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ABSTRACT

The literature underlines that football clubs face financial problems, which
can lead to insolvency. Existing models seek to predict insolvency for
organizations in different sectors, but only recently have they been developed
for European clubs. Thus, this study proposes insolvency prediction models
for Brazilian football clubs. Based on the ranking elaborated by the Brazilian
Football Confederation, we analyzed 35 football clubs that published their
complete financial statements from 2011 to 2018. Financial and sports
indicators were considered in the development of our neural networkbased models. Results indicated that the variables immediate liquidity, net
working capital, asset turnover, and sports performance in the Brazilian
Championship were significant for predicting insolvency in at least one of
the developed models. This study contributes to the literature on football
clubs’ insolvency by proposing accurate predictive models based on financial
and sporting indicators.
KEYWORDS

Insolvency, Brazilian Football Clubs, Neural Networks

Universidade Federal de Santa Catarina,
Florianópolis, SC, Brasil

1

Received: 06/10/2020.
Revised: 11/05/2020.
Accepted: 02/22/2021.
Published Online: 11/05/2021.
DOI: http://dx.doi.org/10.15728/bbr.2021.18.6.2

this article is distributed under the terms of the creative commons attribution 4.0 international license

1. INTRODUCTION
Insolvency in football clubs usually derives from overspending to achieve better positions in the
championships in which they compete (Beech, Horsman, & Magraw, 2010; Szymanski, 2017).
According to Szymanski (2015), the insolvency of a football club is established as assets become
insufficient to cover obligations. Szymanski (2017) adds that a club may become insolvent and
recover subsequently. Therefore, the sought after maximization of sporting performance can
generate losses and deteriorate the organization’s equity if economic goals are not simultaneously
considered.
Within the literature related to insolvency in football clubs, the existence of a financial crisis
was addressed by Lago et al. (2006), causes for such a phenomenon were discussed theoretically
by Beech et al. (2010) and models formulated for companies were applied by Barajas and
Rodriguez (2014). Recently, Alaminos and Fernández (2019) have devised insolvency prediction
models specifically for football clubs. This literature, however, is focused on the European reality.
Barajas and Rodriguez (2014) recommended the elaboration of models including variables in
addition to those proposed by Altman (1968). Alaminos and Fernández (2019) also suggested
the development of models for South American football clubs, therefore, emerging as a gap in
the existing literature.
Addressing the prediction of insolvency in football clubs is justified. As Szymanski (2017)
points out, it is a chronic problem in the sector. In Brazil, this statement seems to be particularly
pertinent, considering that, according to Dantas, Machado and Macedo (2015), approximately
half of the Brazilian clubs analyzed presented negative equity from 2010 to 2012.
Considering the amount owed by clubs to the Federal Government, tax benefits such as
discounts and installment plans have been implemented for the reversal of part of these debts.
The principles and practices of fiscal responsibility applied to football clubs is regulated by Law
No. 13.155/2015, which created the Brazilian Football Management Modernization and Fiscal
Responsibility Program (PROFUT) and the Public Authority of Football Governance (APFUT).
In case a club adheres to the installment plan, some requirements are established, such as the
publication of standardized statements on its website. This refinancing program for debts with
the government was instituted considering a scenario where several clubs had high debts with
public entities. As an example, in 2019, the 20 participant clubs in the national championship’s
first division owed a combined total of R$1.8 billion to the Union (Petrocilo, 2019).
Therefore, there is a need for a better balance between revenues and expenses to avoid new
indebtedness (Dias & Monteiro, 2020). It is noteworthy that there is a need for efficient laws
and regulations to stimulate better practices in the sector, which is difficult to achieve, but these
actions are not sufficient (Evans, Walters, & Tacon, 2019). The European scenario has some
examples that can be adapted to the Brazilian reality, allowing Brazil to collect taxes related to
the development of the sector instead of regularly pardoning debts.
In this context, our goal is to propose insolvency prediction models for Brazilian football clubs.
The models are developed from neural networks, using financial and sports indicators as input
variables. Results demonstrate that the inclusion of these indicators present predictive power
for insolvency with comparable accuracy to that of Alaminos and Fernández (2019). The most
important variables are immediate liquidity, net working capital, asset turnover, and the sports
performance indicator, in the Brazilian Championship, for at least one model.
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We intend to contribute to the literature on the analysis of football clubs’ insolvency, considering
that this is an important factor to the sports sector and to the economy in general, and the
literature’s demand for predictive models (Alaminos & Fernández, 2019). Additionally, since
insolvency is a stage prior to the bankruptcy of an organization, it is important to understand
the factors that are related to the insolvency of clubs for preventative purposes.
Furthermore, it is highlighted that the financial regulation imposed on European clubs
(Financial Fair Play), with a possible future applicability in Brazil (Pereira, 2019), focuses on
the insolvency of clubs and on losses they cause, with sporting and financial punishments for
those who do not meet the requirements (Alaminos & Fernández, 2019; Plumley, Wilson, &
Ramchandani, 2017). Finally, we highlight the relevance of football clubs as a social and cultural
phenomenon for society and how their insolvency negatively affects creditors, governments, and
other stakeholders (Alaminos & Fernández, 2019; Beech et al., 2010; Freestone & Manoli, 2017).

2. INSOLVENCY IN FOOTBALL CLUBS
It is necessary to distinguish between insolvency and bankruptcy with are similar terms both
frequently used in the literature. The former can be conceptualized as the inability to meet financial
obligations as they fall due. Bankruptcy, on the other hand, is determined when the legal process
to terminate the organization’s activities has been undertaken and concluded (Beech et al., 2010;
Silva, Wienhage, Souza, Bezerra, & Lyra, 2012). In this study, insolvency is analyzed considering
as a criterion the presence of negative equity on the balance sheet, i.e., whether total liabilities
exceed total assets (Altman & Hotchkiss, 2006; Coelho, Edwards, Scherer, & Colauto, 2017).
Beech et al. (2010) flag possible causes that lead football clubs to insolvency. One of these
refers to the competitive structure, as teams compete in championships in which it is possible to
be relegated to a lower division in the following year. In addition, minor differences in sporting
results can affect the teams’ income and their planning (Alm & Storm, 2019). Thus, clubs invest
their financial resources, even above their limits, hoping to convert them into positive sporting
results. However, by failing to obtain them, financial imbalance can occur and compromise their
sporting results (Beech et al., 2010; Szymanski, 2017). Finally, clubs’ indebtedness may increase,
leading them to insolvency (Scelles, Szymanski, & Dermit-Richard, 2018).
In international literature, studies have conducted analyses on the financial difficulties presented
by European clubs. Barajas and Rodriguez (2014), for example, examined insolvency in Spanish
football clubs of first and second divisions, to classify them into solvent and insolvent. To achieve
this goal, the indicator proposed by Altman (1968) was employed. As results, the indicator
classified most of the Spanish clubs as insolvent, besides the presence of negative equity for
80% of them. Therefore, it is notable that the study presented evidence of insolvency for most
Spanish clubs at that time.
Alaminos and Fernández (2019) deepened the discussion regarding insolvency in European
football clubs by elaborating models for insolvency prediction based on neural networks and
logistic regression. To develop the model, the authors used corporate governance variables and
indicators to measure the clubs’ economic, financial, and sporting performance. As for results,
the authors identified that low liquidity, high leverage, and low sports performance were the main
predictors of insolvency. It is noteworthy that this study was the only one found in the analyzed
literature that proposes to predict the insolvency of football clubs through models.

3. METHODOLOGY
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3.1. Population, sample, and time period
The population comprises the 50 largest football clubs in Brazil, according to the ranking
released by the Brazilian Football Confederation in 2019. Such ranking has been used in previous
studies as a selection criterion, such as Dantas et al. (2015). Information from clubs referring to
the eight-year period (2011-2018) was analyzed. The sample is composed by clubs that published
their financial statements on their own websites, websites of football federations, or websites of
large circulation newspapers in at last four years, which represents the disclosure of statements
in at least half of the period. Table 1 shows the 35 clubs in the final sample and their positions
in the ranking mentioned above. Regarding the number of observations, 255 were in total.
Table 1
Sample
Rank

Club

Rank

Club

Rank

Club

1

Palmeiras

13

Fluminense

25

Atlético
Goianiense

2

Cruzeiro

14

Vasco da Gama

26

Paraná

3

Grêmio

15

Bahia

27

Paysandu

4

Santos

16

Sport

28

Santa Cruz

5

Corinthians

17

Vitória

29

Criciúma

6

Flamengo

18

Ponte Preta

31

Juventude

7

Atlético Mineiro

19

América Mineiro

34

Vila Nova

8

Athletico Paranaense

20

Coritiba

36

Náutico

9

Internacional

21

Avaí

39

Joinville

10

Chapecoense

22

Figueirense

41

Brasil de Pelotas

11

Botafogo

23

Ceará

44

Guarani

12

São Paulo

24

Goiás

Source: Authors’ own elaboration

3.2. Financial and sports indicators
The economic and financial indicators, input variables in the neural network-based model,
serve as supports for analyzing the financial statements of these clubs and assisting in measuring
their performance. The indicators were calculated based on the information collected from the
selected clubs’ financial statements. The selected financial statements were the balance sheet
and the income statement, along with explanatory notes. The financial data of the clubs were
updated by the Accumulated Consumer Price Index (IPC-A) until December 2019, to minimize
the inflationary effect of the period.
To calibrate the neural network-based model according to the business model and structure of
the financial statements of a football club, adjustments were required. Therefore, the indicator
that measures the representativeness of intangible assets in relation to total assets was included.
The inclusion of this indicator can be considered an innovation on the study of Alaminos and
Fernández (2019), which developed an insolvency prediction model for European football
disregarding indicators that considered the intangible assets of these entities.
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Including financial indicators, we intend to analyze the liquidity, indebtedness, return on
investment, and profitability of football clubs. It is assumed that insolvent clubs present indicators
at different levels from those presented by solvent clubs. We emphasize that indicators that directly
or indirectly use the net equity were not included, as it is related to the insolvency criterion
adopted in this study. Table 2 presents the selected indicators.
Table 2
Financial Indicators
N.

Indicator

Operationalization

Thoeretical Background

I1

Immediate Liquidity

Cash and Equivalents
Current Liabilities

(Ecer & Boyukaslan, 2014)

I2

Current Ratio

Current Assets
Current Liabilities

(Alaminos & Fernández, 2019)

I3

Net Working Capital

Current Assets − Current Liabilities
Total Assets

(Alaminos & Fernández, 2019)

I4

General Liquidity

Current Assets + Long Term Assets
Current Liabilities + Long Term Liabilities

(Kanitz, 1976)*

I5

Asset
Composition

Current Assets
Total Assets

(Gutiérrez-Fernández, TalaveroÁlvarez, & Coca-Pérez, 2017)

I6

Fixed to Total Assets

Fixed Assets
Total Assets

(Alaminos & Fernández, 2019)**

I7

Intangible to Total
Assets

Intangible Assets
Total Assets

(Guo, Kubick & Masli, 2018)*

I8

Total Debt

Short and Long Term Loans
Total Assets

(Alaminos & Fernández, 2019)

I9

Debt Composition

Current Liabilities
Current Liabilities + Long Term Liabilities

(Martins, Diniz, & Miranda,
2017)*

I10

Net Debt

Net Debt
Total Revenue

(Szymanski, 2017)

I11

Asset Turnover

Total Revenue
Total Assets

(Alaminos & Fernández, 2019;
Ecer & Boyukaslan, 2014)

I12

Return on Assets

Net Income
Total Assets

(Ecer & Boyukaslan, 2014)

I13

Net Margin

Net Income
Total Revenue

(Plumley, Wilson, &
Ramchandani, 2017; R. Wilson,
Plumley, & Ramchandani, 2013)

I14

EBIT to Total
Revenue

EBIT
Total Revenue

(Alaminos & Fernández, 2019)

Note: * Except for these studies, the others applied these indicators to Brazilian or European football clubs ** In
this study, the denominator used originally was the equity of football clubs. Due to the criteria for insolvency in
this study to involve equity, this is replaced by total assets. All indicators that used values taken from the balance
sheet were calculated from the final date balance sheet. Source: Authors’ own elaboration

To ensure that the model becomes more robust and aligned with the reality of Brazilian
football clubs, sporting indicators that represent their respective sporting performances were
included. These indicators were selected from the literature that analyzes the sports performance
in Brazilian and European football clubs.
Some metrics were used to evaluate the performance achieved in the national championship.
As examples, we can mention the club’s final position in the Brazilian Championship, the
percentage of earned points in this championship, and the number of earned points. In order
to measure the sports performance of the teams in the Brazilian Championship, the indicator
formulated in Szymanski and Smith’s study (1997) and employed in other studies since then
(Alaminos & Fernández, 2019; Szymanski, 2017) was used. The proposed sport variables are
evidenced in Table 3.
Table 3
Sportive Indicators
N.

Indicator

Operationalization

Thoeretical Background

Szymanski and
Smith (1997)
Indicator

The indicator formulated in the study by Szymanski and
Smith (1997) is used.

(Alaminos & Fernández,
2019; Szymanski, 2017;
Szymanski & Smith,
1997)

Brazilian
Championship
Position

Position in the Brazilian Championship. The position
of the 20 clubs that played in the first division varies
between 1 and 20, of the 20 clubs that played in the
second division varies between 21 and 40, of the 20 clubs
that played in the second division varies between 41 and
60 and of the 20 clubs that played in the third division,
and fourth division ranges from 61 to 128.

(Scelles et al., 2018)

E3

Earned points
percentual

Represents the percentage of points won by the club
in the Brazilian Championship. The victory of a match
represents 3 points, the tie 1 point and the defeat have no
score. The indicator is calculated from the points earned
divided by the possible number of points earned.

(Plumley, Wilson, &
Ramchandani, 2017)

E4

Division

E5

Fans’
Attendance

E1

E2

Dummy variable to reflect the effects of disputing lower
divisions.

(Alaminos & Fernández,
2019; Dantas et al.,
2015)

Average paying attendance for the Brazilian
Championship.

(Alaminos & Fernández,
2019)

E6

Size

Dummy for the 12 major teams in the country (AtléticoMG, Botafogo, Corinthians, Cruzeiro,
Flamengo, Fluminense, Grêmio, Internacional, Palmeiras,
Santos, São Paulo and Vasco). (1 for the aforementioned
and 0 for the others).

E7

Relegation

Dummy for relegated clubs (1 for relegation and 0 for the
others).

(Dantas et al., 2015;
Ruta, Lorenzon, &
Sironi, 2019)

E8

Promotion

Dummy for promoted clubs (1 for promoted clubs 0 for
the others)

(Ruta et al., 2019)

E9

Total Games

Total number of games played in the season.

(Dantas et al., 2015)

(Plumley, Wilson, &
Shibli, 2017)

Note: The data regarding the sports performance of the clubs were taken from the websites (Ogol, 2019), (Gool,
2019) e GloboEsporte.com (2019). Source: Authors’ own elaboration.

18
629

3.3. Neural Network-Based Model Design
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Neural networks can be defined as a type of machine learning algorithm that artificially
represents the processing of a human brain. They are characterized by learning from errors that
occur during training (Taylor & Koning, 2017). The feedforward configuration is used in this
study, being that in which connections are made only in the direction from the input layer to
the output layer (Al-shayea, El-refae, & El-itter, 2010). Figure 1 illustrates the representation of
a feedforward neural network.

Figure 1. Neural Network Model
Source: Elaborated by the authors

Financial indicators are entered in the input layer of the proposed neural network along with
the sports indicators, according to Table 2 and Table 3, respectively. The included indicators
were normalized according to Formula 1, a process indicated to reduce network training time
and improve network learning (Bishop, 1996; Heaton, 2012). The normalization of variables
in the same range is crucial to avoid problems presented by different scales.
Xn − minimum ( Xn )

maximum ( Xn ) − minimum ( Xn )

(1)

In Formula 1, Xn represents the value of the input variable, while the minimum and maximum
represent the minimum and maximum values of this variable in the sample. The process is
performed separately for each input variable. We operationalize the response variable of the neural
network model in this study as follows: Solvent club = 0 and Insolvent club = 1.
An insolvent club is the one that presents negative equity, and this is assigned a value of 1.
Clubs that present positive net worth are assigned a value of 0. For the output variable, i.e.,
the one that measures insolvency, it presents a continuous interval between 0 and 1. When this
generated value is higher than 0.5, the club is considered insolvent while lower values qualify
solvent clubs (Alaminos & Fernández, 2019). The type I error occurs when insolvent balance

sheets are classified as solvent by the models. Type II error occurs when the models classify solvent
balance sheets as insolvent (Agarwal & Taffler, 2007; Bellovary, Giacomino, & Akers, 2007).
In order to avoid redundancy among the indicators, a correlation matrix was prepared based
on Spearman’s method. The value used by Gajowniczek, Orłowski, and Ząbkowski (2019) is
taken as a parameter, in which indicators with a correlation higher than 0.7 or lower than -0.7
should be excluded. For the treatment of outliers winsorization at 5% is used. As pointed out
by Azme Khamis (2001), the presence of outliers that are at a distance of at least 2 times the
variance affects the networks’ learning.
Three prediction models were elaborated in this study. Thus, the prediction of insolvency for
Brazilian clubs is predicted for the periods t-1 year, t-2 years, and t-3 years, where t is the year of
the test sample. For model t-1 the training sample consists of the information from the period
2011 to 2017. Model t-2 has, as a training sample, the information between the years 2011 to
2016, while model t-3 consists of using the observations from 2011 to 2015.
To measure the network’s success level, two confusion matrices are prepared in conjunction
with Receiver Operating Characteristic (ROC) and Area Under the Curve (AUC) analysis for
the training and testing phases of the proposed neural network. To measure the importance of
the indicators used as input variables in a neural network, Olden’s (2002) algorithm is used.
The use of neural networks to develop the model in the present research is justified because it
presents the results with greater accuracy in predicting organizations’ bankruptcy and insolvency,
when compared to other methods such as logistic regression and discriminant analysis, for
example (Alaka et al., 2018; Alaminos & Fernández, 2019; Bellovary et al., 2007; R. L. Wilson
& Sharda, 1994).
The software R, through the packages neuralnet, ROCR, Hmisc, psych, and NeuralNetTools
was used to elaborate the models through neural networks.
A limitation of this research is the criterion adopted for the solvency of the clubs. The literature
uses this criterion to analyze the solvency of organizations (Altman & Hotchkiss, 2006; Coelho
et al., 2017), but other criteria, such as negative generation of operating cash flow (Balcaen &
Ooghe, 2006), could be adopted and could change the perception regarding this scenario.

4. RESULTS
4.1. Descriptive Statistics
From the analyzed statements, 129 of the 255 showed a positive net worth, and therefore were
classified as solvent. The remaining balance sheets (126) presented negative equity, classified as
insolvent. Such results are similar to those found in Barajas and Rodriguez (2014) and Dantas
et al. (2015), in which nearly half of the Spanish clubs in the first two divisions in 2011 and
nearly half of the largest Brazilian clubs in the period from 2010 to 2012 presented negative
equity, respectively. Additionally, the number of clubs with negative equity throughout the
analyzed period increased, as 21 clubs presented negative equity in 2018, which represents 60%
of the examined clubs. Table 4 presents the results of the sports variables selected to compose
the insolvency classification model.
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Table 4
Sportive Indicators Descriptive Statistics
Panel A – Continuous Variables Descriptive Statistics
Solvent

E1

E2

E3

E5

Minimum

-1,01

1,00

0,13

1614,00

First Quartile

1,17

7,00

0,39

5310,00

Median

1,83

15,00

0,46

11467,00

Mean

1,96

18,48

0,46

13193,33

Third Quartile

2,76

25,00

0,54

18220,00

Maximum

4,85

74,00

0,70

47140,00

Standard Deviation

1,16

14,74

0,12

9475,89

Insolvent

E1

E2

E3

E5

Minimum

0,14

1,00

0,12

1799,00

First Quartile

1,17

10,00

0,39

7028,25

Median

1,67

18,00

0,44

10854,50

Mean

1,81

19,70

0,45

11961,21

Third Quartile

2,31

27,75

0,52

15016,75

Maximum

4,85

60,00

0,71

34150,00

Standard Deviation

0,97

12,33

0,11

6966,29

General

E1

E2

E3

E5

Minimum

-1,01

1,00

0,12

1614,00

First Quartile

1,17

8,50

0,39

6017,00

Median

1,75

17,00

0,46

11225,00

Mean

1,89

19,16

0,45

12654,47

Third Quartile

2,48

26,50

0,53

17202,50

Maximum

4,85

74,00

0,71

47140,00

Standard Deviation

1,07

13,59

0,12

8337,46

Panel B – Dummy Variables Descriptive Statistics
Size
(E6)

Relegation
(E7)

Promotion
(E8)

Brazilian
Championship
Titles

Brazilian
Cups Titles

Libertadores Cup
participations

Solvent

45

18

14

5

2

18

Insolvent

51

21

21

3

6

13

General

96

39

35

8

8

31

Note: E1 = Szymanski and Smith (1997) Indicator; E2 = Brazilian Championship Position; E3 = Earned points
percentual; E4 = Division; E5 = Fans’ Attendance; E6 = Size; E7 = Relegation; E8 = Promotion; E9 = Total Games.
Authors’ own elaboration.

Based on the indicator developed by Szymanski and Smith (1997), it can be noticed that
solvent clubs present a higher indicator value, at the median, and, therefore, better positions
than insolvent clubs. Additionally, the average attendance of solvent clubs was higher than that
of insolvent clubs. These results are convergent with those of Alaminos and Fernández (2019),
that, on average, solvent clubs presented higher sports performance indicators than insolvent ones.

The descriptive statistics of the financial variables are presented in Table 5. The variables that
measure the liquidity of clubs show differences between solvent and insolvent clubs. From the
I2 indicator, used to measure current liquidity, it is perceived that the median of solvent clubs is
higher than that of insolvent clubs. The I3 indicator that reflects the net working capital, shows
that less than 25% of the statements presented positive net working capital. The results converge
with those suggested by Alaminos and Fernández (2019), in which solvent clubs presented higher
liquidity than insolvent clubs.
Regarding fixed asset values, there is a difference of more than four times between solvent and
insolvent clubs. Corresponding results were found by Alaminos and Fernández (2019), meaning
that solvent clubs showed more resources in fixed assets than insolvent clubs. It is relevant to
mention that fixed assets of clubs include stadiums, training centers, and facilities, for those
that own such properties. Thus, the argument presented by Beech et al. (2010) is supported, as
the authors state that clubs that do not own or lose stadium property are closer to insolvency.
The indicator I7, that identifies the representativeness of the intangible assets, in which clubs
present the value of their athletes’ registration rights, shows a higher relevance for insolvent
clubs. In this study, approximately 51% of the clubs presented intangible assets representing
more than 10% of total assets, being that for the club Santa Cruz, in 2012, this value reached
a representation of 91% of total assets. When compared to the findings of Barabanov and
Nakamura (2019), considering their sample of 27 Brazilian clubs, the share of clubs in which
intangible assets represent more than 10% of total assets is slightly higher (66%). Additionally,
the percentage found by the authors for this ratio was 45%.
Concerning indebtedness, the I8 indicator shows that insolvent clubs display higher
representativeness in their obligations for loans and financing than solvent clubs. Such results
are convergent with Alaminos and Fernández (2019), in which indebtedness indicators were
superior for insolvent clubs as opposed to solvent clubs. Additionally, the majority of clubs
present mostly long-term obligations, especially the insolvent ones.

4.2. Neural Network-Based Models
Through Spearman’s method, a correlation greater than 0.7 is shown between variables I2 and
I4, I12 and I13, I2 and I14, I13 and I14, E2 and E4. Additionally, variables E1 and E2; E1 and
E4 show a correlation of less than -0.7. Thus, it was necessary to exclude some variables. For
the model development, variables I2, I12, I13, E2, and E4 were excluded – as these presented a
higher correlation with other used variables – in order to reduce the redundancy of the model.
From Table 6, results for the chosen models are presented. Accuracy measures the percentage
of correct prediction achieved by the model, disregarding the proportion of errors for each type
of error. Thus, if the proportion of solvent and insolvent balance sheets is not balanced, as in this
study’s sample, the error for the group with fewer observations may be underestimated. Therefore,
it is argued that the ROC curve is more appropriate to measure the model’s level of correctness
because it considers type 1 and 2 errors for the calculation of the AUC.

18
633

18
634

Table 5
Financial Indicators Descriptive Statistics
Solvent

I1

I2

I3

I4

I5

I6

I7

I8

I9

I10

I11

I12

I13

I14

Minimum

0,00 0,00

-0,99

0,00

0,00

0,02

0,00

0,00

0,11

0,12

0,01

-4,47

-5,98 -1,88

First Quartile

0,00 0,09

-0,28

0,08

0,03

0,32

0,02

0,02

0,31

1,34

0,18

-0,11

-0,22 -0,15

Median

0,02 0,36

-0,18

0,21

0,08

0,53

0,06

0,06

0,43

2,28

0,30

-0,03

-0,07

Mean

0,05 0,42

-0,21

0,31

0,11

0,53

0,10

0,09

0,45

2,74

0,43

-0,12

-0,15 -0,07

Third Quartile 0,05 0,58 -0,09

0,48

0,16

0,74

0,15

0,14

0,55

3,41

0,46

0,05

0,03

0,09

Maximum

0,01

0,95 2,94

0,25

1,25

0,87

0,93

0,51

0,42

1,00

14,22

5,27

0,96

2,16

1,80

Std. Deviation 0,12 0,43

0,21

0,28

0,14

0,25

0,11

0,10

0,20

2,13

0,62

0,53

0,70

0,47

I13

I14

Insolvent

I3

I4

I5

I6

I7

I8

I9

I10

I11

I12

Minimum

0,00 0,01

I1

I2

-4,43

0,01

0,01

0,07

0,00

0,00

0,09

0,21

0,09

-0,90

-2,99 -2,75

First Quartile

0,00 0,10

-0,89

0,07

0,09

0,34

0,05

0,09

0,28

1,27

0,49

-0,07

-0,27 -0,12

Median

0,01 0,23

-0,50

0,12

0,16

0,57

0,12

0,20

0,38

2,27

0,85

-0,02

-0,05

Mean

0,08 0,30

-0,73

0,18

0,21

0,59

0,16

0,38

0,42

4,37

1,56

-0,03

-0,16 -0,09

Third Quartile 0,05 0,38 -0,26

0,22

0,27

0,84

0,21

0,38

0,51

4,19

1,35

0,01

0,03

0,11

Maximum

0,01

2,54 2,04

0,38

0,84

0,85

1,00

0,81

3,91

1,00

64,01 37,04

0,72

0,90

0,66

Std. Deviation 0,28 0,31

0,77

0,18

0,18

0,27

0,16

0,54

0,19

7,84

3,54

0,17

0,44

0,42

I3

I4

I5

I6

I7

I8

I9

I10

I11

I12

I13

I14

General

I1

I2

Minimum

0,00 0,00

-4,43

0,00

0,00

0,02

0,00

0,00

0,09

0,12

0,01

-4,47

-5,98 -2,75

First Quartile

0,00 0,10

-0,56

0,07

0,05

0,33

0,03

0,04

0,29

1,30

0,26

-0,08

-0,23 -0,13

Median

0,01 0,27

-0,27

0,15

0,11

0,55

0,09

0,11

0,40

2,28

0,48

-0,03

-0,05

Mean

0,07 0,37

-0,46

0,25

0,16

0,55

0,13

0,23

0,43

3,55

0,99

-0,09

-0,17 -0,07

Third Quartile 0,05 0,47 -0,14

0,33

0,21

0,79

0,19

0,24

0,53

3,97

0,93

0,03

0,03

0,11

Maximum

0,01

2,54 2,94

0,38

1,25

0,87

1,00

0,81

3,91

1,00

64,01 37,04

0,96

2,16

1,80

Std. Deviation 0,21 0,38

0,62

0,25

0,16

0,26

0,14

0,41

0,19

5,76

0,40

0,59

0,44

2,58

Note: I1 = Immediate Liquidity; I2 = Current Ratio; I3 = Net Working Capital; I4 = General Liquidity; I5 = Asset
Composition; I6 = Fixed to Total Assets; I7 = Intangible to Total Assets; I8 = Total Debt; I9 = Debt Composition;
I10 = Net Debt; I11 = Asset Turnover; I12 = Return on Assets; I13 = Net Margin; I14 = EBIT to Total Revenue.
Source: Authors’ own elaboration.
Table 6
Models Results
Model Neurons
T-1

2

T-2

2

T-3

2

Sample

TP

TN

FP

FN

Type I
error (%)

Type II
error (%)

ACC (%)

AUC (%)

Training

111

103

0

0

0,00

0,00

100

–

Test

12

16

3

3

20,00

15,79

82,35

95,79

Training

99

87

0

0

0

0

100

–

Test

12

16

3

3

20,00

15,79

82,35

91,05

Training

79

69

0

0

0

0

100

–

Test

11

13

6

4

40,00

21,05

71,59

81,58

Note: TP = True Positive; TN = True Negative; FP = False Positive; TN = True Negative, ACC = Accuracy. Source:
Authors’ own elaboration.

For the training sample, 100% of the observations were correctly classified in all three of the
developed models. For the test sample, it is noticeable that the AUC value decreases as the training
sample period moves away. A possible reason is that the number of observations decreases and
can affect the network training. Such a pattern of hit reduction also occurred in the study of
Alaminos and Fernández (2019), where the explanatory power of model t-1 was higher in that
study and models t-2 and t-3 in this one.
As for the importance of the variables for the model, it is more appropriate to analyze the
Olden algorithm than the weight of the connections and neurons. From this algorithm, it is
possible to analyze the magnitude and relationship of the variables with respect to the model’s
classification. The values of the y-scale, represented in Figures 2, 3 and 4, hold a relationship
with the weights of the connections between the variables and neurons of the model and it is
suggested not to analyze them (Beck, 2018).

Figure 2. Importance of the variables (Model t-1)
Note: I1 = Immediate Liquidity; I3 = Net Working Capital; I4 = General Liquidity; I5 = Asset Composition; I6
= Fixed to Total Assets; I7 = Intangible to Total Assets; I8 = Total Debt; I9 = Debt Composition; I10 = Net Debt;
I11 = Asset Turnover; I14 = EBIT to Total Revenue. E1 = Szymanski and Smith (1997) Indicator; E3 = Earned
points percentual; E5 = Fans’ Attendance; E6 = Size; E7 = Relegation; E8 = Promotion; E9 = Total Games. Source:
Authors’ own elaboration., software R NeuralNetTools package.
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For model t-1, presented in Figure 2, the most important variable was the asset turnover (I11).
This presents a direct relationship with insolvency; the clubs that present a higher indicator are
more likely to be considered insolvent. We highlight that this result relates to the level of assets of
the clubs, showing that insolvent clubs present lower fixed assets than solvent clubs. The second
most important variable for the model, net working capital (I3), presents an inverse association.
Therefore, clubs that display a lower value for this indicator are classified as insolvent. The sports
variable indicator proposed by Szymanski and Smith (1997) (E1) showed an inverse behavior
towards insolvency, as the clubs that performed better in the Brazilian Championship moved
away from insolvency. In the study by Alaminos and Fernández (2019), it is highlighted that
the financial variables were relevant for the model prediction and only one sports performance
variable was considered relevant, according to the criteria adopted in the study.

Figure 3. Importance of the variables (Model t-2)
Note: I1 = Immediate Liquidity; I3 = Net Working Capital; I4 = General Liquidity; I5 = Asset Composition; I6
= Fixed to Total Assets; I7 = Intangible to Total Assets; I8 = Total Debt; I9 = Debt Composition; I10 = Net Debt;
I11 = Asset Turnover; I14 = EBIT to Total Revenue. E1 = Szymanski and Smith (1997) Indicator; E3 = Earned
points percentual; E5 = Fans’ Attendance; E6 = Size; E7 = Relegation; E8 = Promotion; E9 = Total Games. Source:
Authors’ own elaboration., software R NeuralNetTools package.

For model t-2, according to Figure 3, the variables net working capital (I3), debt composition
(I9), and the asset turnover (I11) again proved to be important for the model, consistent with the
results from model t-1. Distinctly, the asset composition variable (I5) proved to be important for
the model. This result indicates that clubs that hold a higher value for intangible and fixed assets,
proportionally in relation to total assets, move away from insolvency. The results of Alaminos
and Fernández (2019) suggest that only financial variables were relevant for the t-2 model, most
notably liquidity and debt variables.
For model t-3, presented in Figure 4, immediate liquidity (I1) and net working capital (I3),
both liquidity indicators, proved to be the most important variables. Additionally, the total
indebtedness variable (I8) is relevant and its relationship is direct. Thus, clubs that present higher
total indebtedness are more likely to be classified as insolvent. We highlight that the variables
asset turnover (I11) and debt composition (I9) were also relevant, as for models t-1 and t-2.
Notably, the debt variables in model t-3 of the study by Alaminos and Fernández (2019), in
addition to a sports performance variable and a governance variable, were shown to be significant
for insolvency prediction.

Figure 4. Importance of the variables (Model t-3)
Note: I1 = Immediate Liquidity; I3 = Net Working Capital; I4 = General Liquidity; I5 = Assets Composition; I6
= Fixed to Total Assets; I7 = Intangible to Total Assets; I8 = Total Debt; I9 = Debt Composition; I10 = Net Debt;
I11 = Asset Turnover; I14 = EBIT to Total Revenue. E1 = Szymanski and Smith (1997) Indicator; E3 = Earned
points percentual; E5 = Fans’ Attendance; E6 = Size; E7 = Relegation; E8 = Promotion; E9 = Total Games. Source:
Authors’ own elaboration., software R NeuralNetTools package.
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From the comparative analysis between the models, it can be noticed that some variables remained
important for all three predictive models. It is worth noting that the variables immediate liquidity
(I1) and net working capital (I3), which indicate the liquidity level of the clubs, proved to be
important and maintained an inverse relationship with insolvency for two of the three models.
Thus, the need for clubs to maintain a higher level of liquidity to stay away from insolvency
is suggested. The variable asset turnover (I11) proved to be important for the three developed
models. As for the sports variables, the Szymanski and Smith (1997) indicator stands out. This
proved to be important for the t-1 model, being inversely related to insolvency. Thus, clubs that
presented a better sports performance tend to move away from insolvency. These results converge
with the research of Alaminos and Fernández (2019).

5. CONCLUDING REMARKS
The objective of this research was to propose insolvency prediction models for Brazilian
football clubs. To this end, three models based on neural networks were developed with financial
and sports indicators as input variables. The choice of this method was justified by the results
presented in the literature (Ahmadpour Kasgari, Divsalar, Javid, & Ebrahimian, 2013; Alaminos
& Fernández, 2019; Tseng & Hu, 2010).
The sport variables contributed to the model classification, according to Olden’s algorithm.
Within these, the one that presented the highest importance was the Szymanski and Smith
(1997) indicator. Thus, solvent clubs presented a better sports performance in the Brazilian
Championship than insolvent teams. Among the financial indicators, both net working capital
and immediate liquidity stand out, demonstrating an inverse relationship with insolvency. The
indicators asset turnover, debt composition, and total indebtedness showed significant importance
for the models and hold a direct relation with the clubs’ insolvency. Therefore, it appears that
clubs should evaluate liquidity, indebtedness, profitability, and sports performance to move away
from insolvency.
Research contributions include the fact that sporting and financial variables were significant
for the development of a model based on neural networks for predicting the insolvency of
Brazilian clubs with high accuracy. Such modeling used for European clubs by Alaminos and
Fernández (2019) proved to be suitable for Brazilian clubs as well. Additionally, in the analyzed
literature, no insolvency prediction model was found for Brazilian football clubs. Therefore, we
sought to address a research gap, as existing models were developed only for European football
clubs (Alaminos & Fernández, 2019). In their study, the authors recommend the development
of models suitable for the South American reality.
Despite methodological differences between studies, it is noted that the sports performance
was significant for the models presented by authors Alaminos and Fernández (2019) and, in a
convergent manner, in this study. Differently, the indicator asset turnover proved relevant for the
model developed for European clubs and for Brazilian clubs, but with an opposite relationship
between studies. That is, whereas in this research the relationship of this indicator was direct,
for European clubs the relationship proved to be reversed.
It is possible to state that, in the analyzed period, the presence of negative equity among the
clubs has increased. Conversely, for those that already presented it, these values increased in the
period, evidencing the financial deterioration of these clubs. The study by Dantas et al. (2015)
revealed clubs with negative equity in the period from 2010 to 2012, a situation that persists.
Football club’s insolvency is observed and studied in Spanish (A. Barajas & Rodriguez, 2014),

German (Szymanski & Weimar, 2019) and English (Beech et al., 2010) clubs and the presence of
negative equity is a suitable indicator for insolvent football clubs (Á. Barajas & Rodríguez, 2010).
For future studies, we suggest adding indicators that reflect governance practices adopted by
Brazilian football clubs, as performed by Alaminos and Fernández (2019) for European clubs,
when formulating an insolvency prediction model. Indicators reflecting clubs’ cash flows may
be included, as well as information related to the external auditing, such as their opinion, may
be of relevance.
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