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Abstract. We study financial management performance during 2008–2013 for the Spanish 
aerospace manufacturing value chain and the links with managerial decisions. Data from 
company financial statements is analysed with Principal Component Analysis, Data En-
velopment Analysis and an Artificial Neural Network. Top financial performers focus on 
liquidity management rather than on returns: both in the short term, by increasing levels 
of current assets and funding them with short-term liabilities, as well as increasing asset 
turnover; and in the long term, by aligning equity to non-current assets, while reducing 
asset and debt intensity levels. Only the manufacturing value chain is analysed, showing 
the potential for future research in related fields (e.g. value chain, country). Benchmarking 
and forecasting financial performance yields information and enables agility and accuracy 
in the strategy setting process. This study makes a unique contribution because it applies 
the scientific method where no previous related studies have done. It offers the novelty 
of using a single metric while Ratio Analysis requires multiple unweighted measures. 
We contribute by: (a) providing a method based on publicly information to benchmark 
and predict financial performance, thus offering benefits for aerospace stakeholders and 
academia; and (b) employing a big data sample that closely represents the population. 

Keywords: market performance, market structure, aerospace, factor analysis, neural net-
works, data envelopment, financial management.
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Introduction 

Benchmarking the managerial decisions that drive financial performance in a sector 
yields important information for companies, associations, researchers, other related in-
dustries and governments. It is even more crucial for certain strategic sectors, such 
as the aerospace manufacturing sector. Lee et al. (2008) present a value chain for the 
aerospace manufacturing sector, which, for this study, we simplify into three main com-
ponents: (a) engineering design, (b) manufacturing, assembly, integration and testing, 
(c) maintenance-repair-overhaul and services. It should be noted that airports, airlines, 
air traffic management service providers and financial companies are not covered in 
this study.
Spain identified the aerospace industry as a strategic sector, according to the following 
criteria: capability of driving the industrial ecosystem, growth potential and orientation 
to international markets (Ministry of Economy, Industry and Competitiveness 2010). 
When comparing the total industrial sector with the aerospace manufacturing sector 
in the period 2008–2013, Spain reports the following Compound Annual Growth Rate 
(CAGR) figures for: revenues (–1.85% for industry and 1.25% for aerospace), employ-
ment (–4.15% for industry and 0.89% for aerospace), imports (–2.22% for industry and 
21.23% for the aerospace) and exports (2.64% for industry and 6.74% for the aerospace) 
(National Statistics Institute 2017) (Marketline 2012, 2014). Some other factors that 
differentiate the aerospace industry from other industries are: the dumping effect due to 
the military-defence dyad, delivery of high value added products and services, and high 
entry barriers (high investments, complex products, short series, long development lead 
times, and high pay back periods). It is also worth studying a sector that moves in the 
opposite direction to national industrial trends and actively contributes to Spanish eco-
nomic recovery. Globally, aerospace manufacturers represent around 1.00% of the total 
industrial ecosystem employment and revenues (National Institute of Statistics 2017).
New aircrafts require financial decisions to be made across the value chain. This study 
focuses on the period 2008–2013 because it is the last period where there is significant 
activity in all phases of the value chain due to new product developments plus exist-
ing production and support. A brief summary of those new developments includes the 
Airbus A350 (maiden flight in 2013), Airbus A400M redesigns and production ramp-up 
(maiden flight in 2009 and first customer delivery in 2013), Boeing 737MAX (maiden 
flight in 2016), Boeing (maiden flight in 2010 and first customer delivery in 2012), 
Boeing 787 redesign and production ramp-up (maiden flight in 2009 and first customer 
delivery in 2011), Lockheed Martin F35 redesigns and production ramp-up (maiden 
flight in 2006 and first customer delivery in 2012). There was also a certain amount 
of turbulence during the 2008–2013 period due to the global economic crisis of 2008, 
sovereign debt crisis of 2010, fuel price fluctuation, commercial aviation M&A, stagna-
tion of government defence budgets, fluctuation in the air transport demand, appearance 
of new competitors and delays in the entry into service of new aerospace programmes.
The literature on the Spanish aerospace industry does not use a scientific methodologi-
cal approach. It is mainly composed of consultancy firm white papers, yearly reports 
of aerospace associations and statistical data available from governmental and private 
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sources. None of those reports addresses topics with practical and research implications, 
such as financial managerial patterns, financial performance and their relationship with 
managerial decisions taken, or attempts to forecast financial performance. Moreover, 
some of those reports use Ratio Analysis to draw conclusions, solely by explaining 
the value of each ratio. However, using multiple unweighted financial measures seems 
weak compared to a single, holistic metric (efficiency). Traditionally efficiency is mainly 
focused on operations, either following a production or an intermediation approach, 
though some studies make the novel proposal of applying such techniques to bench-
mark firms’ financial management performance (Halkos, Tzeremes 2012; Sueyoshi, 
Goto 2010; Song et al. 2011). This study follows that novel approach. 
Those facts provide the basis for the research objectives: (a) analysing patterns and 
benchmarks in managerial strategies through commonly-accepted financial and account-
ing metrics and their evolution over time; (b) measuring and analysing financial man-
agement performance with a single metric; (c) setting out the implications of financial 
management performance for managerial strategies; (d) defining a model to forecast 
the firm’s financial management performance based only on information from financial 
statements. 
The research model requires data on firm liquidity structure, capital structure, asset 
structure, company characteristics, firm performance and firm efficiency. It should be 
noted that the data on firm efficiency is the efficiency outcome from DEA, holistically 
combining the performance in terms of investors (proxied by Return on Equity), the 
market (proxied by Return on Sales) and operations (proxied by Return on Capital Em-
ployed). Long-term variables are used to capture general trends while certain short-term 
variables are used to depict fluctuations. This model has some advantages, such as the 
fact that it does not require proprietary databases. Furthermore, it is simple, reliable and 
robust, as it is based on widely-accepted concepts and metrics. On the contrary, it may 
be perceived as lacking accuracy, as general concepts and variables are used rather than 
industry-specific ones. This does, however, offer the advantage of making the model 
replicable in other locations, times and sectors, thus allowing case comparison. The 
study employs a big data sample that is quite close to the entire population. The analysis 
entails exploratory, descriptive and predictive phases. As such, an incremental process is 
employed, based on Principal Component Analysis (PCA), Data Envelopment Analysis 
(DEA) and an Artificial Neural Network (ANN). 
The manuscript is organized as follows: section 1 reviews the available literature on the 
research problem; section 2 explains the research methodology used (the model and data 
analysis methods); section 3 discusses the sample; section 4 shows the data analysis and 
results. Finally, section 5 outlines the results and conclusions. 

1. Literature review

This section outlines the literature found on the aerospace manufacturing industry. 
Sources used to build the model and underpinning the analysis methods are described 
in the relevant sections to clearly establish the link with the approach followed in this 
research. Previous papers relating to the Spanish aerospace industry tend to be white 
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papers from consultancy firms, reports from aerospace associations or governmental 
sources, all of which broadly describe the industry using ratios and graphics but without 
following the scientific method. In addition, none of these papers focus on the financial 
management field. 
Among the governmental sources, it is worth highlighting the report from the Spanish 
Ministry of Industry, Energy and Tourism (2016), which provides longitudinal analysis 
of SIC code 30.3 (air and spacecraft manufacturing) from 2005–2015. The sector is 
depicted through a set of metrics including number of companies, revenues, production, 
value added, productivity, number of employees, investment intensity, exports, imports 
and labour cost. The report also compares those metrics with other countries and more 
SIC codes within Spain to show how important the sector is for the national economy. 
Lastly, the report analyses the sector using company related metrics such as innovation, 
assets and liabilities levels, return on assets, return on equity and EBIT. Again, this is 
a general-purpose study and does not follow the scientific method. Also, it does not 
address topics such as financial management performance, and does not even grade or 
cluster the variables employed.
The governmental report from ICEX presents a longitudinal analysis of the aerospace 
industry (ICEX 2016). The period of study comprises the years from 2006 to 2015. The 
report compiles facts and figures on the market, aerospace clusters, industrial infrastruc-
ture and the main players. A novel aspect of this report is that it addresses industry driv-
ers, though not from a scientific standpoint. It focuses on local strengths, international 
programmes, governmental support and human resources availability. Finally, it outlines 
business opportunities for investors. 
The Spanish Association of Defence, Aeronautics and Space Technologies Companies 
(TEDAE 2014) publishes a yearly report with general figures about the sector from 
various years. It includes metrics such as number of employees, innovation expenditure, 
productivity, exportations, revenues and the contribution of aerospace and defence to 
GDP. However, it does not follow a scientific approach, and nor is financial manage-
ment performance addressed. No ranking or clustering of variables could be found as 
proxies of industry drivers.
The Marketline white papers (2012), (2014) describe the market definition, geography, 
segmentation, value, forecast, leading companies’ profiles and perform a Porter’s five 
forces analysis. They also include a macroeconomic panel to frame the study. The 
studies cover the period from 2006 to 2014 and employ a number of financial metrics 
such as profit margin, revenue growth, asset growth, liabilities growth, debt-assets ratio, 
return on assets, revenues per employee and profit per employee. For some variables, 
the compound annual rate of change and compound annual growth rate is calculated. 
However, these studies do not identify the drivers of financial management, nor do they 
benchmark financial performance, or try to forecast it.
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2. Research methodology

The research objectives are tackled by developing a model, collecting the required data 
and analysing them with appropriate tools. Depending on the part of the study the unit 
of analysis, generically termed a Decision Making Unit (DMU), can be a company, the 
industry or the group of most efficient companies. 

2.1. Model
The model considers asset structure, capital structure, liquidity structure, company per-
formance (investors, market and operations axes) and company efficiency (meaning 
the output of DEA model). Table 1 describes the model in terms of its concepts, meas-
urement variables and how to calculate them. The only information it requires is that 
provided in financial statements, which is an advantage for a number of reasons: (a) 
no proprietary databases are needed as data can always be gathered from free access 
sources that are audited by an independent third party organization; (b) the use of stand-
ard information and variables allows comparison; (c) scale effect is avoided because 
the measurement model relies on ratios (particularly important when applying the DEA 
model), and (d) simplicity, reliability and robustness is achieved by using commonly-
accepted financial concepts and metrics. 
On the contrary, the process may be perceived as less accurate, locally speaking, as 
general concepts and variables are used rather than industry-specific ones. However, it 
makes the model more powerful because it may be replicable in other locations, times 
and sectors, allowing case comparison.
Those concepts and variables are selected after performing a literature review of sec-
ondary sources. Most of the articles in question study the relationship between capital 
structure, company performance, corporate governance model, country effect and share-
holding effect. The variables most closely aligned with the objectives and sector, are 
selected, while others, are tailored as necessary to align with the specific characteristics 
of the aerospace manufacturing sector.
“Company age” is measured in the literature as the number of years since establish-
ment (Madrid-Guijarro et al. 2011; Liargovas, Skandalis 2010). This model follows this 
approach. For “Company size”, studies use the number of employees (Morgan et al. 
2009; Madrid-Guijarro et al. 2011; Liargovas, Skandalis 2010), logarithm of total assets 
(Campello 2006; Wang et al. 2013) and logarithm of sales (Kayo, Kimura 2011; Marga-
ritis, Psillaki 2010). However, in our model, we use market share due to the structural 
differences in the value chain (e.g. engineering vs MRO). The variable “Value Chain 
Position” is developed ad-hoc for the study. The “Infrastructure and resource intensity” 
variable is referred to variously in the literature as tangibility (Kayo, Kimura 2011; 
Margaritis, Psillaki 2010) or asset intensity (Hofmann, Lampe 2013). Nevertheless, it 
is always computed the same way and we adopt that calculation.
The model employs “Asset intensity” as found in the literature (Hofmann, Lampe 2013; 
Lampe, Hofmann 2014). The same is the case for “Assets turnover rate” (Hofmann, 
Lampe 2013; Delen et al. 2013; Shue et al. 2009; Tehrani et al. 2012; Halici, Umut 
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Table 1. Research model

Concept 
name

Concept 
description

Measurement 
variable Formula

Company 
Effect

Company 
profile

Company age Company age = 2013 – Foundation year

Company size t

t

Sales
Aerospace industry revenues

Value chain 
position

( )
1 Engineering
2 MAIT Manufacturing.Assembly. Test &  Integration
3 Services
4 MRO
5 Engineering MAIT Services
6 Engineering MAIT Services MRO

=
 =
 =
 =

= + +
 = + + +

Infrastructure 
and resource 
intensity

t

t

Non current assets
Total assets

Asset 
Structure

Capability of 
the company to 
configure short 
and long term 
level of assets 
to produce 
highest level of 
sales

Asset intensity t

t

Non current assets
Current assets

Assets turnover 
rate

t

t

Net sales
Total assets

Current assets 
turnover rate

t

t

Net sales
Current assets

Capital 
Structure

Capability of 
the company 
to fund its 
activities and 
growth

Debt-to-Equity 
ratio

t

t

Debt
Equity

Leverage t

t

Debt
Total assets

Debt intensity t

t

Non current liabilities
Current liabilities

Liquidity 
Structure

Capability of 
the company 
to meet its 
obligations in 
the short and 
long term 

Coverage ratio t

t

Equity
Non current assets

Current ratio t

t

Current assets
Current liabilities

Company 
Perfor-
mance

Capability of 
the company to 
produce returns

ROE (Return 
on equity)

t

t

Net income
Equity

ROCE (Return 
on capital 
employed)

t

t

EBIT
Capital employed

ROS (Return 
on sales)

t

t

Net income
Sales

Company 
Efficiency

Company 
financial 
management 
performance

Efficiency DEA efficiency (I / O orientation

Source: elaborated.
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Erham 2013; Lampe, Hofmann 2014) and “Current assets turnover rate” (Hofmann, 
Lampe 2013; Delen et al. 2013; Halici, Umut Erham 2013; Lampe, Hofmann 2014).
The literature reviewed uses the calculation debt divided by equity for “Debt-to-equity” 
(Hofmann, Lampe 2013; Ciampi, Gordini 2008; Lampe, Hofmann 2014) and we do the 
same for our research model. For “Leverage”, a number of slightly different approaches 
are found. Most studies compute it as debt to the book value of total assets (Campello 
2006) or using long-term debt to the sum of debt and book value of firm equity (Kayo, 
Kimura 2011) or foreign-earned income to net assets (Halici, Umut Erham 2013). Our 
model employs the former formulation. “Debt intensity” is calculated as non-current 
liabilities to current liabilities as in the literature reviewed (Mohd-Sulaiman 2013).
“Coverage ratio” is not as popular as many other variables when studying specific 
industries. However, we employ it here to specifically proxy willingness to invest in an 
industry requiring a high volume of non-current assets. Hofman and Lampe (2013), in 
their analysis the effect of financial statement decisions on company returns for logistic 
service providers, also use this variable, as equity to non-current assets. The “Current 
ratio” variable is commonly used in the literature in the form of current assets to current 
liabilities and we use the same formula in this study (Hofmann, Lampe 2013; Delen 
et al. 2013; Shue et al. 2009; Tehrani et al. 2012; Madrid-Guijarro et al. 2011).
“ROE” is prevalent in the literature in the form of net income to equity (Shue et al. 
2009; Ciampi, Gordini 2008; Tehrani et al. 2012; Madrid-Guijarro et al. 2011; Lampe, 
Hofmann 2014; Devinney et al. 2010). This research adopts the same formula. “ROCE” 
appears more frequently in the literature focusing on capital structure and firm per-
formance. We employ the most common formula used in the reviewed literature and 
compute it as EBIT to capital employed (Vishnani, Shah 2007; Devinney et al. 2010). 
“ROS” is another popular financial ratio. Most of the authors reviewed follow the ap-
proach of calculating net income to sales (Shue et al. 2009; Morgan et al. 2009; Tehrani 
et al. 2012; Ciampi, Gordini 2008; Devinney et al. 2010), and we use the same formula.
“Efficiency”, measured as the result of DEA, is frequently used by authors (Azadeha 
et al. 2015; Kheirkhah et al. 2013; Tosun 2012). A novel approach is using this measure 
with a financial focus (Tehrani et al. 2012; Devinney et al. 2010), as we do in this paper.

2.2. Data analysis methods
A three-step process is applied; starting with PCA, followed by DEA and ending with 
ANN. Applying these techniques represents an inherent advantage, as they do not im-
pose any additional requirements on the sample, such as normality, homoscedasticity, 
linearity or multicollinearity. The effect of normality increases in small samples lead-
ing to homoscedasticity; however, this is not the case with this study, which uses a big 
sample. Additionally, linearity is not the focus of the research objectives. Lastly, due 
to the nature of PCA, multicollinearity is desirable to a certain extent, as component 
rotations reveal the relationships where the variables make the greatest contribution 
to one of the components, while at the same time each component differs as much as 
possible from others.



1012

R. E. Herranz et al. Leveraging financial management performance of the Spanish aerospace ...

The joint application of PCA and DEA is widely used by many authors, including Adler 
and Yazhemsky (2010), Iyer and Banerjee (2016), Ho and Wu (2009). All of these au-
thors first run DEA to compute efficiency, and the result is then included as another vari-
able in the PCA analysis. Their focus is on using these two techniques to rank DMUs 
and comparing the results, looking for explanations for differences. This study takes a 
slightly different approach as PCA is used only to explore and rank the patterns of the 
industry bounded by the model dimensions, as well as its yearly evolution. Furthermore, 
DEA only computes the “Company Efficiency” variable, first to asses companies and 
secondly to be the output of the ANN.
Regarding the combination of DEA-ANN, it is commonly used for the same purpose 
as in this research, by authors such as Azadeha et al. (2015), Kheirkhah et al. (2013), 
Tosun (2012), and Yeh et al. (2010), who use DEA efficiency and financial ratios for 
predicting bankruptcy using a back-propagation neural network.
The three techniques do not all use the full set of model variables from Table 1. PCA 
does not use “Value Chain Position” and “Company efficiency”. The rationale for not 
including the former is that the study focuses on depicting value chain trends as an 
aggregate rather than showing group differences; it should be noted that value chain 
groups are not homogenous in terms of population and this may bias the results of the 
comparison. Regarding the second, it has not yet been computed at this stage of the 
process. The “Company efficiency” variable represents the output of DEA, hence it is 
part of the next phase. Further analysis tackles group differences computing “Company 
efficiency” clustered by the “Value Chain Position” variable.
ANN does not include “Value Chain Position” and “Company age”. There are two main 
reasons for not including the value chain position of a firm in the predictive model. 
On the one hand, in some parts of the value chain there is not a big enough number of 
companies to run an ANN model. On the other hand, even if enough data is available, 
leaving out this variable, means that efficiency can be predicted in such cases where a 
firm changes its position in the value chain, via upward or backward integration. This 
enhances the prediction capability of the model. The rationale for excluding “Company 
age” is an attempt to make this predictive model applicable to newcomers doing their 
market entry feasibility analysis. Therefore, by leaving out this variable, the applicabil-
ity of the model is not constrained. On the contrary, the “Company size” variable is 
included in the ANN model to allow newcomers performing scenario analysis, using 
various market shares in accordance with the business plan hypothesis. 

3. Data

The population contains 539 firms, incorporating those companies that hold an EN 
9100 certification in their Quality Management System (Society of Automotive Engi-
neers 2015), or that belong to national aerospace associations and clusters. On average, 
54.24% of the population have their financial statements listed in the SABI ® database 
(Bureau Van Dijk 2015) for the 2008–2013 period. Multiple imputations of missing 
values and outlier deletion using the Tukey’s univariate approach were used to set the 
sample for analysis, representing 43.44% of the population. Theoretically, the results 
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could not therefore be generalized without running an inference test, however only non-
relevant and very small companies are left out. Hence, the results could be representa-
tive of the industry and the conclusions could be generally applicable. Table 3 shows the 
sample distribution segmented by value chain position. Note that a proprietary database 
is used only as a shortcut in the data collection effort and does not bias it. Otherwise the 
financial statements could be obtained free of charge from publicly-available sources.

4. Analysis

This section describes the application of the analysis techniques to the sample and 
presents the results.

4.1. Principal component analysis (PCA)
An adequacy test is run before sample analysis. The use of PCA is appropriate as the 
KMO index is over 0.500 in all years and very close in 2008, when it is 0.495. Addi-
tionally, the Bartlett’s Sphericity test shows there is significant correlation among vari-
ables, thus indicating the suitability of this technique, as shown in Table 2. The analy-
sis is conducted on a yearly basis using Varimax rotation with Kaiser normalization.  

Table 2. Industry structure and variation

2008 2009 2010 2011 2012 2013

Component 
1

Infrastructure and resource intensity 0.975 0.961 0.971 0.970 0.970 0.967
Asset intensity 0.940 0.919 0.935 0.929 0.939 0.932
Coverage ratio –0.709 –0.697 –0.736 0.755 0.737 0.709
Debt intensity 0.588 0.659 0.627 –0.735 –0.711 –0.650

Explicated variance 26.481 26.597 27.168 28.931 29.919 29.428

Component 
2

Leverage 0.911 0.922 0.946 0.938 0.963 0.923
Debt to equity ratio 0.839 0.844 0.856 0.854 0.895 0.809
Current ratio –0.787 –0.834 –0.802 –0.806 –0.787 –0.806

Explicated variance 16.421 18.590 20.064 21.556 20.956 22.654

Component 
3

ROE 0.921 0.948 0.905 0.928 0.944 0.932
ROCE 0.892 0.922 0.876 0.878 0.915 0.917
ROS 0.870 0.900 0.827 0.860 0.869 0.900

Explicated variance 15.572 15.631 14.132 19.305 19.636 19.233

Component 
4

Current assets turnover rate 0.920 0.926 0.950 0.952 0.960 0.979
Assets turnover rate 0.840 0.805 0.830 0.848 0.849 0.845

Explicated variance 13.009 12.205 10.782 12.816 13.910 11.914

Component 
5

Company age –0.613 – –0.838 – – –
Company size 0.470 0.705 – – – –

Explicated variance – – – – – –

PCA
validity test

KMO 0.495 0.538 0.552 0.526 0.527 0.545
Bartlett’s Sphericity  
Test Chi-Squared 2995.993 3036.440 3063.580 2895.971 3096.053 2190.904

Bartlett’s Sphericity  
Test Significance 0.000 0.000 0.000 0.000 0.000 0.000

Source: elaborated.
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Table 2 displays the number of components, their composition in terms of model vari-
ables, the correlations among the variables and components plus the percentage of vari-
ance of each component in each year.
Five components are obtained with the same yearly configuration in terms of variables 
for all years, although this could be reduced to four, as the fifth component is not rep-
resentative enough. This result shows stability in the underlying dynamics that explains 
on average 77.82% of the industry variance. 

4.2. Data envelopment analysis (DEA)
This study follows a Constant Returns to Scale approach using a CCR and output ori-
ented formulation. Yeh et al. (2010) adopt this approach for their study, in which finan-
cial ratios are also employed. We follow the same DEA linear programming model. It 
is expressed in Eq. (1). There are n DMUs (Companies), each uses m inputs (Company 
age, company size, infrastructure and resource intensity, asset intensity, asset turnover 
rate, current asset turnover rate, debt-to-equity ratio, leverage, debt intensity, cover-
age ratio and current ratio) to produce s outputs (ROE, ROCE, and ROS). The index 
k (k = 1, 2, …, n) represents the DMU whose relative efficiency is to be maximized.
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(1)

The objective function maximises the efficiency score, denoted by hk. All DMUs, whose 
hk is 1, represent the efficient frontier where the rest of DMUs are ranked using their 
hk score. The closer they are to the frontier, the more efficient. The hk is obtained 
comparing, the summation of the variable weights of the r-th output for the k-th DMU 
(urk) multiplied by the output level of the r-th output for the k-th DMU (Yrk), with the 
summation of the variable weights of the i-th input for the k-th DMU (vik) multiplied 
by the input level of the i-th input for the k-th DMU (Xik). This function is subject to 
non-negativity constrains for the input and output weights, plus the assumption of hav-
ing positive Yrj (output level of the r-th output for the j-th DMU) and Xij (input level of 
the i-th input for the j-th DMU).
According to this approach, a company is more efficient than others if it is able to 
produce greater returns in terms of investors (ROE), operations (ROCE) and the mar-
ket (ROS) with a given asset structure, capital structure, liquidity structure and certain 
company characteristics, that are comparable to those of the company in question.
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Fig. 1. Industry-efficient companies group comparison 
Source: elaborated.
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A comparison between top financial performers and the industry average is shown in 
Figure 1. For each model variable, the following information is provided on an aver-
age annual basis: industry mean, the top 50 efficient companies’ mean and the differ-
ence between those two groups (Delta Eff-Ind. row). The rationale for selecting only 
50 companies as the benchmark is that most of companies with an efficiency score of 
1.000 are ranked in the top 50 positions. In some years, however, not all the top 50 
companies have an efficiency score of 1.000; in 2010, for example, the average score 
for the top 50 is 0.992, in 2012 it is 0.999, and in 2013 it is 0.880. Nevertheless, the 
best solution is to keep the top 50 as a group, as it does not jeopardize the results. In 
Figure 1, a white circle means a higher value for the top performers while a black circle 
indicates the opposite.
Additionally, Table 3 shows the financial performance results clustered by their value 
chain coverage.
The conclusions derived from Figure 1 and Table 3, are discussed in the next section. 

Table 3. Financial performance of Spanish aerospace companies segmented by value chain 
position

Value chain position  2008 2009 2010 2011 2012 2013

Engineering
Mean 0.548 0.608 0.577 0.550 0.446 0.452

Std. Dev 0.343 0.360 0.334 0.386 0.333 0.390
N 32 34 41 41 32 30

MAIT
Mean 0.480 0.452 0.447 0.469 0.479 0.389

Std. Dev 0.328 0.375 0.352 0.331 0.348 0.318
N 142 128 139 151 142 102

Services
Mean 0.654 0.574 0.504 0.571 0.428 0.471

Std. Dev 0.360 0.436 0.377 0.371 0.343 0.342
N 22 27 27 24 27 22

MRO
Mean 0.431 0.549 0.565 0.561 0.578 0.113

Std. Dev 0.372 0.397 0.265 0.442 0.387 0.193
N 5 5 5 5 6 3

Eng + MAIT + Services
Mean 0.605 0.647 0.567 0.562 0.495 0.455

Std. Dev 0.376 0.340 0.322 0.351 0.372 0.346
N 34 34 31 35 35 18

Eng + MAIT + Services + MRO
Mean 0.483 0.555 0.482 0.663 0.539 0.821

Std. Dev 0.239 0.382 0.404 0.405 0.411 0.135
N 5 4 5 5 4 3

Total
Mean 0.522 0.522 0.493 0.509 0.475 0.419

Std. Dev 0.342 0.381 0.349 0.350 0.348 0.338
N 240 232 248 261 246 178

Note: MAIT (Manufacturing, Assembly, Integration & Test), MRO (Maintenance, Repair & Overhaul).
Source: elaborated.
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4.3. Artificial neural network (ANN)
In this research, a Multi-Layer Perceptron (MLP) network is used, consisting of one 
input layer (13 neurons), one hidden layer (13 neurons) and one output layer (1 neu-
ron). For the activation function, a tangent sigmoid function is used for the hidden layer 
and a linear function for the output layer. The training algorithm is backpropagation 
(Levenberg-Marquardt). The architecture is depicted in Figure 2, along with the input 
and output variables used.

Fig. 2. Artificial neural network architecture 
Source: elaborated.

Fig. 3. Artificial neural network fit during validation
Source: elaborated.

After running the model, a close fit to 
reality is obtained, as shown in Fig-
ure 3 (R = 0.93195). It can be seen 
that for the 0 and 1 points, values are 
concentrated horizontally, meaning 
that efficiency as measured by DEA 
could not be over 1 and below 0. 
For future research, a super-efficiency 
DEA model, which broadens the range 
of efficiency, may be applied; it would 
subsequently be expected that the 
ANN result, as displayed in Figure 3, 
would be smooth along the fitted re-
gression line on such points. 
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Conclusions

In this study, we find continuity in terms of the four key components of the Spanish 
aerospace manufacturing value chain over the period 2008–2013, which explains on 
average 77.82% of the industry variance. The key drivers as indicated by the variance 
explained for each research question are: (a) ability to balance long- and short-term 
asset, capital and liquidity structures, (b) indebtedness capacity of the company for the 
level of assets held, (c) performance in returns, and (d) assets turnover capability. In 
terms of practical implications, the Spanish aerospace manufacturing value chain is fol-
lowing a number of managerial trends: (a) deleveraging, (b) weighting of non-current 
assets levels over current assets, and (c) transforming short-term liabilities into long-
term liabilities. Those policies are reflected in a slight drop in performance in terms of 
returns (ROE, ROCE and ROS). 
The next conclusion concerns the feasibility of measuring, benchmarking and analys-
ing the financial management performance of companies using DEA efficiency as the 
only metric, following the model presented. Compared to the industry average, the top 
companies in terms of financial performance are: (a) younger, (b) moving from a smaller 
market share in the first half of the period to a higher share in the second, (c) less de-
pendent on non-current assets for their operations, (d) more capable of transforming as-
set investments into sales, (e) more averse to equity than to debt, (f) using higher levels 
of short-term liabilities than long-term, (g) better at covering non-current assets with 
equity and (h) excelling at performance in returns. Top financial performers increase 
their market share and excel at returns compared to the industry average, deploying 
policies focused on liquidity: (a) in the short term by increasing current assets levels 
and financing them with short-term liabilities, plus increasing assets turnover, and (b) 
over the long term, aligning equity to non-current assets, as well as reducing asset and 
debt intensity levels. Firms covering activities from the entire value chain (Engineer-
ing + MAIT + Services + MRO) are above the industry financial performance average 
for the analysed period (2008–2013), showing a better capacity to balance resources 
and optimize operations driving financial performance. Finally, only MAIT companies 
exhibit stability in their financial performance; for the rest of the groups there is a clear 
change between the first and second half of the analysed period. The reason for this is 
probably that their production is constant in order to keep on track in terms of delivery 
plans, and all the financial decisions were made prior to production. This supports the 
selection of a period where new developments take place. 
The last contribution of this research is providing researchers and practitioners with 
a model to forecast company financial management performance based on financial 
statements information. It enables scenario analysis of the managerial decisions to be 
taken, such as modifying the level of debt, equity and assets, ramping up commercial 
campaigns, and/or decreasing the cost baseline. 
These results and conclusions represent a breakthrough for the aerospace manufacturing 
industry, as it is the first such scientific research on financial performance in Spain. Ad-
ditionally, this benchmarking and forecasting of financial performance yields not only 
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information but also a methodology for the sector, thus facilitating financial decision-
making while increasing accuracy. 
Another important aspect of the study is the international potential of the findings; they 
are of interest not only to stakeholders of the case study. The model could be extrapo-
lated to other countries, in order to test the validity of these findings in other regions, or 
to identify differences and their cause. Other sectors could also be examined.
As indicated by the conceptual framework and findings, further research should target 
causality. Companies from all Spanish SICs could be clustered using the model vari-
ables, thus allowing an analysis on the relationship between SIC code and findings for 
this sector. Going further, the country effect, could be regressed on industrial sectors. 
Another proposal consists of applying the model and techniques used in this research to 
the Spanish air transport value chain, with a particular focus on air transport companies 
(passengers and cargo), airports, services companies (handling, crew training, catering, 
computer reservation systems, etc.), lessors, travel agents and air navigation system 
providers. It would thus be possible to identify the link between the two value chains 
(manufacturing and air transport), in an attempt to discover propagation mechanisms of 
trends and policies between those two aerospace value chains.
A major limitation of this study is that it focuses on only one SIC, in a single country 
and during a certain time span. However, this opens up a range of opportunities to 
further test the model in other environments (industrial sectors and countries). More 
research may allow causality to be inferred in the relationship between country or in-
dustry effects and financial performance. 
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