The X’s are the different variables in the 

model and 𝜖𝑖 is the error term. (Hair et al., 2005:275)  

   Logistic regression also requires a binary dependent variable (ibid), p in the 

equation above. Since we have three different groups, made by the clustering technique (see 

chapter 3.4), this means that we estimate three different logistic regression models, with each 

of the groups getting a single model that puts the value of the odds to one if the observations 

is in the group and zero otherwise. (ibid) 

3.4.2 Assumptions of the logistic regression 

Logistic regression doesn’t require a lot of assumptions. It requires the independent variables 

to be uncorrelated. There is also a rule of thumb that states that the amount of observations 

within each group should be 5 times the number of parameters used in the final model. (Hair 

et al., 2006: 332-333). We check these assumptions in the results subsection 4.4.1. 

3.4.3 ROC-curves 

The receiver operating characteristic (ROC) curves are visualizing how well the logistic 

regression model classify the correct predictions compared to its misclassified predictions, 

this mentioned as how sensitive the model (how well it classifies correct) compared to its 

misclassifications (1 – specitivity as it is denoted) (Hosmer & Lemeshow, 1988:160). And 

when the ROC is being plotted, it ranges from all types of different cutoff-values (percent 

which it classifies different objects) between 0 and all the way to 1 (ibid). The overall results 

(the average correct classifications) between all the cutoff-values between 0 and 1 are called 

the area under the curve. This is explained as the average percentage of correct classifications 

(ibid). The rule of thumb of how to consider how well the model can classify is mentioned by 

Hosmer & Lemeshow (1988:162) as when the area under the curve is around 0.5 then it is just 

random predictions, if the area under curve is around 0.7 and 0.8, then it is acceptable, if it is 

0.8 and 0.9 then it is excellent and last but not least, if the area under the curve is over 0.9 

then it is outstanding results. 

3.5 Discriminant Analysis 

The second classification technique is known as discriminant analysis. The original linear 

discriminant analysis developed by the statistician Ronald Fisher (1936) is a fairly well 

known technique that has been used in a lot of different settings (Altman, 1968; Lee et al., 

2002; Lin, 2009; Paliwal & Kumar, 2009). We included the section quadratic discriminant 
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analysis, which is a variant of the original discriminant analysis, which is used when the 

assumption of the equal covariance matrix does not hold (see subsection 3.5.2 and subsection 

4.3.1). When we are to present this technique, we do so by first presenting the original linear 

model even though that we end up using the quadratic discriminant variation. We do so 

because we use quadratic as a consequence of the breached assumption. In this case it would 

not make any sense to ignore this fact. The tests of this assumption (equal covariance 

matrices) and the check of those that are to be checked can be found in subsection 4.2, in the 

results section.  

3.5.1 Explanation of the linear discriminant analysis 

Discriminant analysis is a method that shares the goal of the priory mentioned logistic 

regression. It is a technique used for finding a way to distinguish between two or more groups 

based on a number of discriminating variables. This is done by creating a discriminant 

function, a linear combination of the independent variables, this gives discriminant scores for 

each and every one of the observations. The observations are then classified into groups 

depending of their scores. The discriminant function and its corresponding scores are 

computed so that the variance between the groups is maximized. In this example the goal of 

the analysis is to tell the clusters, formed in subsection 3.2, apart.  

3.5.2 Assumptions of discriminant analysis 

The fundamental assumptions of discriminant analysis are that the groups are multivariate 

normally distributed and the covariance matrices should be equal among the groups (Hair et 

al., 2005:290). If the covariance matrices aren’t equal one might use the quadratic 

discriminant analysis instead.8  

  There are also a requirement for the sample size to be large enough. According to Hair 

et al. (2005:291) the different groups should have at least 20 observations per independent 

variable.  

3.5.3 Quadratic discriminant analysis 

The quadratic discriminant analysis is a multivariate classification technique that is used for 

pattern recognition purposes. According to Zhang (1997) this technique can be thought of as 

an extension of the classic linear discriminant analysis developed by Fisher (1936). One of the 

main perks of the quadratic discriminant analysis is that it does not require the covariance 

matrices to be equivalent. 

                                                 
8 In the upcoming results section we used the quadratic discriminant analysis, we are referring to this 
technique as discriminant analysis. 
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3.5.4 Stepwise selection of variables 

The independent variables used for this model are the principal components discussed in 

section 3.5. To find out which of the principal components to use in the model we choose to 

use a stepwise selection based on the stepdisc procedure in SAS (2014). 

One thing that is worth mentioning is that we pick the independent variables using a 

technique that is based on the discriminant analysis (we use the same independent variables in 

the logistic regression and dicriminant analysis models). One might argue that this makes our 

comparison in subsection 4.5 biased. This is possible, however, if we would do the opposite 

and choose the variables with a stepwise selection based on the logistic regression it would 

create the exact same problem reversed. We do not try this in the setting of this study. 

The stepwise procedure from SAS starts from using a discriminant model without any 

variables, and continuously add more variables to get the model with the highest 

discriminating power (meaning the model with the best classification ability) (SAS, 2014). 

This procedure stops when there are no more variables to add, as they are insignificant and do 

not help the classification process any further. 

3.6 T-test in the comparison section 

In the last steps in our results section (subsection 4.5), we compare the results of the two 

classification techniques. We use a regular two-sided student’s T-test of two populations to 

test whether the difference in the misclassification percentage between the logistic regression 

and discriminant analysis is statistically significant. Under the null hypothesis of the test, the 

two populations misclassify equally as much. 
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4 Results 

This study is about classification. In the introduction we present our intention of comparing 

the discriminant analysis (described in subsection 3.5) with the logistic regression (described 

in subsection 3.4) in terms of classifying companies grouped in clusters based on their 

solvency ratio (described in subsection 3.2). The independent variables that are being used in 

the two models are principal components (described in subsection 3.3) made up of financial 

ratios. 

In this section we are describing the results of the analysis that is described in the 

previous section. This starts off with the creation of the groups, or clusters, of the solvency 

ratio (subsection 4.1) we then present the principal components that is created from the 

original financial ratios (subsection 4.2) and end with the evaluation of the classifications 

done with discriminant analysis (subsection 4.3) and the logistic regression (subsection 4.4). 

4.1 Forming the clusters 

As stated priory in the cluster chapter (subsection 3.2), we separate our observations into three 

different clusters based on the solvency ratio of the companies. The reason behind three 

clusters is that we want to mimic the Altman (1968) procedure with the Z-score, but with a 

financial ratio instead of calculating the certain Z-score. These clusters are divided into one 

risk group (low solvency ratio), one middle (not low or high solvency ratio) and one safe 

group (a high solvency ratio). Solvency ratio should be intepreted in such a way that the 

higher the solvency ratio, the better (Investopedia, 2014). The resulting clusters are shown in 

figure 4.1.1. 
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Figure 4.1.1 - Clusters based on the solvency ratio compared to the debt to assets level of the particular firms, 3 denotes the 

middle group, 2 denotes the safe group and 1 denotes the risk group. 

Figure 4.1.1 shows the three different clusters color coded so that the green observations 

shows the group with the lowest solvency ratio, the one we label as the risk group. The blue is 

the middle group and red the safe group. As defined in subsection 3.2, the solvency ratio is a 

way to measure a company’s ability to pay its debts or other obligations (Investopedia, 2014). 

The solvency ratio is measured on the x-axis and the financial ratio debt to assets (for a 

definition, see Appendix A) on the y-axis. The logic to why we choose to plot the solvency 

ratio vs the debt to assets, even though the latter is not involved when we form our clusters, is 

that clusters are something that is more easily shown when plotted – and a plot whit just a 

single metric is not a very good plot. To choose some kind of debt measurement as the y-axis 

makes sense since they are closely related, this does not however affect the analysis and is 

only a way to visualize the clusters.  

4.2 The principal components as independent variables 

As the cluster has been formed we move on to see the results of the variable transformation 

made with the principal components technique (subsection 3.3). As we earlier stated, we use 

this method to create uncorrelated independent variables for the two classification techniques, 

as well as a way to reduce the number of dimensions. We choose to omit a deeper discussion 

about the interpretation of the principal components to keep the focus on the crucial part of 

that is the classification techniques presented next (subsection 4.2 and 4.3). The principal 



15 

 

component loadings (the correlation between the newly formed linear combinations and the 

financial ratios, this is one way to interpret the principal components) in Appendix B along 

with the scree plot9 and a table of the values that makes up the plot. The only assumption that 

needs to be fulfilled and checked is that the variables (financial ratios) are numerical, which 

they all are. 

4.2.1 Choosing the independent variables 

We use all of the financial ratios, except for the solvency ratio, from table 3.1.1 to compute 

the principal components. We keep 17 of the principal components10 as the 17th component 

had an eigenvalue of 0.7 (Jolliffe, 1972) and explained around 86%11 of the whole variation. 

This is according to us a good amount of explained variation and could lead to some 

interesting results. As 17 principal components are still quite a large number to use as 

independent variables and to reduce this number we proceed to use a stepwise approach of 

choosing the best discriminating principal components for the discriminant analysis (the SAS 

statement stepdisc is used). A table is put in the appendix that shows the result of this 

procedure. Even though the stepwise procedure suggested that we use 16 principal 

components we choose to reduce this further by looking at the increase in partial r-square that 

each of the principal components add. We reason that when the additional partial R-square is 

small, we can reduce those principal components. So we chose to omit those that have a 

partial R-square below the arbitrarily chosen limit of 6 %. This leaves us with five principal 

components that we use as the independent variables in our two classification models.

   The principal components that we choose to use are numbers 3, 6, 

10, 14 and 15. Below, in table 4.2.1 we present them with possible interpretations based on 

the loadings that can be found in the appendix B. 

 

 

 

 

 

 

                                                 
9 A plot used for choosing the number of principal components that explains adequately enough of the 
variation in the original variables. 
10 The principal component output, as well as the stepwise procedure for choosing our principal components 
for the analysis can be found in appendix, there the values of the loadings, the amount of explained variation 
and also the how the stepwise process ranked the different components. 
11 The principal components output can be found in appendix B. 
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Principal 
component 

Interpretation 

3 The efficient capital employed  compared to the debt level, shows means that more cash will have 
a negative effect on the debt level as well 

6 Debt level will have a negative effect on the cash to liabilities, the amount of cash compared to 
the debt will decrease 

10 A healthy relationship with debts that has a positive effect on the cash level, can be compared to a 
growth variable were growth of the company will affect the cash and loans 

14 Debts affecting the enterprise value of the company but also will affect the cash flow negatively. 
Basically the company’s whole market value compared to cash value the amount of cash available 
for the company 

 15 The cash flow’s positive effect on the debt level, seems to also have a negative effect by the 
dividend payout which is cash out from the company 

Table 4.2.1 - Explanation of the principal components we are using.  

As we know now how many variables to use and which ones that are the best choices 

according to the algorithms found in the stepdisc procedure from SAS we move on to the 

classifications. 

4.3 Evaluation of the discriminant analysis 

The five principal components that we presented in the previous subsection are a result of the 

stepwise procedure of discriminant analysis and they are interpreted and listed in table 4.2.1. 

As we now present our results from the discriminant analysis we begin by checking for the 

assumptions that is mentioned in subsection 3.5. 

4.3.1 Checking assumptions of the discriminant analysis 

The discriminant analysis requires the groups to be multivariate normally distributed and to 

have equal covariance matrices. To check the first assumption of normality we look at figure 

4.3.1-4.3.3 which is the Normal quantile plots (QQ-plots) of our data. The QQ-plots indicate 

that they are approximately normally distributed12. However when analyzing the QQ-plot 

more thoroughly, it is still possible that because of some very extreme outliers, it could 

eventually bias the results from the discriminant analysis. Despite the outliers, they do not 

show any signs of major curvy deviations which is one way to tell if a distribution is non 

normal.  

                                                 
12 A QQ-plot is to be considered showing non-normality when there are major curvy deviations from the 
straight line.  
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Figure 4.3.1 – The QQ-plot for the safe group 

 
Figure 4.3.2 – The QQ-plot for the middle group 

 
Figure 4.3.3 – The QQ-plot for the risk group 
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The second assumptions of equal covariance matrices, implying the groups have similar 

variance to each other, was after testing with chi-square tests shown to be significant, thus 

implying that the groups do not have similar covariance matrices. Table 4.3.1 shows the 

results from the test. The test imply that our groups do not share the same covariance 

matrices. 

 

Test of Homogeneity of Within Covariance Matrices 

Chi-Square DF Pr > ChiSq 

297.080657 30 <.0001 
Table 4.3.1 - Test of equal covariance matrices in the three risk groups13 

As a remedy for the violated assumption of equal covariance matrices, we use the quadratic 

discrimination (as described in subsection 3.5.3). 

We are more interested to discriminate the companies into their different groups 

and not to create a discriminative function (see subsection 3.5.1) for these groups, and 

therefore the covariance matrices assumption will not create too much problems for further 

analysis as we use the quadratic discriminant analysis (subsection 3.5.3). 

 The independent variables (principal components) need to be uncorrelated 

among each other, which they are by construction since principal components are 

uncorrelated with each other. We view the whole dataset with 1200 companies as the 

population and conclude that the observations are independent. As stated in the subsection 

3.1.1 we have 865 observations to estimate the model, the smallest of the groups has 180 

observations (see Appendix C) which is enough according to the previously stated 

assumptions in subsection 3.5.2.

                                                 
13 The test have the null hypothesis that the covariance matrices are equal, thus a significant result indicates 
otherwise. 
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4.3.2 Results of the Discriminant analysis 

We then proceed to estimate the model on the 865 observations in the dataset. As seen in the 

figures 4.2.1-4.2.3, outliers are present and could be a problem. Some extreme outliers were 

previously deleted (subsection 3.1.1), but deleting all of these could bias the data as 

companies in different sectors are not same financially14. They could also provide important 

information if the companies have an extremely low solvency ratios which could be explained 

by the principal components. However the risk of having outliers is that discriminant analysis 

might get wrong classifications as the technique is sensitive to outliers, this could itself also 

worsen the classifications in favor for the logistic regression.    

 The classification results provided of the discriminant analysis (table 4.3.2) 

show that the discriminant analysis has an overall misclassification rate of approximately 22 

%. The least misclassifications from the discriminant analysis is for the safe group, where it 

classified approximately 17 % wrong (table 4.3.2). Comparing it to the risk group and the 

middle group, the discriminant analysis then misclassified 22 % for the risk and 28 % wrong 

for the middle group (table 4.3.2).  

Discriminant Model 

Error Count Estimates for GROUP 

  Safe Middle Risk Total 

Rate 0.1667 0.2786 0.2167 0.2207 

Table 4.3.2 - The results from the discriminant analysis 

4.4 Evaluation of the logistic regression 

The last technique that we estimate and test is the logistic regression model. We present the 

technique in the methodology section (subsection 3.4). In subsection 4.4.1 we check the 

assumptions and we present the results of the logistic regression in subsection 4.4.2.  

4.4.1 Checking assumptions of the logistic regression 

The assumptions that needs to be fulfilled of the logistic regression is that the independent 

variables needs to be uncorrelated and the sample size big enough. As with the discriminant 

analysis priory mentioned, the independent variables are principal components that are 

uncorrelated per construction. The sample size is also big enough since we need to have five 

times the number of observations in each group that we have independent variables, the 

                                                 
14 It is not reasonable to assume that different companies in different sectors have the same financial structure. 
One sector might be have more debt due to heavy investing in research, while another might operate with a 
business that does not require investments in research or other places that can influence the amount of debt. 
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smallest of the groups has 180 observations (see appendix C) which is enough according to 

the previously stated assumptions in subsection 3.4.2. 

4.4.2 Results of the logistic regression 

As a comparison to the discriminant analysis, the logistic regression model is used to classify 

the same three groups with the same five principal components (provided in table 4.1.2) as 

independent variables. The false classification rates are presented in table 4.4.1, the parameter 

estimates in 4.4.2 and the ROC-curves in figures 4.4.1 to 4.4.3. 

When first observing table 4.4.1, the logistic regression had low amounts of 

misclassifications for the safe group (5.6 %) and the risk group (7 %). On the other hand, the 

logistic regression provided a lot of misclassifications for the middle group (40.8 %). This 

yielded in an overall misclassification rate of approximately 18 % (table 4.4.1). A reason 

behind this could be that the parameter estimates (table 4.4.2) for the middle group had three 

independent variables as significant (meaning that they explain something that effects the 

classification to that group). On the other hand, two of the parameter estimates were 

insignificant which is opposite to the rest of the groups (safe and risk) which had significant 

results of p-value>0.0001 for all the parameter values (table 4.4.2). 

 

Logit model 

  Safe Middle Risk 

Error Count Estimates (%) 5.6 40.8 7.0 

Total   17.8   
Table 4.4.1 - Logistic regression's false classifications  
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Safe 

Group 
    

Middle 

Group 
    

Risk 

Group 
  

Parameter 

Wald 

Pr > ChiSq Parameter 

Wald 

Pr > ChiSq Parameter 

Wald 

Pr > Ch

iSq 
Chi-

Squar

e 

Chi-

Square 

Chi-

Square 

Intercept 169.52 <.0001 Intercept 4.11 0.0426 Intercept 189.04 <.0001 

Prin3 106.60 <.0001 Prin3 0.07 0.7810 Prin3 122.54 <.0001 

Prin15 127.50 <.0001 Prin15 9.90 0.0016 Prin15 92.80 <.0001 

Prin6 97.35 <.0001 Prin6 7.08 0.0078 Prin6 70.84 <.0001 

Prin14 48.38 <.0001 Prin14 0.16 0.6848 Prin14 35.50 <.0001 

Prin10 27.90 <.0001 Prin10 5.16 0.0231 Prin10 23.12 <.0001 

Table 4.4.2 - Parameter estimates’ p-values for the independent variables (principal components) in the validation group  

When evaluating how well the logistic regression classified by the standards provided by 

Hosmer & Lemeshow (1988:162), we see that both the safe and risk groups in figure 4.4.1 & 

4.4.3 (ROC-curves) provide astonishing results with an area under the curve of 0.9437 (figure 

4.4.1) and 0.9303 (figure 4.4.3). On the other hand, figure 4.4.2 for the middle group indicates 

that it is close to just using random predictions, as the area under the curve is around 59 %, 

which according to Hosmer & Lemeshow (1988:162) could be equivalent to  a simple coin 

toss.
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Figure 4.4.1 - ROC curve for the safe group                        Figure 4.4.2 - ROC-curve for the middle group              Figure 4.4.3 - ROC-curve for the risk group  
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4.5 Comparison of the different classification models 

Now if comparing these two classification models, it is interesting to see which one provided 

statistically the best classifications. When testing the models’ misclassifications with regular 

one-sided population student’s T-tests (see subsection 3.6) and comparing them, the results 

yielded that in the safe and risky groups for the data, the logistic regression model had 

significant less misclassifications’ on the 5 % level as provided in table 4.5.1. Also opposite 

to the prior results, the discriminant model provided significantly less misclassifications than 

the logistic regression model for the middle group. These results are provided in table 4.5.1 

and it can be seen that overall results, the logistic regression outperformed the discriminant 

analysis except for the middle group where the discriminant did better classifications (table 

4.5.1). 

ALL OBSERVATIONS         

  SAFE MIDDLE RISK OVERALL 

Discriminant  0,000    

Logistic Regression 0,000   0,000 0,001 

Table 4.5.1 - The p-values from t-tests of the misclassification percentage of the two classification models  

As mentioned by Paliwal & Kumar (2009), the logistic regression model has often 

outperformed the discriminant model and here we have provided a similar result using 

principal components as independent variables. As the principal components can capture 

more information than regular variables and have been used in studies with discriminant 

analysis, we think it is interesting to see whether the discriminant model can provide 

reasonable results. Overall, the classifications made by the logistic regression have an 

advantage over the discriminant analysis in the data as seen in table 4.5.1. The logistic 

regression gives high classification rates for risk groups, safe groups and has an overall higher 

classification rate than the discriminant analysis (table 4.5.1). The middle group on the other 

hand got larger amounts of false classifications for the logistic regression than for the 

discriminant analysis (table 4.5.1).  

This can be explain that for the middle group, two of the principal components 

used were insignificant on the 5 % level (table 4.4.2), and might be a results of the fact that 

we choose our variables based on a discriminant analysis stepwise procedure (subsection 

3.5.4). This means that other principal components would probably be better choices as 

independent variables in the study of the logistic regression, although we did not test it as we 

wanted just to compare the models’ classification ability given a set of variables.  
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5 Conclusion 

As we wanted to see whether the different classification models (logistic regression and 

discriminant analysis) performed when increasing the population, increasing the numbers of 

sectors and also using principal components, the results did not differ from previous studies.

 As stated in the results from Hui & Jin (2011), Lee et al. (2002), Lin (2009) and 

Paliwal & Kumar (2009), we receive the same results in our data, the logistic regression has 

overall created better predictions despite the choice of independent variables based on the 

discriminant analaysis, but on the other hand the middle risk groups were better classified by 

the discriminant model.  

 There are several signs (see literature overview, section 2, and our results 

presented in subsection 4.5) that logistic regression outperforms the discriminant analysis in 

classification of corporations, even though the variables were chosen based on the 

discriminant analysis which should in theory benefit the technique. In addition to this the 

logistic regression does not rely on any distributional assumptions and is easier to interpret 

since it can be shown on the form of the well know general linear model (subsection 3.4.1). 

We conclude that the logistic regression technique is superior to the discriminant analysis 

when it comes to financial data and classifications of corporations. 

 We suggest that further studies could analyze these models with the variables 

chosen differently (using a stepwise procedure based on the logistic regression). It should also 

be considered that the discriminant analysis might not be suitable for economic data, but 

instead could be applied elsewhere in different sciences, such as face recognition (Zhao et al. 

1998).  
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Appendix A - Explanation of the variables used 

Working Capital Ratio – Working Capital to Total Assets, the amount of cash generated 

within the firm compared to the firm’s total assets, signs of efficiency and profitability. 

Return on Assets – Shows how much the net income is comparable to the company’s total 

assets, an efficient ratio of the profitability of the company 

Solvency Ratio – Already mentioned in the theory 

Debt to Assets – Shows the debt level compared to the amount of assets a company have. A 

kind of valuation of the total balance sheet, if the debt levels are larger than the assets, this is 

estimated to be bad financial information for the company. This is due to that assets are a 

company’s “money” and if debt is high, this is risky. 

Debt to Equity – The debt level compared to equity, another way of showing financial 

information which is restricted to only debt compared to equity. 

Sales to Assets – Total sales to total assets, another ratio which measures how efficient the 

sales are compared to the total assets within the company. 

Sales to Receivables – The total amount compared to receivables, receivables are measured as 

future income and this is compared to the amount of sales the company does. 

Leverage Ratio – Amount of liabilities to the total equity, showing the finances of the firm, if 

it is mostly by the own money or by external loans or other types of liabilities. 

Operating Expense Margin – The operating expense compared to the operating income, if 

the operating expenses are way higher than the operating income, this could be interpreted as 

the firm not going profitably well enough. 

EBIT to Liabilities – The amount of earnings before interest and taxes are compared to the 

companies liabilities, this explains the how much the earnings are compared to the liabilities. 

Revenue per Employee – The total revenue of the company compared to the number of 

employees, show signs of efficiency in the firm. 

Enterprise Value to Sales – Estimating how much the enterprise value are compared to the 

sales of the company. 

Cash to Liabilities – How much cash the company has compared to the total liabilities, 

indicating the how well the liquidity is compared to the liabilities.  

Operating Income to Total Assets – A pattern here, as the return on assets, this measures the 

income from the operating activities to the total assets. 
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Operating Profit Margin – Operating income to the net income, shows the again the marginal 

operating profit compared to the overall net income. This could be viewed as a sign of growth 

and yields of good result for the company in question. 

Pretax Margin – The gross income, i.e. the income before taxes, compared to overall 

revenue. As taxes are fixed for companies, this shows the income after the paid interest and 

amortization. 

Quick Ratio – Current assets without the inventory to the current liabilities, a cash ratio, it 

shows similarly like the solvency ratio, the amount of cash compared to the liabilities. 

Return on Equity – Similar to the return to asset but instead measures the same amount on 

the total equity of the particular company 

Return on Invested Capital – As above, it is the same but compared to the invested capital 

instead 

Net Margin – The net income to the revenue, a sign of efficiency compared to the company’s 

different costs. Net income is the income after taxes and if a company has high tax costs, this 

will marginalize the profit margin. So this can be viewed as a profitability ratio for the 

company. 

Current Ratio – The current assets to the current liabilities, sort of a similar measure as the 

quick ratio but here the inventory is counted 

Cash Flow to Sales – Cash flows to total sales, compares the cash flow generated as an 

efficiency ratio from the total sales as sales might not tell the whole profitability, cash on the 

on the other hand show how much tangible money the company has 

Book Value per Share – The book value of the company divided by the amount of shares. 

The book value is the overall value of the company from the annual report and this is 

compared to the amount of shares the company has on the stock market. This could be seen 

about the company’s worth and how good they are yielding results for their size. 

Dividends per Share – Dividends are a payout to the shareholders of a company, this ratio 

measures the dividends compared to the total amount of shares. 

Earnings per Share – Net income to amount of shares the company has on the stock market, 

shows the financial performance towards their market share 

Dividend Payout per Share – Amount of cash paid out from the dividends compared to the 

total amount of shares 

Earnings by Total Assets – Retained earnings to total assets, similar to returned on assets but 

compares the retained earnings, meaning the earnings after interest, tax and amortization. 
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Operating Cash Flow to Total Assets – Similar to earnings by total asset but with operating 

cash flow, operating cash flow is the cash the companies has earned from their operating 

activities such as sales. 

Accurals – Retained earnings – operating cash flow, shows how much the company has 

actually earned from their products 
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Appendix B - Principal components outputs 

 

The principal components loadings 

  Eigenvalue Difference Proportion Cumulative 

1 5.22374706 1.88036915 0.1741 0.1741 

2 3.34337791 0.91982755 0.1114 0.2856 

3 2.42355035 0.67522963 0.0808 0.3664 

4 1.74832072 0.25802020 0.0583 0.4246 

5 1.49030052 0.18168588 0.0497 0.4743 

6 1.30861465 0.11957256 0.0436 0.5179 

7 1.18904208 0.03591072 0.0396 0.5576 

8 1.15313136 0.04971431 0.0384 0.5960 

9 1.10341705 0.10892684 0.0368 0.6328 

10 0.99449021 0.00391453 0.0331 0.6659 

11 0.99057568 0.04178282 0.0330 0.6990 

12 0.94879287 0.08353852 0.0316 0.7306 

13 0.86525435 0.04396475 0.0288 0.7594 

14 0.82128960 0.01821571 0.0274 0.7865 

15 0.80307389 0.03904501 0.0268 0.8136 

16 0.76402888 0.03215105 0.0255 0.8390 

17 0.73187784   0.0244 0.8634 

The proportion of the 17 principal components 

 

Prin1 Prin2 Prin3 Prin4 Prin5 Prin6 Prin7 Prin8 Prin9 Prin10 Prin11 Prin12 Prin13 Prin14 Prin15 Prin16 Prin17

Working_Capital_Ratio -0,104 -0,003 0,373 -0,013 0,055 0,018 0,167 -0,023 -0,034 0,005 0,112 0,012 0,108 -0,103 0,016 -0,436 -0,364

ROA 0,273 0,253 0,103 -0,145 -0,039 -0,025 0,014 -0,038 -0,012 0,029 0,053 0,009 -0,004 0,043 -0,088 0,031 -0,163

Debt_to_Assets 0,055 -0,010 -0,300 -0,019 0,171 0,418 -0,011 -0,173 0,254 0,197 0,205 0,103 0,074 -0,058 0,020 -0,171 0,003

Debt_to_Equity 0,083 0,058 -0,265 0,089 0,293 0,332 0,082 0,062 0,188 0,156 -0,020 0,193 0,075 -0,223 -0,185 -0,232 -0,182

Sales_to_Asset 0,080 0,002 0,116 -0,086 0,043 -0,142 -0,363 0,259 0,341 0,248 -0,080 -0,263 -0,041 -0,456 0,513 -0,041 -0,052

Sales_to_Receivables 0,031 0,051 -0,029 0,148 -0,112 -0,067 0,114 0,417 -0,019 0,216 -0,204 0,756 -0,043 0,023 0,173 0,112 0,090

Leverage_Ratio 0,013 0,016 -0,027 -0,030 -0,014 0,035 0,358 0,603 -0,191 0,045 0,091 -0,295 0,467 0,142 0,092 -0,113 -0,047

Operating_Expense_Margin 0,226 0,236 -0,023 -0,145 -0,080 0,089 -0,028 -0,031 -0,137 -0,038 0,112 0,027 0,168 0,009 0,107 0,265 -0,153

EBIT_to_liabilities 0,248 0,062 0,028 -0,119 -0,078 -0,209 0,036 -0,047 0,278 -0,159 -0,101 0,071 0,080 0,115 0,114 -0,268 0,438

Revenue_per_employee 0,039 -0,013 -0,004 -0,063 0,158 -0,024 0,284 -0,227 0,015 0,564 -0,563 -0,259 -0,041 0,284 0,019 0,089 -0,003
Dividend_to_earnings_per_sh

are
0,156 0,219 0,126 0,539 0,013 -0,025 -0,018 -0,036 -0,004 -0,023 0,002 -0,031 -0,127 0,156 0,094 -0,159 -0,111

enterprise_to_sales -0,039 -0,030 0,127 -0,003 -0,020 0,086 -0,237 0,195 0,646 -0,150 -0,059 -0,015 0,229 0,495 -0,217 0,137 -0,146

Cash_to_liabilities -0,023 -0,046 0,060 0,056 -0,074 -0,251 0,217 -0,069 0,200 0,462 0,691 -0,008 -0,086 0,140 -0,011 0,044 0,236

OI_TA 0,297 0,256 0,045 -0,162 -0,045 0,040 -0,077 -0,052 -0,067 0,079 0,115 0,047 0,025 0,033 0,005 0,190 -0,164
OPERATING_PROFIT_MAR

GIN
0,304 -0,374 0,093 0,045 0,015 0,039 0,020 -0,004 -0,028 -0,017 0,014 0,016 0,001 -0,008 -0,012 0,029 -0,046

PRETAX_MARGIN 0,310 -0,371 0,091 0,043 0,014 0,037 0,022 0,002 -0,029 -0,018 0,010 0,018 0,003 -0,011 -0,001 0,027 -0,034

QUICK_RATIO -0,169 0,021 0,457 -0,040 0,135 0,366 -0,062 -0,010 -0,065 0,052 0,029 0,063 -0,005 0,043 0,072 0,093 0,231
RETURN_ON_EQUITY___T

OTAL__
0,061 0,082 0,018 -0,104 0,061 0,165 0,356 0,365 0,200 -0,174 0,026 -0,191 -0,695 -0,080 -0,141 0,166 -0,039

RETURN_ON_INVESTED_C

APITAL
0,238 0,159 0,090 -0,198 0,000 0,049 0,122 0,046 -0,039 -0,102 -0,067 -0,026 -0,012 -0,021 -0,156 -0,415 0,325

NET_MARGIN 0,309 -0,373 0,093 0,044 0,014 0,039 0,019 0,004 -0,030 -0,015 0,011 0,021 0,000 -0,008 -0,004 0,034 -0,035

CURRENT_RATIO -0,142 0,031 0,484 -0,049 0,142 0,346 -0,048 0,004 -0,075 0,079 0,018 0,074 0,015 0,016 0,078 0,096 0,191

CASH_FLOW_SALES 0,296 -0,374 0,100 0,049 0,018 0,053 0,015 -0,003 -0,035 -0,006 0,013 0,024 -0,009 0,003 -0,010 0,045 -0,029

BOOK_VALUE_PER_SHARE 0,097 0,075 -0,002 -0,099 0,608 -0,251 -0,042 0,088 -0,056 0,056 0,019 0,041 0,084 0,041 -0,069 0,082 0,021

DIVIDENDS_PER_SHARE 0,075 0,114 0,041 0,397 0,129 -0,039 0,076 0,024 0,069 -0,045 -0,023 -0,161 0,309 -0,420 -0,336 0,380 0,298

EARNINGS_PER_SHARE 0,009 0,018 0,052 0,039 -0,612 0,230 0,149 -0,061 0,137 0,201 -0,134 -0,077 0,124 -0,206 -0,118 0,018 -0,013
DIVIDEND_PAYOUT_PER_S

HARE
0,152 0,214 0,120 0,554 0,024 -0,007 -0,021 -0,044 0,003 -0,020 -0,024 -0,100 -0,112 0,129 0,119 -0,141 -0,075

Earnings_by_TA 0,287 0,260 0,063 -0,143 -0,051 0,051 -0,029 -0,064 -0,037 0,070 0,090 0,039 0,008 0,039 0,052 0,157 -0,168

Cash_Flow_OP_TA 0,253 0,152 -0,036 -0,063 -0,051 0,128 -0,255 0,070 -0,108 0,081 -0,057 -0,062 -0,047 0,010 -0,148 -0,148 0,309

Accurals 0,029 0,087 0,147 -0,089 0,096 -0,112 0,496 -0,314 0,301 -0,302 -0,080 0,162 0,159 -0,182 0,260 0,104 -0,040

Eigenvectors
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Figure over how the principal components line up in a scree plot and how much variance they explain. 

 

 

Step Entered 

Partial 

F Value Pr > F 

Wilks' Pr < Average Pr > 

R-Square Lambda Lambda Squared ASCC 

      Canonical   

      Correlation   

1 Prin3 0.2123 116.18 <.0001 0.78767109 <.0001 0.10616445 <.0001 

2 Prin15 0.2273 126.67 <.0001 0.60859416 <.0001 0.19670058 <.0001 

3 Prin6 0.2049 110.82 <.0001 0.48388966 <.0001 0.25977812 <.0001 

4 Prin14 0.0670 30.82 <.0001 0.45149023 <.0001 0.27616900 <.0001 

5 Prin10 0.0651 29.85 <.0001 0.42212063 <.0001 0.29167239 <.0001 

6 Prin17 0.0589 26.81 <.0001 0.39726107 <.0001 0.30438595 <.0001 

7 Prin12 0.0575 26.11 <.0001 0.37441753 <.0001 0.31634184 <.0001 

8 Prin7 0.0571 25.89 <.0001 0.35303462 <.0001 0.33945076 <.0001 

9 Prin16 0.0455 20.36 <.0001 0.33696454 <.0001 0.34977453 <.0001 

10 Prin1 0.0454 20.27 <.0001 0.32167499 <.0001 0.35937873 <.0001 

11 Prin4 0.0434 19.34 <.0001 0.30770357 <.0001 0.36682311 <.0001 

12 Prin11 0.0437 19.44 <.0001 0.29425797 <.0001 0.37554365 <.0001 

13 Prin8 0.0417 18.48 <.0001 0.28199804 <.0001 0.39189665 <.0001 

14 Prin9 0.0148 6.39 0.0018 0.27781763 <.0001 0.39659878 <.0001 

15 Prin5 0.0095 4.08 0.0172 0.27516698 <.0001 0.39807685 <.0001 

16 Prin13 0.0071 3.04 0.0483 0.27320493 <.0001 0.40127143 <.0001 

Stepwise procedure when choosing our principal components for the analysis 
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Appendix C – Sample sizes of the groups 

  Observations Discriminant* Logistic* 

Safe 222 25 50 

Middle 463 25 50 

Risk 180 25 50 

 *Required sample size by assumptions 
Sample sizes of the groups and their required number of observations 


