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Abstract 

 
This paper analyses the capital structure of the Spanish chemical industry during the period between 1999 and 2013, 

with a twofold objective. First, to determine whether the assumptions of Pecking Order Theory are fulfilled throughout 

the study's timeframe. Second, this study shows how the financial crisis that started in 2007 has affected the capital 

structure of the companies included in our sample. 

In order to tackle these questions we adopt an innovative methodology in this field, applying a particular kind of 

unsupervised neural network, Self-organizing Maps. This methodology allows to cluster firms avoiding the need to 

establish relationships between the different variables involved in the problem beforehand. 

Companies are clustered into groups with different degrees of accomplishment of the Pecking Order Theory. The 

hypothesis about risk is the one that experiences a greater variation in the period before and after the crisis. Moreover, 

companies' capital structure has been lightly disrupted by the crisis. 
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1. INTRODUCTION 
 

1.1.   The Capital Structure Problem 
 

The capital structure problem became relevant with the development of the model by Modigliani & Miller 

(1958). This model concluded that in a situation in which the hypotheses of a perfect financial market are 

met, the company's market value is independent of its capital structure. Later, the same authors loosened 

the hypotheses by incorporating taxes and thus the tax advantage that debt versus equity entailed 

(Modigliani & Miller, 1963). 

 

Subsequently, authors as Robichek & Myers (1965), Baxter (1967), Stiglitz (1969), Kraus & Litzenberger 

(1973), Fama (1978) and Kim (1978) analysed how the extensive use of debt can lead companies to a risk 

of default. Insolvency costs were introduced, giving rise to the Trade-off Theory. According to this theory, 

a company will increase its volume of debt to the level at which the tax benefits of another unit of debt are 

offset by the increased bankruptcy costs of that extra debt unit. On their side, Jensen & Meckling (1976) 

define agency costs as the costs arising from the conflict of interests between shareholders (not managers) 

and the company's managers and between shareholders and debt providers. Leland (1998) reformulates the 

Trade-off Theory by incorporating agency costs. 

 

A third approach, based on asymmetric information between internal shareholders and managers (insiders) 

and external investors (outsiders) defines two new problems: the problem of adverse selection and the 

problem of moral hazard. According to Harris & Raviv (1991), these problems lead to the emergence of 

two new theories, Signalling Theory developed by Leland & Pyle (1977) and Ross (1977) whereby the 

company's capital structure is used as a mechanism for conveying signals to the market, and Pecking Order 

Theory, developed by Myers (1984) and Myers & Majluf (1984), whereby the capital structure is used to 

reduce inefficiencies in investment decisions (i.e. underinvestment and overinvestment). 

 

Of all the theories on capital structure, Trade-off Theory and Pecking Order Theory are currently competing 

to explain the capital structure of businesses. This paper focuses on the hypotheses of Pecking Order 

Theory. 

 

The hypotheses of Pecking Order Theory, postulated by Myers & Majluf (1984), conclude that the costs 

arising from asymmetrical information between managers and shareholders/investors mean that the former 

establish the following hierarchy of different funding sources in order to minimise adverse selection costs: 
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1- Internally generated resources 
2- External debt 
3- Capital enlargement by new issues of shares 

Since then, many studies have attempted, without consensus, to determine whether Pecking Order Theory 

adequately describes how companies are financed. 

 

1.2.   The incidence of the Financial Crisis 
 

On the other hand, the financial crisis which began in the summer of 2007 in the United States subprime 

market soon spread to other geographical areas, including the countries in the Eurozone. The increased 

perception of risk in credit operations had an impact on the liquidity of wholesale and interbank markets, 

and affected the entire financial system. 

 

The Spanish economy was one of those that suffered most from the consequences of the financial crisis. 

Spain had just experienced the biggest investment cycle in the country's history. This investment was 

accompanied by an increase in borrowing, which increased external financial dependence in the economy 

as a whole. 

 

This paper is the third in a series which began in 2010, and which seeks to determine how the crisis has 

influenced the way companies finance their investments. A sample of 157 companies belonging to the 

Spanish chemical sector was chosen with that objective in mind. There were two main factors in the choice 

of sector. First, the chemical sector is very important in the Spanish economy and second, the sector was 

less heavily influenced by the factors that have made the Spanish economy more sensitive to the crisis (i.e. 

a longer investment cycle coupled with lower productivity). 

 

In the first study, it is analysed the same sample of Spanish companies during the period 1999-2006. The 

study concluded that the hypotheses of Pecking Order Theory were partially fulfilled. We found a negative 

relationship between Spanish chemical companies' profitability (the ability to generate internal resources) 

and their degree of leverage, but there was no relationship between the risk that these companies presented 

and their level of debt (Cámara-Turull, Borràs Balsells, Sorrosal Forradellas, & Fernández Izquierdo, 2010). 

 

A second study analysed the 140 firms that survived from the same sample during the period between 2007 

and 2010 (bankrupt companies and those that had undergone corporate merger or acquisition (M&A) 
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processes were excluded). As a result of the financial crisis, risk became a key variable in explaining the 

volume of corporate debt (Cámara-Turull, Borràs Balsells, Sorrosal Forradellas, & Fernández Izquierdo, 

2012). 

 

This study expands the analysis to cover the period until 2013, and has two objectives. First, to determine 

whether companies' capital structure has been disrupted by the financial crisis and whether the assumptions 

of Pecking Order Theory are fulfilled throughout the study's timeframe. It is important to note that the 

sector is in the throes of transformation related to stricter legal requirements (the application of the REACH1 

and CLP2 regulations). During the period between 2008 and 2013, 13 companies from the original sample 

underwent  business M&A processes, and 6 companies went bankrupt. 

 

1.3.   Self-Organizing Maps 
 

In all three studies, it is used an unusual methodology in the analysis of capital structure: Self-Organizing 

Maps (SOM). SOM is an artificial neural network introduced by Kohonen (1982, 1988). In contrast to many 

other neural networks based on supervised learning, SOM is based on unsupervised learning3, that makes 

it one of the best known algorithms in artificial neural networks. (Back et al., 1998; Chen, 2012; Chen et 

al., 2013; du Jardin and Séverin, 2011, 2012; du Jardin, 2015; Kiviluoto, 1998; López Iturriaga and Sanz, 

2015; Serrano-Cinca, 1996). 

 

SOM consists of two neural layers. The input layer has as many neurons as variables are considered in the 

problem. Its function is to capture the input data and transfer them to the output layer. Each neuron of the 

input layer is connected to each neuron of the output layer through synaptic weights (wij corresponds to the 

weight that connects the neuron 𝑖𝑖 in the input layer with the neuron 𝑗𝑗 in the output layer).  

 

The output layer is a two dimensional map. The input data are located at the map according to the similarity 

between all the variables used to define input information. 

 

 
1 REACH (Regulation (EC) No. 1907/2006 of the European Parliament and the Council) is the European regulation on the Registration, Evaluation, 
Authorisation and Restriction of Chemicals. It was approved on 18 December 2006 and came into force on 1 June 2007. 
2 CLP - Regulation (EC) No. 1272/2008 of the European Parliament and of the Council of 16 December 2008 on the Classification, Labelling and 
Packaging of substances and mixtures. 
3 SOM uses competitive learning process (a particular kind of unsupervised learning). In contrast to supervised artificial neural networks, 
unsupervised networks do not need to define groups a priori; instead they are based on the similarities and differences between the values of all the 
variables that define the capital structure of each company. 
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By reducing the dimensions of the analysis an easiest and natural visualization of data is provided. Next, 

we briefly describe how SOM works. 

 

The input vector 𝑘𝑘 is presented to the network. In our study, 𝑘𝑘 represents each company. 

 

Afterwards, as similarity measure, the Euclidean distance between the input vector and the weights vector 

that joins the input neurons with each of the output neurons is calculated (Expression ¡Error! No se 

encuentra el origen de la referencia.)). The neuron in the output layer that minimizes this distance will 

be the “winning neuron”. 

dj
k(t) = ���xi

k(t)− wij
k(t)�

2
N

i=1

 (1) 

Initially, t = 0, the synaptic weights take small random values. 

 

In order to reduce the distance between the input vector and the weights vector associated to the winning 

neuron, the synaptic weights are updated according to the following rule: 

wij
k(t+1) = wij

k(t) + α(t)hj
k(t)�xi

k(t) − wij
k(t)� (2) 

 

Where α(t) is the learning rate, a function that takes values from 0 to 1 and it decreases as the number of 

iterations increases. The neighborhood function (h(t)) allows to update the winning neuron’s weights and 

its neighborhood (neurons close to the winning neuron at a radio that decreases with the number of 

iterations). This process facilitates the activation of the same winning neuron or other neuron close to it 

when similar input vectors are presented. 

 

This process is repeated for the rest of input vectors and a maximum number of iterations T previously 

defined. 

 

In this paper, the variables considered are the leverage ratio, profitability, growth, risk and the tax shield. 

They have all been used in previous studies, and are the same as those proposed by Fama & French, (2002) 

for validating the Pecking Order Theory. SOM are applied to cluster firms based on the variables proposed, 

and to determine whether the companies in each group have levels of debt that are similar and consistent 

with the Pecking Order Theory. We repeat the analysis for both periods, the years previous to the financial 

crisis (1999-2007) and the period after the financial crisis started (2008-2013). As shown by Hornik et al. 
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(1989), the advantage of using these artificial neural networks is that they enable non-linear relationships 

between data sets to be identified, complex functions to be approximated and items to be grouped based on 

the similarities between all their defining variables, with no need for any prior assumptions about the nature 

of the variables and their functional relationships. 

 

The paper is organized in 5 sections. Section 2 presents the use of artificial neural networks in finance and 

defines the variables and hypotheses used in the study. Section 3 introduces the proxy variables. Finally, in 

sections 4 and 5, there are the results and main conclusions of the work. 

 

2. METHODOLOGY AND DATA 
 

2.1.   Artificial Neural Networks in Finance 
 

Modern finances have largely been based on assumptions such as the normality of variables and the linearity 

of the relationship between variables. The development of econometrics has led to the appearance of 

increasingly sophisticated methods and instruments, although they all presuppose the functional 

relationships of the model. The contribution of these instruments to the development of the field of finance 

is undeniable; however, their characteristics limit the range of phenomena that they can handle. 

 

The search for methods to address complex phenomena and problems with non-linear relationships has 

increasingly led to the use of artificial neural networks in research into finance. They were initially used in 

financial markets (for forecasting prices, volatility, etc.) but in recent years have increasingly begun to be 

used in other areas of finance, and especially in corporate finance. 

 

Unlike the traditional statistical methods, artificial neural networks make no prior assumptions about 

variables. This is what makes them capable of tackling unstructured problems where it is impossible to 

establish the function beforehand. The algorithms used by some artificial neural networks enable them to 

"learn" the relationships between variables directly from the data itself. 

 

Neural networks are extensively used in many areas of finance, including: 

• Credit rating, for example the studies by Bergerson & Wunsch (1991); Dutta & Shekhar (1988); 

Glorfeld & Hardgrave (1996); Desai et al. (1996); Huang et al. (2004); Jensen (1992); Kim et al. 

(1993). 
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• Business failure, such as the studies by Chen et al. (2013); du Jardin & Séverin (2012); du Jardin 

(2010); Fletcher & Goss (1993); Lee et al. (1996); Lee & Choi (2013); Odom & Sharda (1990); 

Rahimian et al. (1993); Sánchez-Lasheras et al. (2012); Séverin (2010); Tsukuda & Baba (1994); 

Yu et al. (2014) and Zhou et al. (2012). 

• Bank failure prediction, where we found, among others, Bell (1997); López & Sanz (2015); 

Swicegood & Clark (2001); Tam & Kiang (1992) and Tam (1991). 

• Predictions of financial asset prices, including the studies by Kryzanowski et al. (1993); White 

(1988); Enke & Thawornwong (2005); Hamid & Iqbal (2004); Hoptroff (1993); Rather et al. 

(2015); Jain & Nag (1995); Wang & Wang (2015); Wang et al. (2011); Wong & Selvi (1998); 

Grudnitski & Osburn (1993). 

• Time series analysis, such as the studies by Adhikari & Agrawal (2014) and Azoff (1994). 

• Financial Management, including the studies by Back, Sere, & Vanharanta (1998); Barr & Mani 

(1994); Eklund, Back, Vanharanta, & Visa (2003); Hawley, Johnson, & Raina (1990); 

Kamruzzaman (2006); Länsiluoto, Eklund, Back, Vanharanta, & Visa (2004); Magnusson, Arppe, 

Eklund, Back, Vanharanta & Visa (2005); Smith & Gupta (2000) and Swales & Yoon (1992). 

 

But we found no applications of neural networks to any of the corporate finance problems that have most 

concerned researchers, that is, the capital structure of companies and its relationship to the company's 

market value.  

 

As we have mentioned in the previous section, we introduce the use of SOM for its flexible design and its 

application to grouping problems. 
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2.2.   Hypothesis of Study 
 

As noted by Bevan & Danbolt (2002), Harris & Raviv (1991) and Titman & Wessels (1988), the choice of 

explanatory variables is crucial in interpreting the results. Below it is described the hypothesis on the 

relationship between the level of debt and some economic and financial variables (profitability, growth, 

risk and non-debt tax shield) and the factors explaining the financial structure of the company that are used 

in order to check the hypothesis considered. 

 

Hypothesis 1. The relationship between the level of debt and profitability is negative. The greater the 

profitability, the greater the capacity to generate resources internally and therefore the lower the need 

for debt. The return on investment capital �ROIC= EBIT
Equity+Debt

� was selected as a proxy variable for 

profitability. Return on equity �ROE= Net Income
Equity

� has not been used in order to avoid the imbalances 

caused in companies that have negative equity. 

Hypothesis 2. The relationship between the volume of debt and potential growth is positive. The greater 

the company's growth, the greater its financing needs and consequently, the greater the need for debt. 

There is a variant of this hypothesis that focuses on future growth, and in this case, the higher the 

expected future growth, the lower the volume of debt. This is because a low financial risk profile and 

a higher debt capacity are maintained, which enables future growth to be addressed with no need for 

other more expensive sources of financing (Myers & Majluf, 1984). The proxy variable for defining 

growth is the year-on-year change in total assets and operating income. 

Hypothesis 3. The higher the company's risk (defined as the volatility of cash flows), the lower its level 

of debt. This is because an increased risk entails an increase in the costs of debt. To identify the 

company's cash flow volatility  -risk- it is used the proxy variable, suggested by Fama & French, 

(2002), it is to say, the natural logarithm of real assets,. Those authors assume that larger companies 

are more diversified, and therefore have lower levels of volatility in their cash flows. 

Hypothesis 4. A larger non-debt tax shield entails an increase in the internal resources generated by the 

company, meaning that its relationship with the company's level of debt will be negative (unless the 

EBITDA is insufficient to cover the depreciations, for example). The ratio of depreciation, measured 

as assets depreciation over total assets, is the proxy variable for the non-interest tax shield. 
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According to this four hypothesis, the financial variables used in the study and their characteristics, are 

shown in Table 1. 

 

Table 1. Financial variables used in the study 

Proxy variable Definition Hypothesis Relationship with 
the debt level 

Return on investment capital (ROIC) ROIC=
EBIT

Equity+Debt
 Hypothesis 1 Negative 

Operating income (OpInc) annual increase 
OpInc𝑡𝑡 − OpInc𝑡𝑡−1

OpInc𝑡𝑡−1
 Hypothesis 2 Positive 

Total asset (TA) annual increase 
TA𝑡𝑡 − TA𝑡𝑡−1

TA𝑡𝑡−1
 Hypothesis 2 Positive 

Natural logarithm of real assets ln(𝐴𝐴) Hypothesis 3 Negative 

Ratio of depreciation Assets depreciation
𝑇𝑇𝑇𝑇  Hypothesis 4 Negative 

 

We used the leverage ratio (debt/equity) as the proxy variable to determine the company's level of debt. 

Although there is some controversy as to whether the leverage ratio should be used at book value or at 

market value (Rajan & Zingales, 1995; Titman & Wessels, 1988) only one of the companies in the sample 

is listed on a stock market. As obtaining the market value of unlisted companies is very difficult, it is used 

the book values for the leverage ratio like in studies such as Banerjee et al. (2004), Bradley et al. (1984) 

and Graham & Harvey (2001). 

 

Some authors pointed out a significant difference on the capital structure of a company according to its size 

or age (Vendrell Vilanova, 2007). Therefore, for greater homogeneity in each group, the analysis includes 

age and size, using the years since the company's establishment and its number of employees, respectively, 

as proxy variables.  

 

Taking into account the measurements of profitability, potential growth, risk, non-interest tax shield, size 

and age of each company from the sample, the objective of this paper is to identify groups of companies 

with homogeneous characteristics applying SOM. By analysing the characteristics of each group and the 

leverage ratio of the companies within it, it is possible to determine the extent to which the hypotheses are 

fulfilled in each group. 
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2.3.   Description of the sample 
 

The sample of Spanish chemical sector companies was obtained from the SABI database. A total of 160 

companies in the Spanish chemical Industry were randomly selected, with the only condition that all the 

data is available. Although one of the advantages of SOM is that they can work with noisy data or even 

with non complete data, the aim of the paper is to analyse the accomplishment of the Pecking Orther Theory 

in the Spanish chemical industry. As we work with a sample of companies, we have selected the ones with 

complete information in order to do not add innecesary misinformation.  

 

In order to analyse the situation before the start of the crisis and during its aftermath, the data is divided 

into two periods. The first period covers the years between 1999 and 2007, and the second period covers 

the years between 2008 and 2013. 

 

After performing some consistency tests according to general accounting principles, nine companies are 

discarded for the period 1999-2007. A sample of 151 companies with complete data for the 9 years 

remained for the period 1999-2007. 

 

Thus, according to the analysis carried out, there will be 151 input vectors, one for each company in the 

pre-crisis period. Each vector 𝑋𝑋𝑘𝑘 is defined by 34 values (see Table 2). Thus 𝑥𝑥𝑖𝑖𝑖𝑖 is the value of ratio 𝑖𝑖 in 

the company identified as 𝑘𝑘, being 𝑖𝑖 = 1,⋯ , 34. 

 
Table 2. Variables used in input vectors. Pre-crisis period (1999-2007) 

Variable 1 Number of employees 1999 Variable 18 Total assets increase 2002 

Variable 2 Number of employees change 1999-2007 Variable 19 ROIC 2003 

Variable 3 ROIC 1999 Variable 20 Operating income growth 2003 

Variable 4 Operating income growth 1999 Variable 21 Total assets increase 2003 

Variable 5 Total assets increase1999 Variable 22 ROIC 2004 

Variable 6 Ratio of depreciation 1999 Variable 23 Operating income growth 2004 

Variable 7 Ratio of depreciation change 1999-2007 Variable 24 Total assets increase 2004 

Variable 8 ln(A) 1999 Variable 25 ROIC 2005 

Variable 9 ln(A) change 1999-2007 Variable 26 Operating income growth 2005 

Variable 10 ROIC 2000 Variable 27 Total assets increase 2005 

Variable 11 Operating income growth 2000 Variable 28 ROIC 2006 

Variable 12 Total assets increase 2000 Variable 29 Operating income growth 2006 

Variable 13 ROIC 2001 Variable 30 Total assets increase 2006 

Variable 14 Operating income growth 2001 Variable 31 ROIC 2007 

Variable 15 Total assets increase 2001 Variable 32 Operating income growth 2007 
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Variable 16 ROIC 2002 Variable 33 Total assets increase 2007 

Variable 17 Operating income growth 2002 Variable 34 Age (2013) 

 

The sample was reduced to 118 companies for the period 2008-2013. The reasons were: i) 14 companies 

were ruled out due to a lack of data for the entire series. ii) 6 companies were bankrupt during the years 

2008-2013, iii) 13 companies underwent M&A processes. 

 

In the post-crisis period, there will be 118 vectors, on for each company in this period. Each vector 𝑋𝑋𝑘𝑘 is 

defined by 25 values (see Table 3). Thus 𝑥𝑥𝑖𝑖𝑖𝑖 is the value of ratio 𝑖𝑖 in the company identified as 𝑘𝑘, being 

𝑖𝑖 = 1,⋯ , 25. 

 
Table 3. Variables used in input vectors. Post-crisis period (2008-2013) 

Variable 1 Number of employees 2008 Variable 14 Operating Income growth 
2010 

Variable 2 Number of employees change 2008-2013 Variable 15 Total assets increase 2010 

Variable 3 ROIC 2008 Variable 16 ROIC 2011 

Variable 4 Operating Income growth 2008 Variable 17 Operating Income growth 
2011 

Variable 5 Total assets increase 2008 Variable 18 Total assets increase 2011 

Variable 6 Ratio of depreciation 2008 Variable 19 ROIC 2012 

Variable 7 Ratio of depreciation change 2008-2013 Variable 20 Operating Income growth 
2012 

Variable 8 ln(A) 2008 Variable 21 Total assets increase 2012 

Variable 9 ln(A) change 2008-2013 Variable 22 ROIC 2013 

Variable 10 ROIC 2009 Variable 23 Operating Income growth 
2013 

Variable 11 Operating Income growth 2009 Variable 24 Total assets increase 2013 

Variable 12 Total assets increase 2009 Variable 25 Age (2013) 

Variable 13 ROIC 2010   

 

Once we dispose of the companies expressed as vectors, we introduce this information in the SOM. We 

have implemented the network with the SOM Toolbox for Matlab, developed by the Laboratory of 

Computer and Information Science at the Helsinki University of Technology.  

 

Before the Toolbox creates de network, data are normalized using the logistic function (all variables scaled 

are in the range [0,1]). In this way, the results are not affected for the different initial scales of the variables.  

The rest of functions and parameters are the ones that Toolbox have stablished by default (see 

http://www.cis.hut.fi/somtoolbox/). The hexagonal grid obtained as a result has been converted to a bigger 

rectangular one in order to facilitate its visualization.  
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After the training process is completed, the debt level of each group in the output map is defined as follows: 

1. The companies are ordered from higher to lower debt level.  

2. According to the debt percentile assigned to the companies in a group, each group debt level is 

identified. 

3. Crossing the position of each group in the output map with its debt level, the diferent hypothesis 

would be contrasted. To do that, we analyse the position of each group through the value of each 

variable using the characteristics maps. 

4. The differences between the pre and post-crisis would show if all the Pecking Order Theory 

hypotheses are equally sensitive to the crisis. 

 

3. RESULTS 
 
In an initial descriptive analysis, when the data from before the crisis is compared with those after its onset, 

some significant differences can be observed: 

 

- The average value of the leverage ratio after the onset of the crisis fell by approximately 31% 

compared to the average pre-crisis value. 

- The average firm size was higher in the post-crisis period. This may be due to the sectoral 

restructuring process discussed above. 

- The average profitability values fell from 12.06% in 1999-2007 to 7.35% in 2008-2013. 

- The average values of the growth rates of sales and assets prior to the start of the crisis for the 

sample were 7.52% and 8.76%, respectively, and fell to significantly lower values in the post-crisis 

period. In specific terms, the average growth rate for sales was 4.77% and the average growth rate 

of assets was 4.19%.  

- Finally, the average risk fell in the period 2008-2013 in comparison to the pre-crisis data. This is 

related to the measure of risk used (natural logarithm of assets) since it links risk to the company's 

size, with the larger companies presenting least risk because they are assumed to have greater 

diversification. Considering the M&A process that the sector has experienced, the average size of 

firms has increased and the average risk has therefore declined. 

 

The downward trend in profitability, growth and the tax shield is more significant when it is considered 

that companies in the sample that went bankrupt or were absorbed during the period 2008-2013 were 

excluded. 
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Having performed this preliminary descriptive analysis, we present the results obtained from SOM for each 

period. 

 

3.1.   Pre-crisis period (1999-2007) 
 
After completing the training process, Figure 1 presents the map obtained for the period 1999-2007. Based 

on a dual purpose optimization programme for i) the minimum number of groups, and ii) maximum 

homogeneity within each group, the following seven groups are identified: 

 

Group A. Contains the smallest companies in the sample, with the lowest profitability, growth and 

tax shield of all the groups. At the same time, and despite being the second group in terms of 

companies' age, it presents a high risk. 

Group B. Composed by the oldest companies and above average size. They present low profitability 

and very low growth. They have a moderate risk (below average) and, with group D, the largest 

tax shield of the sample. 

Group C. With group A, this group has the smallest companies and the smallest tax shield. Their 

profitability is above average and growth is moderate, at around average levels. It is also the group 

containing the companies with the greatest risk. 

Group D. The companies in this group are average in terms of size, profitability and risk. They have 

slightly above average growth and are slightly below average in age. These companies have the 

highest tax shield. 

Group E. This group contains the largest companies in the sample and those with a lower risk. They 

are companies with below average profitability, moderate growth and a medium-high tax shield. 

These companies are above the average age for the sample. 

Group F. Although they are young and small companies, they have higher rates of profitability and 

high growth rates, albeit with high risk. Their tax shield level is below average. 

Group G. This group consists of companies that are above average in terms of size and profitability. 

They have the highest growth rates in the sample. They are low risk, relatively young companies 

with a tax shield that is slightly below average. 
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Figure 1 

 

Table 4 shows the different groups ordered from low to high borrowing requirements as reflected in each 

hypothesis. 

 

On analysing the level of debt of the companies in the various groups, can be observed that the groups with 

the highest leverage ratio were groups D and F, followed by groups G and A, in that order. These are 

followed by groups B and C, and finally group E, which had the lowest level of debt. 

 

Table 4. Groups ordered from low to high debt requirement according to the hypothesis (1999-2007) 

 From low to high debt volume according to hypothesis 
Hypothesis 1 Group F Group G Group C Group D Group E Group B Group A 

Hypothesis 2 Groups A and B Groups C and E Group D Group F Group G 

Hypothesis 3 Group C Groups F and A Group D Group B Groups E and G 

Hypothesis 4 Groups B and D Group E Group G Group F Groups A and C 
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Based on the data obtained, Table 5 compares the level of debt required to fulfil each hypothesis with the 

level of corporate debt observed in the companies in each group. To that end, it is used pseudolinguistic 

labels where (+ + +) is the situation with the highest level of debt and (−−−) is the situation with the 

lowest level of debt. The interval between the maximum and minimum level of debt assumed following 

each hypothesis has been split in six ranges (from + + + to – – – in a linear decreasing order). The groups 

have been labelled according to the position taken in the interval. Finally, the pseudolinguistic labels for 

each hypothesis have been compared with the ones corresponding with the real debt level.  

 

Table 5. Level of debt that emerges from each hypothesis and observed level of debt (1999-2007) 

 Group A Group B Group C Group D Group E Group F Group G 

Hypothesis 1 + + + + + − + + + −−− −− 
Hypothesis 2 −−− −−− − + + − + + + + + 
Hypothesis 3 −− + + −−− + + + + −− + + + 
Hypothesis 4 + + + −−− + + + −−− −− + + + 
Leverage ratio + + −− −− + + + −−− + + + + + 

 

After analysing the fulfilment of the various hypotheses in the different groups, the overall fulfilment of 

the hypotheses will be analysed. We consider that a hypothesis is fulfilled when the prediction matches the 

leverage ratio or is one degree above or below it, with the sign unchanged according to Table 5. 

 

In this period, the only two hypotheses indicative of the level of debt are hypotheses 2 and 4, which refer 

to growth and the non-debt tax shield respectively. By contrast, hypotheses 1 and 3 are only met in two of 

the seven groups analysed, groups A and C in hypothesis 1 and groups C and G in hypothesis 3. Hypothesis 

1, which refers to profitability, is fulfilled in the groups containing the smallest companies. Meanwhile, 

hypothesis 3, concerning risk, is not only not fulfilled in five of the groups but there is also a completely 

opposite relationship in 4 of them, i.e. the riskier companies present larger volume. This is consistent with 

the fact that most of the companies analysed obtain their debt from the banking sector and the monitoring 

of risk in their operations was relaxed in the pre-crisis period. 

 

  



16 
 

3.2.   Post–crisis period (2008-2013) 
 
Following the same procedure as in the pre-crisis period, Include Figure 2 shows the map obtained for the 

period 2008-2013. The interpretation of the eight groups based on the location of the companies on the map 

is as follows: 

 

Group A. This group consists of the smallest companies (with groups B and C) in the sample. 

Companies in this group are those with the lowest levels of profitability and growth in the sample. 

With a tax shield that is below average and with the highest risk, they are also the oldest companies. 

Group B. With groups A and C, the companies in this group are the smallest in the sample. They 

have below average tax shield and profitability, have low growth and high risk. 

Group C. This group consists of the smallest and youngest companies. They have growth rates and a 

tax shield that are below average, around average profitability and risk that is above average. 

Group D. The companies in this group are in the top half of the sample in terms of size and age. Their 

profitability and risk are below average, their growth rates are average and they have the highest 

depreciation ratio, which leads to increase internal financing from the tax shield. 

Group E.  These are medium-sized companies with around average profitability. These companies 

have the highest growth rate of all those in the sample. They have the second highest depreciation 

ratio, average age and average risk. 
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Figure 2 

 

Group F. These are medium-sized companies, with the second highest profitability levels, average 

to high growth, the lowest tax shield, which are relatively young and have medium risk. 

Group G. With group H, this group comprises the largest companies, with above average profitability 

and average to high growth. The depreciation ratio is also average to high, they are very young 

and have low risk. 

Group H.  These are the largest companies in the sample, with the highest profitability, above average 

growth and an average tax shield and age. Finally, this is the group with the lowest risk companies. 

 

Table 6 shows the different groups ordered from low to high borrowing requirements as reflected in each 

hypothesis considered. 

 

Table 6. Groups ordered from low to high debt requirement according to the hypothesis (2008-2013) 

 From low to high debt volume according to hypothesis 
Hypothesis 1 Group H Group F Group G Group E Group C Group B Group D Group A 

Hypothesis 2 Group A Groups B and C Group D Group F Group G Group H Group E 

Hypothesis 3 Group A Group B Group C Group E Group F Group D Group G Group H 
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Hypothesis 4 Group D Group E Group G Group H Groups A and B Group C Group F 
 

The groups are ordered from high to low level of debt as follows: G, A, E, F, C, D, H and finally B.  

 

Based on the data obtained, Table 7 compares the level of debt that would be required to fulfil each 

hypothesis with the debt level observed in the companies in each group, and to that end once again it is 

used pseudolinguistic labels, with (+ + +) being the situation with the highest level of debt and (−−−) 

the situation with the lowest level of debt. 

 

Table 7. Level of debt that emerges from each hypothesis and observed level of debt (2008-2013) 

 Group A Group B Group C Group D Group E Group F Group G Group H 

Hypothesis 1 + + + + + + + − −− −− −−− 
Hypothesis 2 −−− −− − + + + + + + + + + + 
Hypothesis 3 −−− −− − + − + + + + + + 
Hypothesis 4 + + + + −−− −− + + + − − 
Leverage ratio + + −−− + − + + + + + + −− 

 

As with the analysis of the period before the crisis, after analysing the fulfilment of the various hypotheses 

in the different groups (Table 7), the fulfilment of all the hypotheses are analysed. The criteria for 

considering whether a hypothesis is fulfilled is the same as the one applied for the 1999-2007 period. 

 

When analysing the post-crisis situation, it is apparent that none of the hypotheses are fulfilled in more than 

half of the groups. In any case, hypotheses 1 (profitability) and 3 (risk) are fulfilled in more groups than in 

the pre-crisis period. The hypothesis that is fulfilled to the greatest extent is the one referring to growth, but 

in this case it is not as determinant as in the pre-crisis period. 

 

Although there is no previous studies on this matter applying artificial neural networks, our results are in 

line with those obtained by other authors who has applied “classical” methodologies. Myers (2003) states 

that with the suitable sample and context, any of the theories on capital structure could be validated. As 

Frank & Goyal (2007) expose, there are several papers that reject or accept both Pecking Order and Trade-

off theories. Anyway, none of the actual theories satisfies all the stylized facts on capital structure. 
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4. CONCLUSIONS 
 
The aim of this study was to ascertain whether Pecking Order Theory was a valid theory to explain the 

capital structure of Spanish chemical companies. To that end, it is applied a different methodology to the 

most frequently used methods, i.e., Kohonen self-organizing maps. This type of artificial neural network 

enabled us to address the problem without establishing prior relationships between the variables used. 

 

An initial descriptive analysis of companies showed that in the post-crisis period, most of the companies' 

performance indicators worsened: the size of the companies, their profitability and growth rates all declined. 

The only variable that improved was risk, which had lower levels than in the period before the crisis. This 

is because of the measure of risk used (natural logarithm of assets) since it links risk with company's size. 

As in the post-crisis period the average company’s size has increased due to the M&A process, the risk has 

therefore declined. 

 

After grouping companies by SOM it is possible to compare the performance of the various hypotheses. 

 

For the pre-crisis period, it is found that no group fulfilled all the hypotheses individually. Nevertheless, 

analysing the overall hypothesis, we take into account the relationship among these hypothesis. For 

example, a company with a high profitability could faced a high debt (rejecting hypothesis 1) due to a very 

high growth rate but it validates the essence of the theory. We have studied each group on the output map 

keeping in mind these relationships. Groups A, B, C, D and G can explain their volume of debt by Pecking 

Order Theory, while it would be difficult to justify for the rest of groups. The hypothesis that is fulfilled 

the least is the one referring to risk. This could be explained considering that most of the companies sampled 

are SMEs, the banking sector is the main provider of their debt, and the banks relaxed their requirements 

in terms of risk during the period before the crisis. 

 

It is also found no group that fulfilled all the hypotheses in the post-crisis period. In general, the level of 

fulfilment for the hypotheses remained constant or declined, except for hypothesis 3. Risk has assumed a 

greater weight in the post-crisis period, without being determinant. According to the results of this study, 

the level of debt of the companies in groups C, D, F and H could be explained by Pecking Order Theory, 

while it is unclear for the other groups. 

 

In order to answer the objectives of this paper, it can be asserted that Spanish Chemical companies' capital 

structure has been lightly disrupted by the crisis. Basically, in the post-crisis period, risk has become a more 
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relevant variable on the capital structure of these companies. Moreover, the assumptions of Pecking Order 

Theory are only partially fulfilled throughout the study's timeframe and the typology of firms that fulfilled 

have changed from the pre-crisis to the post-crisis period.   
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