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1. Initial Analysis of Financial Data

In the course of their daily work, financial analysts need to convert a considerable body of data into information that is useful in the decision making process and, when performing this task, they can make use of different tools. The availability of instrumental techniques has developed in parallel with the evolution of scientific disciplines such as Statistics, Operational Research and Computing. As an example of the high number of techniques that are available to us, and of their complexity, it is sufficient to run through the menu of any computer programme to which financial analysts have access. Such a programme brings advanced methods of numerical calculus or complex forecasting models within their reach. However, despite the growing complexity of these tools, a simple statistical analysis and just a few graphics could well make a significant contribution to the process of converting data into useful information or, at the very least, prepare the way for a more profound analysis. On many occasions, both analysts and users of financial and economic information only require to glance at the data and, given the huge volume of data that an analyst must handle, the exploratory methods could become more and more important in the analysis of financial information.


According to Chatfield (1985), the initial examination of data (IDA) is a valuable stage of most statistical investigations, not only for scrutining and summarising data, but also for model formulation. Indeed, it is often the case that IDA is sufficient, obviating the need for more sophisticated models. For Chatfield, these methods are generally undervalued, often neglected, and sometime actively regarded with disfavour. Many academics reject these analyses, considering them to be “ad hoc” or trivial, but the professionals -analysts, managers, etc.- appreciate them because of their intuitive character, to the extent that they are included in any executive information system.


Of all the IDA techniques, the most popular are the univariate methods, which treat each variable independently. By virtue of their visual impact we can cite, amongst others, the hystograms, the stem-and-leaf plots or the box-and-whiskers plots. These graphics provide complete visual information on the data and are extremely valuable exploratory techniques. However, if we are considering a large group of variables and companies, then they become insufficient and it will be necessary to employ multivariate mathematical techniques. Here, we can think in terms of cluster analysis (CA) or multidimensional scales (MDS), amongst others. CA is used in specific situations where we are interested in grouping together a body of entrance patterns where a priori we have no clear idea of their relationships. It groups the initial data into various groups and sub-groups, which are represented graphically in a figure known as a dendogram. MDS attempts to produce geometrical representations of the data set. Starting from a distances table, it graphically represents the points in a series of maps that summarise the main features of the data. These pictorial representations are easy to interpret and use.


In this Chapter we consider the possibility of using self-organising maps (SOM) as a complementary technique for IDA. As we have already noted from the detailed descriptions contained in the first chapters of this book, SOM takes an initial data set to which it applies a process known as self-organisation. It can be extremely useful as an IDA technique with financial and economic information, allowing the data to speak for themselves. When financial information on a group of companies is introduced, these companies will be self-organised in such a way that those with similar financial characteristics will be located close to one another on the map. Additionally, SOM allows us to study the evolution of a company over time by introducing information coming from different accounting periods, to place it in relation to its competitors and to prepare sectoral maps, as well as offering us many other possibilities which we shall go on to consider.

In this Chapter we shall apply SOM to company solvency, to bond rating, to the strategy followed by the company in relation to the sector in which it operates on the basis of its published accounting information, and to the comparison of the financial and economic indicators of various countries. Naturally, allowing the data to speak for themselves does not mean that this analysis is sufficient. All IDA is an important step within any piece of empirical research, but it is no more than a first step and it must be completed with other analyses. In this Chapter we shall study the integration of SOM into a decision support system (DSS) that is useful for predicting the probability of company bankruptcy. Employing SOM does not imply that the use of other well-known techniques is renounced; rather, it is very productive to complement it with other tools. Indeed, we will complete and compare SOM with multivariate statistical models such as Linear Discriminant Analysis (LDA), as well as with neural models such as the Multilayer Perceptron (MLP).

2. SOM as a Tool for Initial Data Analysis. Some Financial Cases

We will now briefly describe a number of practical cases of the use of the SOM as a tool for IDA. In each case, we will consider certain specific objectives, namely the classical applications for the external analysis of quantitative financial information. After a short presentation of the data, always taken from data bases to which there is public access, we shall apply SOM as an IDA technique. In these examples we have employed all available variables and cases, without carrying a prior selection of the variables or discounting patterns that might present atypical values. The only change that has been applied to the financial variables is their standardisation to mean zero and variance 1, in order to avoid the problem that is raised when these variables are measured on different scales.

The Euclidean distance has been used for the similarity measure. Although it is possible to think of many ways of comparing individual companies, the easiest is to calculate the Euclidean distance between them using standardised ratios as variables. Any two companies with very similar ratio structures will show a small distance between their standardised ratios and will appear close to one another on the SOM. The converse will also be true; if two companies have very different ratio structures, the distance between their standardised ratios will be large. 

As we will see, in some cases the view provided by the maps is almost sufficient enough for the results to be interpreted. However, we must keep in mind that the SOM is not a panacea and, therefore, we have always completed this analysis with other tools. There are many other traditional statistical techniques that are more suited to solving some aspects of a problem, namely univariate or multivariate analysis, and the best method for solving each particular aspect should always be chosen.

2.a) From Financial Information to Corporate Strategy

The objective of this first case is to study the strategic positioning of the Spanish Savings Banks on the basis of their published financial information. The Savings Banks play a very important role in the context of the European Union. Their market share is approximately 25% of the external funds of the financial system. This percentage is even higher in Spain, some 43%, and has not ceased to grow in the last few decades, with its total now reaching some 25,000 million US dollars. This sector is not only important, but also highly successful, when account is taken of its profitability, its immunity from crisis and the solid image it offers to its customers. It is a sector dominated by a small number of institutions. Attemps have been made to break down barriers to competition, particularly in the framework of the EU. For this reason it has been targeted by competitors from other countries, and many foreign institutions have set up offices in Spain. The Savings Banks are even now immersed in a merger process in which many of them are involved. They will have to meet new challenges, and in the context of EU construction, many questions can be posed with respect to their future.


One of the most interesting approaches that can be adopted when investigating a sector is the concept of the strategic group, with this being defined as a group of firms in an industry which have many similarities in their cost structure, levels of diversification and systems of organisation, as well as the provision of incentives. The strategic group is a unit larger than the firm but smaller than the sector. Each sector can have different strategic groups within it, depending upon the strategy followed by the companies which make it up. A knowledge of the strategic groups within a specific industry is useful for the companies. If a particular company wishes to change its strategic positioning, it must have a prior knowledge of the fundamental problems it will have to face when designing an appropriate plan of action. This knowledge might also be useful for those companies who are considering entering this sector, in order to evaluate its interest or attraction, to know with greater certainty the opportunities for future profits and to take advantage to the greatest extent of the possible structural changes that might take place in the sector.

In our example, the strategic groups have been obtained using data drawn from the financial information supplied by the Spanish Savings Banks. The data employed in the study is taken from the Statistics Yearbook of The Spanish Confederation of Savings Banks in its Annual Report on the results of the sector, and it corresponds with the public information on each entity for 1991. We have used 30 financial ratios, which attempt to capture profitability, capital structure, financial costs, risk structure, etc. The companies analysed are the 56 Savings Banks that were operating in Spain in that year. The input variables have been standardised to mean zero and variance 1 and the Euclidean distance has been used for the similarity measure. The Kohonen neural model has been applied in the search for the self-organisation of these Savings Banks. The first results show where each Saving Bank is situated on the map after the training, see Figure 1.
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Figure 1. A) The Spanish Savings Banks have self-organised according to their geographical distribution. B) Strategic groups.


An examination of this map provides powerful insights into the strategic groups of the sector. Readers who have some knowledge of Spain and its cities will note that the Savings Banks are distributed throughout the map according to the geographical area in which they operate. The three Basque Savings Banks are located in the upper part, mirroring their real location in Spain. Various Catalan, Valencian and Balearic Savings Banks are grouped to the right. The central zone corresponds to the area of Castile, with Madrid in its centre, whilst the Andalucian Savings Banks are found to the South. Although not occupying the geographical position which corresponds to them, the two Savings Banks from Estremadura and, in turn, those from the Canary Isles, appear close to each other on the SOM. Bearing in mind that the data does not contain any information of a geographical type, it is truly surprising that its self-organisation results in an image that is very similar to the map of Spain..

 
Turning now to Cluster Analysis (CA), this has proved to be useful in delimiting the groups. When studying the results provided by CA, the SOM results were confirmed and detailed with greater precision. Seven strategic groups have been obtained, with these corresponding to a further seven Spanish macro-regions, to which the following names have been given: I, Crown of Aragon; II, Al Andalus; III, North-West; IV, Centre; V, Estremadura; VI, Canary Isles and VII, Basque. Naturally, the correspondence between geographical position and strategic group is not exact for all the Savings Banks.


Why have the Savings Banks been grouped together in this manner? Spain is divided into 50 provinces, grouped into 17 Autonomous Regions, with each region enjoying a certain degree of self-government. This regional division, although somewhat recent, in that it flows from the Constitution of 1976, tries to reflect the traditional division of Spain into natural and historical regions. The country divides itself into a number of natural regions; at least four different languages are spoken in Spain; there are significant differences between the North and the South, as well as differences in salary and in cultures. Furthermore, all the Autonomous Regions have their own jurisdiction over matters pertaining to their Savings Banks. However, none of these factors have been introduced into the SOM, which has only been supplied with data taken from the Balance Sheets and Profits and Loss Accounts of the Savings Banks being analysed. What this means is that the Savings Banks belonging to these strategic groups which, as can be seen, coincide with the Regions, follow the same strategy and, as a result, have similar margins, profitability, levels of bad debt, solvency and productivity ratios, a similar financial structure, etc.


The strategic groups detected by way of this empirical study have revealed the importance of the regional component. According to many specialists and Savings Banks Managers, it is this strategy of "territorialism", maintained up-to-now by almost all them, that has been the differentiating factor which has contributed to the growth and strengthening of this group of financial entities. Territoriality is the key factor from which the Spanish Savings Banks draw their strength. Their social objectives, as non-profit making entities, another of their distinctive factors, is also closely linked to this factor.


In order to complete the study, we need to know the strategy followed by the Savings Banks belonging to the different strategic groups. To that end, we have calculated the average value of each one of the financial ratios for each strategic group and then carried out a bivariate analysis of ratios which has assisted in identifying the features corresponding to each group. The values of each pair of ratios have then been represented in graphic form. Figure 2 shows an example of two of these graphics, illustrating Financial Margin versus Economic Profitability and Employee Productivity versus Personnel Expenses, respectively. It further shows the level of technology employed, as illustrated by the number of auto-tellers over the number of employees.
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Figure 2. A simple example of the bivariate analysis of ratios. A) Financial margin versus economic profitability. B) Employee productivity versus personnel expenses.


For the sake of brevity we do not propose to describe the bivariate study of ratios, although we shall give some consideration to their results. We have given the name "Leader" to the strategy followed by the Savings Banks of the Centre zone, because these are the most productive, solvent and technologically advanced. "Dolce vita" can best describe the strategy followed by the Estremadura Savings Banks, as they enjoy very good results, and maintain very high margins. For the Basque group, the strategy has been called "Europe", on the basis of their low margin, high productivity, and the highest personnel costs, which we put down to a high degree of competition. "Moderation" is the key word to identify the strategy followed by the North-West group. The Crown of Aragon group occupies an intermediate position between the Basque and Centre groups, and we have called its strategy "Resistence". For the Al Andalus strategic group, with high financial margins, low profitability and a lot of bad debts, the name we have chosen is "Risk". Finally, for the Canary Isles group, their strategy can best be described as "Isolation", in that this group presents singularities which derive from its island nature, with scarce competition from other banking institutions.


The study was completed with information from the year following the chosen year of study and here, as a special circumstance, the data base was incomplete because two of the ratios could not be supplied. This situation, which is a serious inconvenience in many analysis techniques, is not so for the SOM, which simply calculates the distances between the firms without taking the value of this lost ratio into account. In this study the displacement of certain Savings Banks, which are modifying their strategy, could be observed. 

2.b) Visual Diagnosis of the Financial Situation of Companies. The Self-organising Solvency Map


In this new case we describe the capabilities of SOM to produce an image of the financial state of a wide set of companies. The basic objective is to analyse their solvency. The SOM will be used to make a visual diagnosis of the situation of a set of companies belonging to the same sector. In the earlier example of the Savings Banks, these entities were grouped together according to the similarities in their economic-financial structure. The same is the case in this example, but with the difference that we start from a sample which contains companies in financial difficulties and others that are solvent. By way of the self-organisation of this sample, our aim is that the companies in difficulties are grouped together in such a way that it is possible to distinguish them from the healthy companies.


The data refers to the Spanish banking crisis of the early 1980’s, following the work of Martín and Serrano (1995) and has been taken from the “Private Banks Statistical Yearbook” published in 1982. The sample contains information on 66 banks, 29 of them bankrupt. From amongst the many financial ratios available to us we have used just 9, selected by means of linear regression because of its statistical significance. Every ratio has been standardised to another of mean zero and variance 1. The Euclidean distance between the financial ratios has been employed as the measure of similarity. Figure 3 shows the results of the self-organisation of these banks.
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Figure 3. A) Numbers 1 to 29 are banks in financial difficulties that subsequently went bankrupt. The self-organisation of these banks has discriminated between the solvent and the bankrupt. B) From A) it is possible to distinguish two areas in the so-called self-organising solvency map.


The unsupervised network has discovered similarities between patterns and has clustered similar patterns together. We can see how the banks that went bankrupt have located themselves to the right of the map, whilst the solvent have located to the left. Note that we have not provided information about the solvent or bankrupt state of every bank. The network itself, without any supervision, has found features in the input data that differentiate both situations. We call these Self-Organising Solvency Maps, discussed earlier in Martín and Serrano (1993). An interesting feature that can be seen in Figure 3 is the clustering of The Big Seven, as the seven biggest Spanish banks were then known: banks 60 to 66 in the figure. Following the terminology of Section 2.a), these seven banks form a true strategic group, characterised as being large-scale, very influential and solvent banks, although not the most profitable.


The advantage of a graphical representation is that a clear explanation can be given for the classification of a bank into the bankrupt or solvent set, and in the case of the banks that form part of the analysis, a clear picture does indeed emerge. By means of SOM we can see the financial situation of a bank in a particular year, by showing its pattern to the trained network and looking at the more activated neurons on the map. If these are located in the crisis zone, the bank is in a critical situation; if they are in the solvent area, then it is solvent.


One of the first applications of SOM was developed by Kohonen himself, namely the phonetic map, which is obtained by training a self-organised map with Fourier’s transforms of the phonemes of a language, Finnish in the case of Kohonen’s original work (1989 and 1990). When a word is pronounced, the neurons are stimulated in a sequence that is represented in a trajectory such as that shown in Figure 4.a). This Figure shows the trajectory obtained when pronouncing the Finnish word “humppila”. Connecting this system to a microphone allows us to use SOM as an automatic voice recognition system.
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Figure 4. From the phonetic map to the solvency map. Time evolution of a bank up to its bankruptcy.


We can do something similar to the phonetic map with our solvency map, namely observe the evolution of a bank, by introducing the financial information from various years. If it clusters with the failed banks, then it must be treated with care, on the grounds that its financial structure is not different from that of other banks that have failed in the past. If it clusters with non-failed banks, that concern disappears. In Figure 4.b) we study the evolution of a particular bank, the “Banco de Descuento” over a period of eighteen years. Note that between 1973 and 1976, the bank is located in the solvency zone. In 1977 it is introduced into the bankruptcy zone and three years later, in 1980, it went bankrupt. After several years, during which it was technically bankrupt, it was re-organised and in the map it is introduced once again into the solvency zone. However, in the final years of the 1980’s it returns to the bankruptcy zone and it did indeed go bankrupt a second time in 1990.


We must take particular care when a bank is located in the frontier region between the bankruptcy and solvency zones. The advantage of the SOM representation is that this region is quite evident. However, given the importance of specifying these zones with the greatest possible precision, Section 3 of this Chapter will be dedicated to the integration of the SOM into a Decision Support System (DSS) which combines various multivariate mathematical models that are widely used in the study of business solvency.

2.c) Bond Rating: an SOM Approach


Another of the classical applications of financial analysis is the evaluation of the financial risk of bond issues. The objective of this Section is to develop an SOM that is useful for potential investors. We will concentrate on the Spanish bond market. According to Standard and Poor's (1995), it is the fourth in size in the European Union in terms of private debt, after the United Kingdom, France and Germany. The evaluation of credit risk is rapidly becoming an important issue, particularly after recent cases of bankruptcy, some of them involving well known issuing institutions.


Bond ratings represent the opinion that specialised firms have of the relative ability of an issuer or lender to meet its interests or repayments promptly. Such ratings are, therefore, a useful service which could be of relevance when making investment decisions, since it provides information on risk. Even if the ratings are mainly a service to the investor, their existence benefits all the agents in international financial markets: issuers, financial intermediaries and market regulators. Financial risk is measured by means of a symbolic scale reflecting the level of risk, both long term and short term, which is associated with an issue of debt. The higher the risk of default on the bond, the lower the rating given.


Bond rating companies claim that financial and non-financial information are taken into consideration when producing a rating. They mention factors such as the competitive position of the issuer, its business plan, its management strategy, its future investment plans, and any external circumstance that may affect its future solvency. They also mention that financial statement analysis plays an important part, although they accept that no clearly defined criteria exist on how this is taken into account. Attempts have been made to predict bond rating from financial and non-financial information using statistical models; some examples are Pogue and Soldofsky (1969), Pinches and Mingo (1973), Ang and Patel (1975). These studies have attempted to test the predicting ability of a small number of explanatory variables. For this reason, the most frequently used tools have been multiple regression and Discriminant Analysis. More recently, Artificial Neural Networks have been employed for this purpose, see for example, Dutta, Shekhar and Wong (1994), Singleton and Surkan (1995), and Moody and Utans (1995).


We will study the Spanish banking sector in 1993. In that year, it contained 167 institutions. Banks with only one or two offices were removed from the sample, which led to the exclusion of all non-EU foreign banks, although Spanish subsidiaries of foreign banks were kept in the sample. This process reduced the sample to 88 institutions, which accounted for 99.03% of all deposits. We have tried to include variables that reflect the whole spectrum of financial aspects which would be of interest to the analyst. These have resulted in 24 financial ratios obtained from the Balance Sheet and the Profit and Loss Accounts, which attempt to capture profitability, capital structure, financial cost, risk structure, etc. The financial data used was published in the Yearbook of the Higher Banking Council of 1993, see Mar, Apellániz y Serrano (1996). The dissimilarity between any two banks was calculated as the Euclidean distance between standardised ratios.


Figure 5.a) shows the results of the self-organisation. On the basis of this map, and with the support of our prior knowledge of the sector, we can make a number of observations. First, the zones are not as clear as in Section 2.b), where bankrupt and solvent entities were available to us. Thus, it will be necessary to complete the information provided by the SOMS’s with other external information that has not been used earlier. In Figure 5.b) we have superimposed the debt classifications given in 1993 by Standard & Poor’s to various entities in the Spanish banking system. S&P ratings are given in the form of an ordinal scale ranking from A-1 for the best to D for the worst. Unfortunately, in 1993 S&P classified just a few institutions in Spain. Only A-1 and A-2 ratings were available. Within the A-1 category, a plus sign (+) has been added to the issues considered to be of a very high quality. Figure 5.b) shows how the banks classified with an A-1 are found on the upper right hand side of the map. We can conclude that this is a zone of low financial risk.
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Figure 5. A) Self-organised map. B) Superimposed ratings given by Standard & Poor’s. C) Superimposed Cluster Analysis. D) State-owned Banks


The only A-2 classification is the Banco Español de Crédito, located on the upper left hand side. This bank was the subject of intervention on the part of the Bank of Spain on 28th December 1993 and this fact was already mentioned in the 1993 Annual Accounts. S&P rated it as A-1 under a negative credit watch in June 1993. This was lowered to A-2 just a few weeks before it was the subject of intervention. Moody’s also lowered its rating. A detailed analysis of the banks in the upper zone of the map shows that their Balance Sheets reflect numerous bad debts. In order to delimit this zone with greater precision, we have complemented the SOM with CA. The results of the CA reveal the existence of a cluster made up of banks with serious financial problems located on the upper left hand side of the SOM. In Figure 5.c) the banks which form this cluster, 4, 51, 55, 67 and 82, have been circled. Note how the Banco Español de Crédito (4) forms part of this cluster.


The use of SOM’s as a support tool in bond rating can be employed when estimating the level of financial risk of those banks that have not been classified by agencies such as S&P or Moody’s. We know the recent history of the Spanish banks and can confirm that the model has shown itself to be quite efficient. Cantabria (82), located towards the upper left hand side of the map, and belonging to cluster I, has suffered a substantial amount of distress in recent times and was re-structured under a new name in 1995. The Banco Abel Matutes (51), another bank in the same cluster, was re-structured in August 1994 and merged with Catalá de Credit (32). The only one of the 88 banks which has been removed from the Official Bank Register is the Banco de Inversión y Servicios Financieros (77). This took place in 1994. It can be found on the left of the map.


In Figure 5.d) we have superimposed a new piece of data, namely the six banks that were fully State-owned at that time. Four of these, Corporación Bancaria (88), Exterior (83), Hipotecario (85) and Crédito Local (86), have a rating, with all of them being given the highest ranking of A-1+. Note the position of Crédito Local, close to the cluster of banks with financial difficulties, as well as the atypical position of Corporación Bancaria. State Given their position in the map, lower ratings should be expected. It is clear that the guarantee of the is important for the rating agencies. However, these banks are currently in the middle of a privatisation process, and it is expected that the State will limit its ownership to 25.01% of the shares. In fact, all four banks appeared under a negative perspective in July 1995, and the S&P agency explicity stated that the cause of this outlook was the impending privatisation.

2.d) The Economic Convergence of the EU Member States


The construction of the European Union is an historical event of the first order. One of the greatest concerns is to determine the economic conditions that are prevailing in the countries that will participate in this trans-national adventure. This is the objective we have set for ourselves in the next practical case, namely to analyse the similarities and differences between the countries involved in the construction of the EU. In order to acquire this knowledge we will compare the main economic-financial indicators of each country.


As a prior step we have selected a set of indicators that synthesise the economies of the countries involved. We have chosen as variables the macro-economic indicators that the European politicians agreed to include in the Maastricht Treaty. The spirit of this Treaty is that the economies of the EU Member States should converge in such a way that integration is achieved without friction. To measure this convergence, the Treaty has fixed the following criteria. First, the achievement of a high degree of price stability, which will be apparent from rate of inflation. Secondly, the sustainability of the governments' financial position. This will be apparent from having achieved a government budgetary position without a deficit that is excessive. Thirdly, the observance of the normal fluctuation margins provided for by the Exchange Rate Mechanism of the European Monetary System, for at least two years, without devaluing against the currency of any other Member State. Finally, the durability of convergence achieved by the Member State and of its participation in the Exchange Rate Mechanism of the European Monetary System, being reflected in the long-term interest rate levels.


As a source of information we have used the data corresponding to 1995 as provided by the European Commission. The dissimilarity between any two countries has been calculated as the Euclidean distance between standardised macro-economic variables. Figure 6 demonstrates the results of the self-organisation of the countries using these variables. The results of a CA have been superimposed over the SOM.
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Figure 6. Self-organisation of the 15 EU Member States, using the macro-economic variables proposed by the Maastricht Treaty. The results of a CA have been superimposed.


In order to delimit the regions with greater clarity and to interpret the results, we should study the synaptic weights. We can obtain three maps, one with the maximum synaptic weights, one with the minimum and one with the greatest synaptic weights in absolute value for each neuron. Figure 7.a) contains the map which shows the greatest synaptic weights in absolute value. For each neuron of the map it indicates the feature, be it positive or negative, that has impressed it most. It is useful to determine both the aspects that each country must improve, as well as their strong points.
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Figure 7. A) Synaptic weights maps. It shows, for each neuron, which variable provokes the greatest response. The variables which stand out in the negative sense are shown in brackets. B) We can determine which variable dominates over one or other zone of the map.


From both Figure 6 and Figure 7, we can note that Spain and Portugal, two countries that are geographical neighbours, appear close to one another in the SOM and also belong to the same cluster. The most obvious feature according to the synaptic weights map is that of inflation. Indeed, the reduction of inflation, then running at more than 4%, was fixed as the key objective for 1995 and subsequent years by both national Governments. Lying very close to these countries we find Italy and Greece, both in the SOM and in reality, as fellow Mediterranean States. The most obvious feature for these two countries are the high rates of interest. It is perfectly understandable that the countries are self-organised according to their geographical location. There is clearly a Mediterranean Europe, made up of Spain, Italy, Greece and Portugal. In recent years this area has been characterised in economic terms by its higher levels of both inflation and interest rates. In the upper right hand corner of the map we find Sweden, regarded as a model country in terms of social services, but which suffers from public deficit problems. Belgium, located in the upper left hand corner, has its high level of public debt as a weak point. By contrast, and so far as strong points are concerned, Finland stands out by virtue of its low level of inflation, Austria for its low rates of interest, and countries such as Germany, Holland, Ireland and Luxembourg because of their low public deficit, with the latter even running a surplus.


Ever since the signing of the Maastricht Treaty, the EU Member States have been making an effort to ensure that these indicators are met. Sometimes, the effort devoted to these macro-economic variables has been to the cost of other economic indicators, and the question is increasingly being asked of whether what is being indicated by these variables is really so important. In our view, the situation of the real economy, of the companies that operate within it, and indeed of European citizens in general, is just as important as the convergence proposed by politicians. Following this line we must raise a number of further questions. Are the companies operating in the different EU countries sufficiently prepared so as to compete on equal terms?. Would it not have been more important for governments to have been concerned with increasing the productivity and profitability of these companies, or increasing investment in research and technology?. Against this background, in the second part of this case we will use data on productivity, profitability, etc. in the EU Member States, obtained from the Balance Sheets and Profit and Loss Accounts of the companies of each country, before turning to the self-organisation of these countries on the basis of the said data.


Therefore, we find ourselves dealing with a case of the analysis of financial statements in an international context and, in these circumstances, a prior requirement is the availability of homogenous financial information on the companies operating in each country. The differences in the accounting practices followed from country to country means that it is risky to compare the financial information of their respective companies. In our practical case, this information has been obtained from the BACH data base, a project launched by the European Commission, which seeks to homogenise the aggregate financial data information of each country and place it at the disposition of users. This project is based in the Central Balance Sheets Offices, an official service which operates in each of the EU Member States. This ofices are responsible for gathering the Balance Sheets and Profit and Loss Accounts of companies opierating in various sectors, in order to analyse the economic-financial situation of these sectors in each country.


The EU Member States participating in the BACH project in 1994 were Germany, Austria, Belgium, Spain, Finland, France, Italy, Holland, Portugal and the United Kingdom. We use the 16 financial ratios which form the BACH data base. These ratios explain the economic results of industrial companies for each country in relation to the resources employed (gross profit, net profit and financial return), their relative costs (intermediate consumption, personnel costs and financial charges) and their financial structure (equity, indebtedness, debt structure and provisions). Figure 8 contains the SOM and, as in the earlier case, the results of a CA have been superimposed. Figure 9 reflects the synaptic weights map.
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Figure 8. Self-organisation of 10 EU Member States, using the financial information provided by the BACH data base, with a CA superimposed.
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Figure 9. A) Synaptic weights maps. B) We can determine which variable dominates over one or other zone of the map.


As we can see, Spain, Italy and Portugal are located close to one another on the map and appear to form part of the same conglomerate. Their high financial charges stand out, which is coherent with the high interest rates shown on the map obtained using the Maastricht macro-economic variables. Furthermore, the strong proportion of short-term debt in their indebtedness ratios makes them very sensitive to changes in short-term interest rates. The opposite is the case with Belgium and France, which form a separate conglomerate. Finland is also characterised by the debt structure of its companies, where practically half of the debt is long-term. Another conglomerate is formed by Holland and the United Kingdom, countries where the high levels of added value and productivity can be noted.  Ratio 15 includes provisions for pensions as its most important item. In this respect, companies operating in EU countries such as Germany and Austria accumulate important resources in their provisions. More than 30% of the total Balance Sheet of German companies is occupied with these items, whilst in Austria the proportion is 20%. The remaining countries rarely allocate funds to provisions for liabilities.

3. 
Integrating SOM into a Decision Support System


The prediction of company failure is one of the most important functions of Financial Analysis. Usually, the analysis of the financial state of companies is made from ratios obtained from the financial data published by these companies, to which conventional methods based on univariate or multivariate analysis are applied. Multivariate statistical models, such as discriminant analysis, logit, or supervised neural networks, such as the multilayer precepton, are particularly worthy of mention because of their popularity. What all these methods have in common is that they seek to obtain a ranking that is easy to interpret as an indicator of company solvency. In our view, whilst this indicator is useful, it is not free from drawbacks given that the information it supplies is very basic. It could be the case that various companies with very different financial structures present the same value for the solvency indicator. It is not easy to determine the financial features which characterise a company or the problems it faces on the basis of its solvency indicator alone, and it is necessary to complement it with another analysis.


Our proposal is to use the capacity of the SOM to demonstrate the financial situation of companies in a graphic and intuitive form, as we have already done in earlier Sections, but then to go on to complete this analysis with other well known techniques. Therefore, in this Section the main objective is to develope a Decision Support System (DSS) for the prediction of corporate bankruptcy which integrates the SOM with other conventional methods based on multivariate analysis.


The data base used in this study contains five financial ratios taken from Moody's Industrial Manual from 1975 through to 1985 for a total of 129 US firms, of which 65 are bankrupt and the rest solvent. This data base was also employed in the work of Rahimian, Singh, Thammachote and Virmani (1993). In that work the sample was randomly divided into two groups, the first made up of 74 firms, used for training, and the second of 55, used for testing the models. We proceeded in the same way in our study, see Serrano (1996). The ratios employed coincide with those selected by Altman (1968) in his pioneering work on the prediction of failure: r1=Working Capital/Total Assets; r2=Retained Earnings/Total Assets; r3=Earnings Before Interest and Tax/Total Assets; r4=Market Value of Equity/Total Debt; r5= Sales/Total Assets.


The input variables have been standardised to mean zero and variance 1. The Euclidean distance has been employed as the measure of similarity. As in the earlier case where we studied bankruptcy in the Spanish banking sector, we first obtain the self-organised solvency map. Figure 10 shows the patterns which most activate or stimulate each neuron. Note how this map has been obtained in a manner different from that of Figure 3, which was limited to showing the location of each company on the map.
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Figure 10. A) The SOM. It shows, for each neuron, the firm which gives the strongest response. 1 to 36 are solvent firms; 37 to 74 contain information for one year prior to the incidence of bankruptcy. We can see two main areas, one consisting of neurons that have tuned to the bankrupt companies, and the other of neurons that have tuned to the solvent ones. B) The Solvency Map.


It is possible to delimitate two regions on the map with sufficient clarity, one corresponding to the solvent firms and the other to the bankrupt ones. However, the vision provided by the solvency map is not sufficient, in that we do not know how the grouping has been carried out, which variables have been the most relevant in the decision taking process, etc. A study of the synaptic weights helps us to determine which variables dominate over one or other zone of the map. The map represented in Figure 11 indicates, with respect to each neuron, which variable has become specialised in recognition, that is to say, which positive or negative feature has impressed it most. From a study of the synaptic weights we can surmise a series of regions on the map: high earnings, low liquidity, etc. The upper right hand zone of the map corresponds to high earnings ratios. The lower right hand zone of the map are firms with high r4, whilst the lower left hand zone corresponds to low values of the 4 ratios. Ratios 2 and 3 contribute with greatest clarity to the delimination of the bankrupt region. As expected, almost all the firms found in the bankrupt zone show patterns that are characterised by low earnings, whilst these are high for solvent ones.
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Figure 11. A) Weight Maps. Showing, for each neuron, which financial ratio provokes the greatest response, in absolute values. B) Financial features.


We know that in the neural network the firms which are close to one another are firms which present similar patterns and that, by way of a study of the synaptic weights, we can obtain regions on the map. However, this might not be sufficient in order to clearly determine the frontiers between the firms. We also know that it is useful to complement the self-organising solvency map with CA, and we have circled those groups over the map (see Figure 12).
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Figure 12. Superimposition of the three clusters onto the Solvency Map. The trace of the strongest line divides the plane into solvent and bankrupt firms.


From a study of the CA we can detect ten groups. Note how in the bankruptcy zone there are five complete groups, whilst in the solvency zone there are three. One group in the upper left hand corner includes two companies, one solvent and the other bankrupt, inviting us to be prudent with the companies that are located here. Furthermore, there is a central zone that gathers both solvent and bankrupt companies, which appears to confirm the existence of an undetermined intermediate zone.


External information, which has not been used to create the SOM, can now be added in a structured way in order to explore its relevance. We can combine SOM with Linear Discriminant Analysis (LDA), the most popular mathematical model applied to the prediction of corporate failure. The objective of LDA is to obtain an indicator (Z score) which discriminates between two or more groups. An LDA has been carried out on the data used in this work. Thereafter we have obtained the Z score for each firm and then superimposed this indicator onto the SOM. This has allowed us to obtain some regions made up of firms whose solvency is similar according to the LDA. These regions have been given the name isosolvency regions; these are four in number and can be seen in Figure 13a. Note that the two isosolvency regions higher than 7 belong to the solvency zone and, similarly, how the isosolvency region lower than 2 is included in the bankruptcy zone. Finally, the central zone groups firms with Z scores between 2 and 5.
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Figure 13. A) Superimposition of the results of Linear Discriminant Analysis (LDA) on the Solvency Map. B) Isosolvent regions


Another neural model, the Multilayer Perceptron (MLP), can also be used to obtain the isosolvent regions. This model has the common objective with LDA of obtaining a Z indicator which can be used as a measure of the solvency of the companies and is also capable of separating non-linear patterns. In fact, LDA is a particular case of the single layer perceptron.


With this DSS, and despite the complexity resulting from the combination of different tools, it is very easy for a final user to evaluate the solvency of an entity by introducing no more than the values of its ratios. The model shows us, first, whether the firm is in the solvency or bankruptcy zone and, then, by studying the map of the regions, which financial features stand out. Furthermore, it shows us to which cluster the firm belongs and which firms present similar ratios. Finally, it shows us whether the firm belongs to one or other of the isosolvency regions, according to LDA or MLP.


The usefulness of this approach is demonstrated by analysing the first firm in the test data set. The ratios for this firm had not been used to train the network, thus no neuron in the output layer is expected to exactly represent it. However, those output neurons that are associated with firms which are very similar to the test firm will be strongly stimulated, whilst those that are associated with dissimilar firms will have low stimulation. We have introduced the ratios for this firm onto the SOM and we have obtained the map which appears as Figure 14.
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Figure 14. Test firm number 1. The intensity with which the neurons are stimulated is indicated in different shades of grey. The figure shows a typical screen of the computer software developed for this exercise


The information supplied by the DSS is quite full and the neurons which are stimulated by its presence are various. The intensity with which they are stimulated is indicated in different shades of grey. Note that nearly all of them are neurons that are specialized in recognising solvent firms. To be exact, the winner neuron is in the solvency zone which, from a study of the synaptic weights, is the zone with a very high ratio 2 and quite high ratios 1 and 3. With respect to the cluster analysis, the winner neuron is found in group III which includes the solvent firms. Furthermore, the three or four neurons which are in greatest syntony with pattern number 1 are in the zone of isosolvency close to 10. On the basis of all this, we can conclude that it is a solvent firm.


As its principal advantage, this DSS provides a complete analysis which goes beyond that of the traditional models based on the construction of a solvency indicator, also known as the Z score, without renouncing simplicity for the final decision maker.

4 Conclusions


In this chapter, we have used self-organising maps (SOM) as a complementary technique for Initial Data Analysis (IDA). The SOM has shown itself to be very appropriate as an IDA technique for financial information, in that it allows the data to speak for itself and permits the synthesis of the principal features of a broad group of variables in a graphical and intuitive form. We have applied SOM to five financial cases.


The objective of the first case was to study the strategic positioning of the Spanish Savings Banks on the basis of their published financial information. The self-organisation allowed for the identification of the existence of profound regional differences in this sector. Seven strategic groups were obtained, with these corresponding to a further seven Spanish macro-regions. The policy of expansion of Spanish Savings Banks from their home regions into other Autonomous Regions, which has not always met with success, is currently the subject of debate. It is probably the case that the regional differences that are so characteristic of Spain have not properly been taken into account. In this context, the foreign financial entities, most of them from the EU, that are opening branches throughout the country should themselves be aware of these peculiarities of the Spanish financial sector, which are nothing more than an extension of the rich cultural, linguistic, geographical and social variety of present-day Spain.


In the second case we have used the capabilities of SOM to produce an image of the financial state of a wide set of companies. The basic objective was to analyse their solvency. The data refers to the Spanish banking crisis of the early 1980’s. The SOM has discovered similarities between patterns and has clustered similar patterns together. Banks that went bankrupt located themselves to the right of the map, whilst the solvent located to the left. To these applications of visual intelligence for financial analysis, we have given the name Self-Organising Solvency Maps.


In the third case, we have studied the ratings allocated by rating agencies to the Spanish banks. The use of SOM’s as a support tool in bond rating can be employed when estimating the level of financial risk of those banks that have not been classified by rating agencies such as Standard & Poors's or Moody’s. In order to assign the ratings with greater precision, we have complemented the SOM with Cluster Analysis (CA).


The objective of the fourth practical case was to analyse the similarities and differences between the countries involved in the construction of the EU. First, we have selected a set of macro-economic indicators of the countries involved. In the second part we have used data obtained from the Balance Sheets and Profit and Loss Accounts of the companies of each country. With the proviso that, as an academic teaching in a Department of Accounting and Finance, the view of this author is subjective, he considers this latter approach, which uses data taken from companies, to be more important than the former, where the data is macro-economic in nature. What is more, it is his view that there can be no real convergence until we have a Europe that is a true reflection of its citizens. This invites the preparation of a new SOM employing data which show the differences and similarities that exist between European citizens: the average wage, the consumption of wine and beer or of olive oil and butter, the rate of unemployment, how they use their leisure time, etc.. If we Europeans learn more about each other, we can converge in the positive aspects whilst maintaining our rich social and cultural diversity.


Finally, we have described a complete Decision Support System (DSS) for financial diagnosis based on Self Organizing Feature Maps (SOFM). This DSS includes Linear Discriminant Analysis (LDA) and Multilayer Perceptron (MLP) in order to delimit what we have called the Isosolvency Regions. The proposed DSS goes beyond traditional solvency analysis and provides a graphic intuitive vision which supplies information on the risk of bankruptcy, the financial characteristics of the firm and the type of firm it resembles. The flexibility of the SOM to combine with and to adapt to other structures, whether neural or otherwise, augurs a bright future for this type of model.
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