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Abstract


This study examines whether professional English soccer clubs perform up to their potential. Furthermore we assess whether large soccer clubs perform more efficient than smaller clubs. In order to do so we use Data Envelopment Analysis (DEA) and Stochastic Frontier Analysis (SFA) to analyze our dataset. The dataset contains 54 clubs that remained active in the top 4 divisions of English professional soccer (FA Premier League, Championship, Coca-Cola League 1 and Coca-Cola League 2) all five analyzed seasons (2004/05 – 2008/09). We use three inputs and three outputs in every preliminary model. The input variables are: employees, salary and expenses. The used outputs are: profit, turnover, return on assets (ROA), points and stadium utilization. We executed Canonical Correlation Analysis (CCA) in order to test whether all the used variables have a sufficient contribution to the power of the preliminary models. Based on the outcome of CCA we deleted the variables employees, profit and ROA. 

The results of the adjusted models show that soccer clubs do perform efficient. Bolton Wanderers is the most efficient club in both the DEA and the SFA Premier League model. Notts County, Shrewsbury and Manchester United are the most efficient clubs in the England DEA model. Furthermore we see results that indicate that large clubs do perform more efficient than smaller clubs. 

The study concludes that although English soccer clubs perform well according to their potential, the soccer industry do not necessary performs more efficient than other industries. Furthermore we conclude that larger soccer clubs do perform more efficient than smaller clubs. 


Acknowledgements

I would like to thank my thesis supervisor, Bas Karreman, for his intellectual and enthusiastic support. I greatly appreciate the time and effort he devoted on my thesis. 

Furthermore I would like to thank Hoover’s for allowing me to gain access to and use their data.  

Table of contents
Abstract










5

Acknowledgements









7
1
 Introduction 








11
2 
Theoretical background







17
2.1 
Overview conducted research






18
2.1.1 
Data Envelopment Analysis (DEA)





18
2.1.2 
Stochastic Frontier Analysis (SFA)





21
2.2 
Hypothesis development







22
3 
Data & Methodology







25
3.1 
Data










26

3.2 
Efficiency









26
3.3 
Methods









29
3.3.1
Non- Parametric Methods






29
3.3.2 
Data Envelopment Analysis (DEA) 





30
3.3.3 
Parametric Methods







33
3.3.4 
Stochastic Frontier Analysis (SFA)





34
3.3.5 
Canonical Correlation Analysis (CCA)




36
3.4 
Selection of variables SFA and DEA model





38

3.4.1 
Input Variables







38

3.4.2 
Output Variables







39

3.4.3 
Size Variables








41

3.4.4
 Variables DEA models (default)





41

3.4.5 
Variables SFA model (default)





42

4 
Results









45
4.1 
DEA Results preliminary model






46

4.1.1 
Premier League







47

4.1.2 
England








48
4.2 
SFA Results preliminary model






50
4.3 
Canonical Correlation Analysis Results





51
4.4 
DEA Results adjusted model






52

4.4.1
Premier League







53

4.4.2 
England








57
4.5 
SFA Results adjusted model







60
Chapter 5 Discussion








63
Chapter 6 Conclusion








69
References










73
Appendices










79




1 | Introduction 
	In the introduction the scope of this thesis is explained. A short view is given of the background of this project. Furthermore the research question is defined.






England is the country in which soccer was born, developed and codified. It has the world’s oldest competition, the FA cup, and the most clubs. Before 1992 there were four divisions within one football league in England. In the 1980’s English soccer was struck by crisis. Soccer became polluted by hooliganism and stadiums were old and unsafe. In this dire period, English soccer was struck by a few dramatic events (Heysel, Hillsborough and Bradford) in which dozens of people were killed. These tragedies led to the modernization of English stadium grounds and strict regulations were introduced to fight hooliganism. In the early 1990’s attendances, which had been declining since the 1970’s, started to rise again because of the improved image of soccer and the better economic situation in England. After the crisis in the 1980’s more money flowed into professional soccer. In order to increase income and make themselves stronger and more competitive on a European stage, in 1992 the 22 largest clubs broke away from the Football League (nowadays known as the Championship). This was the foundation of the FA Premier League. The clubs increased their income by selling the broadcasting rights of the Premier League separately from the Football League. In the season 1995/1996 the maximum number of clubs participating in the Premier League decreased to 20.

In the last two decades European soccer has developed from an ordinary sport into a millionaire business. The revenues in for example the English Premier League in season 2008/2009 were 2326 million euro (Deloitte & Touche, 2010). The Premier League has by far the highest revenues in comparison to other European soccer leagues. The second highest revenue generating league is the German Bundesliga. In season 2008/2009 total revenues were € 751 million (Deloitte & Touche, 2010). Professional soccer clubs have transformed into commercial companies. This was mainly caused by three important developments:
1) The introduction of the UEFA Champions League in the season 1992/1993. This is a European competition in which the top clubs of Europe participate. This competition generates extremely large amounts of money of which a large share goes to the participating clubs. For instance in season 2005/2006 the UEFA Champions League generated € 610 million in revenues of which € 437 million was distributed to the 32 participating clubs (Deloitte & Touche, 2007). FC Barcelona for example received 31.3 million euro from participating in the UEFA Champions League in that season. 

2) Clubs became more able to negotiate their broadcasting rights and ask more money for it (Samagaio, Couto & Caiado, 2009). Revenues from television right sales are nowadays (one of) the mainstay(s) of European soccer clubs. The distribution of money generated by selling broadcasting rights differs per country. In England the money paid for the broadcasting rights of the Premier League is equally distributed among the clubs active within that competition. The broadcast rights of the leagues below the Premier League are sold separately from the Premier League. Clubs that are active in the Premier League receive, as a consequence of this distribution, a lot more money than clubs active in the bottom three leagues for selling their broadcasting rights (1). 

3) Large investors started to get interested in soccer. Millionaires and billionaires invested large amounts of money in some clubs (Chelsea and Manchester City for example), increasing the budget of these clubs enormously. As a consequence institutions are more willing to lend money to some soccer clubs, increasing the budgets of these clubs even further (Samagaio, Couto & Caiado, 2009). 

Aside the three developments that vegetated the commercialization of soccer another major change in the European professional soccer was induced by the Bosman Law introduced by the European Court of Justice in December 1995. This law was an important decision on the area of free movement of labor. It had a big impact on the transfer of soccer players within the European Union. The law allowed professional soccer players to switch clubs for free at the end of their contract. It banned restrictions of foreign EU members active in the National leagues. The law contributed to the development of an international player market of professional soccer player’s rights worldwide. The price of the different players was unknown. As a result, clubs had to bargain over a player’s price (Morris, Morrow & Spink, 1996). This resulted in enormous deals in which clubs paid millions euros for one player. At this moment the most expensive transfer is the transfer of Cristiano Ronaldo from Manchester United to Real Madrid. Real paid an astonishing amount of 98 million euro for Ronaldo. 

The commercialization resulted in an enormous financial boost for some clubs. Other clubs did not benefit from these developments or did not benefit to the same extend. Clubs that did not benefit as much as others are those that never play Champions League, clubs which are not playing in the Premier League and are not attractive to investors. This made the gap between the financial potential of clubs larger. For some clubs it is, due to more financial resources, easier to perform good both on (due to more talented players and coaches) and off the pitch (higher revenues from marketing, merchandise etc.). Barros and Leach (2007) even state that within the Premier League, due to an uneven playing field, clubs with the highest revenues have almost guaranteed sporting success. This makes relative performance of clubs (the performance of a club given its financial potential) an interesting issue. How do clubs perform when taken their financial resources in consideration? Therefore we formulate the following research question:

Do English soccer clubs perform, given their financial resources, up to their potential?



2 | Theoretical background

	In this section we give a short overview of the conducted research on the field of efficiency in the soccer industry. Furthermore we formulate our hypothesis.




2.1 Overview conducted research

The commercialization of European soccer clubs in the last two decades has induced the academic community to conduct more research on the area of management performance of soccer clubs. So far the scope of conducted research has mainly been the determinants of performance, the impact of on-pitch success on finances, the effect of increasing winning bonuses and performance efficiency. The performance of soccer clubs basically depends on two fields: sporting and financial performance (Szymanski, 1998). Some determinants of these two types of performances are for example the skills of players (Gerrard, 2005) and coaches (Dawson & Dobson, 2002), market size or base of support from club (Buraimo, Forrest & Simmons, 2007) and the strategic actions undertaken by the clubs (Heij, Vermeulen & Teunter, 2006). We will focus on efficiency since this shows how clubs perform according to their potential, given their (financial) resources. Sport efficiency has been the subject of many empirical studies. Examples are the efficiency analysis’s of clubs active in the Major League Baseball (Haas, 2003b; Jewell and Molin, 2004), National Basketball League (Hofler & Payne, 1997) and different soccer leagues (Samagaio, Couto & Caiado, 2009; Barros & Leach, 2006 & 2007; Barros & Santos, 2004; Haas, 2003a & Haas, Kocher & Sutter, 2001). We will focus on the available research on efficiency of professional soccer clubs. In statistics there are two approaches to measure efficiency: the parametric (Stochastic Frontier Analysis) and the non- parametric (Data Envelopment Analysis) approach (Barros and Garcia-del-Barrio, 2008). We will elaborate on these two different approaches in chapter 3 (Data & Methodology). In the next paragraph we will discuss earlier conducted research on soccer efficiency, split up by the type of approach used to measure efficiency.

2.1.1 Data Envelopment Analysis (DEA)

Studies performed by Haas

Haas conducted research on the German Bundesliga (2001), the English Premier league (2003a) and the US Major League Soccer (2003b). He used data from season 1999/2000 (Bundesliga), 2000/2001 (Premier League) and 2000 (Major League Soccer). In all three studies he used Data Envelopment Analysis. He found in all three cases that about a quarter to one third (depending on the specific technique used for DEA) of the teams were on the efficiency frontier, meaning that they were efficient. The other teams were not on the efficiency frontier meaning that they did not perform efficiently. Haas (2003a) found an average CRS (constant returns to scale) efficiency score of 0.655 and a VRS (variable returns to scale) efficiency score of 0.732. According to his results (using the CRS model, which is described in chapter 3) only four teams performed efficient in the Premier League; Charlton Athletic, Ipswich Town, Manchester United and Sunderland. Manchester United was the champion at the end of the analyzed season and its high efficiency score was driven by its high revenues which partly can be attributed to its performance in the UEFA Champions League and its worldwide image. Other teams that performed well on the pitch (ended second till fourth on the ranking table) are Arsenal, Liverpool and Leeds United. However these teams did not performed very efficiently. This indicates that they used too much input in comparison to the output they achieved. Sunderland and Ipswich Town were the only two clubs performing efficient according to all models. This is mainly because these two clubs did have moderate expenses on both players and coach. In all three studies Haas found that the output “revenue” is the dominant output. Haas concluded that this is the case because revenue implicitly takes success on the pitch as well as entertaining the crowd into account (the other two output variables). Teams should therefore improve efficiency by decreasing wage expenditures, according to Haas. Haas used different output combinations and he found that the efficiency results are quite stable. He considers that this is evidence that DEA is an appropriate instrument to analyze efficiency of professional sport organisations.    

Study performed by Barros and Leach (2006a)

Barros and Leach (2006a) analyzed the efficiency of the Premier League teams, based on observations of five seasons (1998/99 till 2002/03). The analysis was based on a DEA model. Their DEA results show an average CRS efficiency score of 0.870 and an average VRS efficiency score of 1 (meaning that all clubs where VRS pure technical efficient). Barros and Leach found that six of the eleven teams they analyzed were technically efficient. These teams are Arsenal, Aston Villa, Chelsea, Manchester United, Leeds United and Tottenham Hotspur. Barros and Leach found more efficient teams than Haas (2003a). Barros and Leach state that this difference is because Haas only analyzed efficiency in one year. They conclude that clubs with more obtained points, higher turnover and a larger population base tend to be more efficient. This would mean that larger clubs are more efficient than smaller clubs. The general conclusion of this research is that scale is a main driver in sporting efficiency. This confirms the importance of a large local fan base and a high turnover. 

Study performed by Guzmán and Morrow (2007)

Guzmán and Morrow performed a study on measuring the efficiency of Premier League clubs using the data of the seasons 1997/98 to 2002/03. They executed their research using the DEA model. They applied canonical correlation analysis in order to assess whether their selected input and output variables were appropriate. The average CRS efficiency score they found over this analyzed period is 0.845. They describe the results of analyzing season 2002/03 in more detail. In this year they found two teams that were fully efficient, namely Birmingham City and West Bromwich Albion. These are two smaller clubs. Arsenal and Manchester United also performed quite efficient (CRS scores of 0.864 and 0.961). Furthermore they found that no significant differences exist in efficiency scores between teams active in UEFA club competitions and those we are not. Guzmán and Morrow also found that teams that were successful
on the pitch did not perform more efficient. They conclude that these successful teams used too many resources for the level of performance. 

Study performed by Espitia-Escuer and García-Cebrián (2006)

Efficiency of soccer clubs active in the Spanish Primera Division were studied by Espitia-Escuer and García-Cebrián (2006). They used DEA to analyze data of season 1998/99 till 2004/05. They calculated technical efficiency (will be discussed in chapter 3.2) and used these scores to determine the potential number of point the clubs should have obtained within these seasons. They found that only a few teams (14 of in total 140 observations) performed according to their potential. With exception of one season, the champion always was the team with the highest potential. However when looking at all teams in all seasons, it seems that a team’s final league standings depends more on the efficient use of inputs than its potential. Teams that should have been relegated according to their potential did not relegate and vice versa. The results of this research showed the importance of the efficient use of resources in order to maximize sporting performance.  

Study performed by Jardin (2009)

The efficiency of clubs active in the highest French professional soccer division, Ligue 1, was analyzed by Jardin (2009). He focused on the performance in years 2004 to 2007 and used DEA with Assurance Region. The average CRS, VRS and scale efficiency scores he found were 0.809 (CRS), 0.939 (VRS) and 0.857 (Scale). Jardin found that more than one third of the clubs analyzed are efficient (using the VRS model which will be described in chapter 3). Saint-Etienne, Sochaux and Auxerre are the only teams that are efficient according to all models. The main inefficiency resource is the size of the clubs. Most clubs are too big because of too much investment in players. In contrary to Haas (2003b) and Barros and Leach (2006), Jardin found that the clubs who were Champion were not the most efficient clubs. This is also evidence that French clubs are over-investing, meaning they are using too much inputs in comparison to the achieved outputs. Jardin thinks that this difference between Ligue 1 and the US and English competition is due to a higher level of competitive balance in France. This would result in a lower number of points obtained by the champion. Jardin also compared the efficiency scores of every club over the three years, in order to check whether a club has become more (or less) efficient. He found that average efficiency had decreased over the three seasons. He states that this was mainly caused by wage inflation. Jardin distinguished three clusters within Ligue 1: 

1) Average clubs which have a stable management but decreasing efficiency scores (due to wage inflation). This cluster was formed by the five first clubs in the efficiency ranking. 

2) Clubs with environment degradation and an efficiency improvement 

3) Clubs with environment degradation and an efficiency deterioration. 

Each of these clusters has its own dynamic of efficiency evolution: stable (first cluster), positive (second cluster) and negative (third cluster).

2.1.2 Stochastic Frontier Analysis (SFA)

Using the same dataset as mentioned above (Barros and Leach, 2006a) but with a different technique (SFA) Barros conducted two researches on technical efficiency of the Premier League (Barros and Leach (2006b) and Barros and Leach (2007)). The main difference between these two papers is the use of contextual variables. The 2006b paper does not make use of contextual variables.  

Study performed by Barros and Leach (2006b)

The mean efficiency score that Barros and Leach (2006b) found is 87.6%. This score means that soccer clubs can decrease output costs by 12.3% without decreasing inputs. The most efficient club is Manchester United and the most inefficient club is Chelsea. Inefficiencies are derived from the cost of factors. Expenditures that do not convert into points add to inefficiency. Increases in attendances and turnover lead to cost increases. This means that it is costly to increase these two outputs. Clubs should perhaps focus on decreasing the contribution of these two outputs on costs. 

Study performed by Barros and Leach (2007)

Barros and Leach (2007) found that the mean of efficiency scores of the clubs active in the Premier League is 96%. This means that, on average, every club can reduce output cost by 4% without increasing is its input. Interesting is the fact that the “elite” clubs (Manchester United, Arsenal and Chelsea) were the least efficient whenever contextual variables (population, income in the place of residence and whether clubs play in European Leagues) are included. This means that despite that these teams perform well on the pitch, they use too many resources to win. Because of the extensive use of these resources their financial performance is bad. Clubs that are just below the “elite” clubs (for instance Liverpool and Newcastle United) are more efficient. These are clubs active in European leagues but do not compete for the national championship. The third cluster is the most efficient one. These are clubs that play in sub-championships of their own (teams like Southampton and Middlesbrough). These clubs have very different goals in comparison to the other two clusters. In general however, the efficiency scores of the analyzed soccer clubs are relatively higher than those of DMU’s (decision making units) active in other industries. 

Study performed by Kern and Sussmuth (2005)

Kern and Sussmuth (2005) analyzed managerial efficiency in German top league soccer. They used SFA to analyze a dataset which contains data of teams active in the German Bundesliga in season 1999/00 and 2000/01. Kern and Sussmuth made a total ranking based on the efficiency score of the teams. They found that no team was fully efficient within the two analyzed seasons. SC Freiburg and FC Bayern Munich performed most efficient within these seasons, when looking at sporting performance. Eintracht Frankfurt performed by far the weakest on the pitch, given its used input resources. They concluded that having talented players within a team is essential for success on and off the pitch. Increasing the salary of the head coach seems to have no significant effect on the sporting performance. They found that there is significant positive effect of the level of wages of players and coaches on the financial performance of a club.

2.2 Hypothesis development
There are different views on what the managers of soccer clubs want to achieve. Do they want to optimize sporting or financial performance? Sloane (1971) and Kesenne (2007) mention that teams try to maximize the sporting goals (points obtained, prices won, popularity of the club) mostly are subject to a financial constraint. Others, like Quirk and El Hodiri (1974), consider that clubs try to maximize profits. A long term trend is that clubs try to combine profit with performance on the pitch, according to Szymanski and Kuypers (1999). Vrooman (1997, 2000) states that managers therefore try to maximize financial and sporting performance simultaneously. The focus on what a club wants to achieve differs per club. We would expect that, given the economic theory, clubs which are owned by shareholders would have a larger focus on maximizing the economic value of the club, than clubs which are not owned by shareholders. However in the case of a shareholder owned club we need to take in consideration that soccer shareholders are often emotionally involved. They are often also guided by objectives linked to sporting performance even if this means that financial performance is worse. 

As mentioned earlier the commercialization of professional soccer increased the gap between the financial potential of clubs. This makes performance efficiency an interesting issue. Szymanski and Kuypers (1999) state that improving sporting performance leads to a better financial performance. According to Barros & Leach (2006) financial deficits constrain the sporting performance of clubs. So the sporting performance of a club partly depends on the size of the financial base and how efficient the club uses this financial base in order to increase the quality of certain entities. For larger clubs it is easier to perform better on the pitch because they have more money to invest in for instance players, accommodations and trainers. Increasing the investments in these entities could lead to a higher quality of these entities (meaning for example more talented players and coaches). The higher the quality of these entities the more likely sporting success will be. However just investing a lot of money in some entities is no guarantee for success on the pitch. Liverpool, for instance, obtained in the English Premier League in season 2008/2009 3 points more than Chelsea which spend almost 70% more on wages and salaries that year. This example shows that investments need to be efficient and well thought. There has to be good vision within the club, about how to maximize sporting performance. This is a complex process which has to be executed with care. However we see that within every competition a few larger clubs dominate year after year. These clubs have a larger financial base, which makes it easier to perform good, but if those clubs were not using their financial base efficient enough, we could assume that they would not be able to dominate that much. The question is how do clubs perform relatively? Do some clubs dominate purely because of their larger financial base or do they execute a good policy which makes them use this financial base more efficient than other clubs? In order to answer these questions we formulate the following hypothesis:

Larger soccer clubs are more efficient than smaller soccer clubs.

Earlier conducted research does not give a clear answer to this matter. In most researches we saw that one “larger” club (Manchester United, Bayern Munich and the champion of Spain in the analyzed season(s)) performed efficient while the other larger clubs performed less efficient than smaller teams.  





3| Data & Methodology

	We begin with describing the dataset that we are going to use in our research. Than the efficiency which we are going to assess is defined. Furthermore we will describe the methods used for our research. Lastly we will define the variables included in our models.




3.1 Data

In order to answer the research question (Do soccer clubs perform, given their financial resources, up to their potential?) formulated earlier and to check the validity of our hypothesis (Larger soccer clubs are more efficient then smaller soccer clubs) a balanced panel dataset of English professional soccer clubs over the period of five seasons (2005-2009) has been composed. The dataset contains 54 soccer clubs (in total 270 observations) which are active in the top 4 divisions of English professional soccer (FA Premier League, Championship, Coca-Cola League 1 and Coca-Cola League 2) the whole analyzed period (2005-2009). The data used to compose the dataset was supplied by three different resources: Hoover’s, Orbis and a few different internet websites. Most of the data was drawn from the balance sheet and income statements of professional soccer clubs. All the balance sheet variables (expenses, turnover, salary, and profit) are in Euro’s and deflated using the Harmonised Index of Consumer Prices (HICP), with year 2005 as reference period. 
Hoover’s is a business research company that maintains a database of 66 million companies from all over the world. The data provided by Hoover’s contains information about the financial background of soccer clubs active in the four professional soccer leagues in England (Premier League, Championship, League One and League Two). The data from Hoover’s was complemented with data from Orbis. This is a database which contains financial information of 79 million companies. Besides balance sheets this database contains info on directors, auditors, type of ownership and acquisitions. Furthermore we used data provided by a few different websites in our dataset. This were for example the variables points (obtained within a season) and stadium utilization. 

3.2 Efficiency

We are conducting research on the efficiency of English professional soccer clubs. The extended Pareto-Koopmans definition of efficiency is: Full (100%) efficiency is attained by any DMU if and only if none of its inputs or outputs can be improved without worsening some of its other inputs or outputs (Cooper, Seiford & Zhu, 2004). However in the case of professional soccer the theoretically possible efficiency levels are not known. So we focus on relative efficiency. The definition of relative efficiency is: A DMU is to be rated as fully (100%) efficient on the basis of available evidence if and only if the performances of other DMU’s does not show that some of its inputs or outputs can be improved without worsening some of its other inputs or outputs (Cooper, Seiford & Zhu, 2004). This definition avoids assumptions of value and weight of the inputs and outputs used in the model. It also does not induce the need to specify the relations that are supposed to exist between the inputs and outputs used. 
The available literature speaks of many different types of efficiency in Economics (Greco,  2011, Aly et al, 1990). Examples are scale, productive, cost, technical, productive and allocative efficiency. Most of these different types of efficiencies overlap or are part of each other. It is important to select and define the different types of efficiency which we are going to use to conduct our research. 

Researchers that conduct research on the matter of efficiency are often interested in the economic efficiency of a DMU. However, most of the time, they bump onto the same problem: prices cannot be measured accurately enough. If this is the case, researcher could use technical efficiency as a good alternative. Technical efficiency is used in most Data Envelopment Studies (Post, 2003). The level of technical efficiency of a certain DMU is the relationship between the observed production output and the potential or ideal production output (Greene 1993). According to Post (2003) most DEA studies use technical efficiency in combination with Debreu (1951) – Farrell (1957) measures to gauge efficiency. Debreu (1951) measures efficiency of the allocation of resources by calculating how much input can be reduced, while remaining the same level of output. This is Debreu’s so-called coefficient of resource utilization. Farrell (1957) splits efficiency up into technical and allocative efficiency. Farrell defines technical efficiency as producing a maximum output from a given set of inputs using efficient production techniques. In Farrell’s (1957) opinion his allocative efficiency is similar to Debreu’s coefficient of resource utilization. Allocative efficiency is a measure of the total utility derived from the use of certain resources, for instance prices (Markovits, 1998 & 2008).  Barros (2003) refers to allocative efficiency as “the ability of a federation to use inputs and outputs in optimal proportions, given their relative prices”. According to Barros (2003) allocative and technical efficiency combined provides a measure for total economic efficiency.   Figure 1 illustrates Farrell’s (1957) different efficiency concepts (allocative efficiency, technical efficiency and overall efficiency). We assume a firm producing output using two inputs (X and Y). The isoquant is the efficiency frontier which shows the minimum amount of inputs necessary to produce a given output quantity. So the efficiency frontier shows the perfect combination of inputs in order to produce a certain output. It is not possible to decrease inputs more without decreasing output as well. The isocost line shows all combinations of inputs that cost the same amount. Point A is technically inefficient since the same amount of outputs can be produced with the use of less input. The level of efficiency can be measured by the ratio of the optimal resource utilization and the actual resource utilization (0B/0A). Every point on the efficiency isoquant is technically efficient (so point B is technical efficient). Point B is however not allocative efficient since it is not on the isocost line. The only allocative efficient point in the figure is where the isoquant hits the isocost line (point Q). Allocative efficiency can be measured by the ratio of minimum and actual cost (0C/0B). The overall efficiency is the product of technical and allocative efficiency (Farrell 1957). 
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Figure 1 Farrel’s (1957) efficiency concepts

Technical and allocative efficiency will probably be the types of efficiency that suit our research best. Allocative efficiency is however very rarely used in sports efficiency research. This could be due to the fact that most of the time researchers do not know the prices of the inputs accurately enough. Our research is no exception to this matter. So therefore we will only use technical efficiency. However to interpret technical efficiency, a number of qualifications must be made (Farrell, 1987). An efficient production function is estimated from extreme observations, using the available data of DMU’s. Adding more DMU’s might reduce, but never increase, the technical efficiency level of a DMU. This is because of the fact that the efficiency of a DMU is measured in relation to an efficient isoquant (we will elaborate on this in section 3.3). This efficient isoquant can only increase (when looking at efficiency) when more DMU’s are added. If this is the case the distance between the efficient isoquant and the DMU’s that were already in the model will increase (or remain the same). Another qualification would be that it is often questionable whether the inputs of a given DMU are really the same as those represented by a point on the efficient production function. This will not be a problem, when DMU’s have a small number of homogeneous factors of production that can be physically measured. We should also note that if a DMU only uses heterogeneous factors, this will not be a problem if the factors are evenly spread among the different DMU’s. Technical efficiency will reflect the quality of the inputs and also the efficiency of a DMU’s management, when there are differences between the quality of the factors used by the different DMU’s. This is a problem which is almost impossible to eliminate completely. It is not possible to find out in detail what the exact effect of input factors, for example bad management and laziness of players, is on the output. Technical efficiency can be decomposed into “ pure”  technical efficiency and scale efficiency. According to Kounetas & Tsekouras (2007) scale efficiency measures the productivity of a DMU with respect to what it could produce if it operated at the most productive scale size. Factors like constraints on finance and imperfect competition may cause a DMU not to be operating at optimal scale. This inefficiency can be measured by scale efficiency. Pure technical efficiency gives information about the part of technical inefficiency coming from bad management 

3.3 Methods
As mentioned earlier, there are two methods to measure our previously defined efficiency: the parametric (Stochastic Frontier Analysis) and the non- parametric (Data Envelopment Analysis) approach (Barros and Garcia-del-Barrio, 2008). Both methods assume that the production function of the efficient DMU is known. In reality this is not the case. Both methods use the data sample to estimate the efficient isoquant. The two methods then compare the performance of the DMU with the efficiency isoquant using performance indicators. The two methods differ in the assumptions that have to be met. Next we are going to describe the two different methods and their methodology (Stochastic Frontier Analysis for the parametric approach and Data Envelopment Analysis for the non- parametric approach).

3.3.1 Non- Parametric Methods
The non-parametric approach is a “distribution free method”. Unlike the parametric methods, these methods make no assumptions about the distribution of the data (e.g. normality). The non-parametric approach makes fewer assumptions than parametric methods (Hebel, 2002). One assumption that has to be met is the fact that the observations of the dataset are independent. This means that the choice of one observation does not affect the choice of the second observation. Furthermore this method assumes that the variable under study has to have underlying continuity. The idea behind underlying continuity is that to a very small change in an independent variable there corresponds a very small change in the dependent variable (as opposed to a large, abrupt change). When these two assumptions have been met, the non-parametric methods have several advantages (Siegel, 1956):

1. A first major advantage of these methods is the fact that the shape of the population distribution from which a random sample was drawn does not matter (whereas the sample used in parametric methods have to be normally distributed). 

2. A second advantage is that these methods can be used when the sample size is really small (for example six observations). 

3. Another advantage of non-parametric methods is that these methods can cope with treat samples made up of observations from different populations. None of the parametric tests are able to do this unless seemingly unrealistic assumptions are met. 

4. A fourth advantage is the fact that these methods can treat data which are in ranks. It can also cope with data whose numerical scores have the strength in ranks. 

5. Another advantage is the fact that non-parametric methods are available to treat data which are classificatory. 

6. The last advantage of these methods is that they are easier to learn and apply than parametric tests.

3.3.2 Data Envelopment Analysis (DEA) 

The non-parametric method we are going to use is data envelopment analysis. This is a relative new linear programming-based methodology for evaluating the relative efficiency of DMU’s. The original DEA model was developed by Charnes, Cooper, and Rhodes (1978), the CCR model (also known as Constant Returns to Scale (CRS) model). This model calculates technical efficiency (the sum of pure technical and scale efficiency) using (multiple) input(s) and output(s) of the production process, without any assumption on data distribution. In the simple case of only one input and one output efficiency is defined as: 
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It would be more likely if multiple commensurate inputs and outputs are used in the production process. If this is the case efficiency is defined as: [image: image3.png]Weighted sum of outputs
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The CCR model had input orientation and assumed constant returns to scale. Later Banker, Charnes, and Cooper (1984) developed the BCC model which assumed variable returns to scale (VRS). The efficiency score derived from the CCR model are called (global) technical efficiency scores since the model does not take the scale effect into account. Contrary the BCC model does take the scale effect into account. The BCC model allowed researchers to decompose technical efficiency into pure technical and scale efficiency. Researchers can choose whether they want to use an input or output-oriented DEA model. The input-oriented model minimizes the input(s) without reducing the number of output(s). The output-oriented model maximizes the outputs without increasing the number of input(s). The choice of using an input or output-oriented DEA model depends on the market conditions of a DMU. According to Barros and Leach (2006a) a general rule of thumb is that DMU’s active in a competitive market are output-oriented, since they assume that in a competitive market inputs are under control of DMU’s (endogenous). DMU’s try to maximise output subject to market demand, which is uncontrollable for them. If a DMU uses exogenous inputs, the production function is a natural choice (Kumbhakar, 1987).  Barros and Leach (2006a) state that DMU’s active in monopolist markets are input oriented, since output is endogenous, input is exogenous (and thus uncontrollable for the DMU) and the production function is a natural choice.

Figure 2 shows 5 DMU’s, labelled A through E, with a production process which contains one single input and output. Production frontiers are determined by different types of economies of scale: CRS (constant) and VRS (variable). We can see that when assuming CRS, DMU C is the only DMU on the production frontier, meaning that only DMU C is efficient. When assuming VRS, we can see that more DMU’s, namely A, C, and E, are on the production frontier and thus efficient. Any scale inefficiency is due to increasing or decreasing returns to scale. To determine what is the case we use the non increasing returns to scale (NIRS) and the sum of reference weights of the CRS frontier (Forsund, 1992). Decreasing returns to scale exist for DMU’s that are on the efficient frontier where non increasing returns to scale (NIRS) and VRS are equal (e.g. DMU E). Where the two frontiers (NIRS and VRS) are unequal increasing returns to scale exists. The DMU’s which are inefficient (and thus not on the efficiency frontier) can be classified as increasing returns to scale if the sum of the reference weights is less than one for the CRS frontier or as increasing returns to scale otherwise.   
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Figure 2 DEA
When looking at figure 2 and using the input-oriented CRS model, efficiency of DMU B is θB,input,CRS = B0B1/B0B. If we subtract the rate that is the outcome of this equation (0.85 for instance) from 1 (the rate of an efficient DMU which is on the efficiency frontier) we get a rate (in our example 0.15) by which a DMU can reduce its input (in our example by 15%) without reducing its output. When using the output-oriented CRS model efficiency of DMU B can be defined as θB,output,CRS = B3B/B3C. In this case the DMU can keep the input level the same while increasing the output by the ratio of 1- θB,output,CRS. If VRS is assumed and the input oriented model is used, efficiency of DMU B is θB,input,VRS = B0B2/B0B.
As mentioned earlier, it is possible to decompose technical efficiency into pure technical and scale efficiency.  In figure 2 the technical efficiency of DMU B is B2B when assuming VRS. When using the CRS model B1B contributes to the pure technical efficiency and B1B2 to scale efficiency. 
Figure 3 displayed below is a graphical example of a CRS input oriented model, using two inputs (X1 & X2) and one output (Y). The line that binds point A till F is called the frontier. We measure efficiency as the relative distance of a DMU to the frontier. Efficient DMU’s are located on the frontier while inefficient DMU’s are based interior of the frontier. The amount of output is constant on the whole frontier. So if an efficient DMU (who is on the frontier) uses 4 inputs X2 and 1 input X1 it will produce the same amount of output as an efficient DMU (who is on the frontier) who uses 4 inputs X1 and one input X2. 

A DMU is called “Pareto Koopmans” or “strong” efficient if two conditions are satisfied (Cooper, Seiford, and Tone 2006); the DMU has got an efficiency rate of one and all slacks are zero. If only the first condition is satisfied a DMU is called “weak”, “radial” or “technical” efficient. In figure 3 the  technical efficiency of DMU’s G and H are represented by OG1/OG and OH1/OH. 
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Figure 3

For DMU G point G1 is called the Farrell efficient point. This is a point on the frontier (so efficiency rate is 1) where a DMU still has slack, so at point G1 a DMU is “technical” efficient. Efficiency can be increased at this point by reducing input X2 (this is slack) further while keeping the same output. This could be done till point C is reached, which is a “Pareto Koopmans” efficiency point. DMU G has input slack G1C. If however there are many DMU’s included in the analysis slack disappears, because the frontier gets smoother and a DMU has less chance to run into a Farrell efficient point. Reference is a point that an inefficient DMU targets to get from a Farrell efficient point to a “Pareto Koopmans” efficiency point. 
We will use an output-oriented model because we think that an appropriate improvement for an inefficient club would be to increase for example points obtained rather than to decrease for instance the salaries. We will calculate both CRS and VRS models for comparative purposes. The DEA efficiency scores have been calculated with STATA 10. 
3.3.3 Parametric Methods

Parametric methods make, generally speaking, more assumptions than non-parametric methods. Parametric methods have four assumptions that have to be met (Field, A.):

1)  Observations which are used in the dataset must be independent. 

2) The dataset has to be drawn from normally distributed populations. 

3) The populations are assumed to have the same variances. 

4) Data should be measured at least at the interval level.
If these four assumptions have been met correctly, the use of parametric methods will have several advantages (Barros & Leach, 2007). The first advantage is that parametric methods can make more precise estimates of the efficiency isoquants, than non-parametric methods. Another advantage is that when a not relevant variable is included in the parametric model, it will have low or even zero effect on the efficiency scores. Its impact will be negligible. A third advantage is that it is possible to decompose the difference between the actual observation of a DMU’s efficiency and the efficiency isoquant into ‘noise’ and pure efficiency. ‘Noise’ could also be defined as random shocks, such as for example luck. The fourth important advantage is that there are a few well developed statistical tests available for investigating the validity of the model specification. Examples are tests which can be used to assess whether certain factors should be included in the model or not.  
3.3.4 Stochastic Frontier Analysis (SFA)

The parametric method we are going to use is the Stochastic Frontier Analysis. SFA is a method of economic modeling which was introduced by Aigner, Lovell and Schmidt (1977) and Meeusen and Van den Broeck (1977). The original application of the stochastic frontier methodology estimates the fully efficient production function of a DMU. SFA then measures the difference between the inefficient DMU’s and the frontier by the residuals, which are assumed to have two components: noise (Vi) and inefficiency (Ui). Consider a standard non-frontier production function: 
Yi = Xiβ + Vi 








(1)

Yi is the output if the i-th firm (i= 1, 2,..., N). Xi is a row vector of team-specific production determining characteristics (input quantities) and β is a column i vector of regression coefficients. Variable Vi is the traditional error term for economic models which accounts for measurement error and random shocks (noise) which are uncontrollable. Vi is assumed to be independently and identically distributed (iid) with E(Vi)=0 and VAR(Vi)=σ v 2. DMU’s attempt to maximize output (Yi) produced by inputs (Xi), given technology and circumstances.  To operate fully efficient, output should be equal to Xiβ + Vi. So Xiβ + Vi is the frontier output or the stochastic frontier. In most cases however, a DMU operates not fully efficient, so usually the observed output (Yo) is smaller than the fully efficient output (Xiβ + Vi). Inefficient DMU’s operate therefore below the fully efficient production frontier (they produce less output due to inefficiency). The best performing clubs have an efficiency score of one, while inefficient clubs have a score of less than one. 

In addition, let Ui be a non-negative random variable that represents the distance by which actual production falls short of the maximum possible production due to inefficiency. Ui  is controllable by the DMU. Now the model to be estimated becomes:

 Yi = Xiβ + Vi - Ui







(2)
Inefficiency term Ui represents team specific technical inefficiencies and is independent of Vi, is assumed to be iid, E(Ui) = 0 and VAR(Ui)=σ u 2.The closer the value of Ui is to zero, the more efficient a DMU is (if it equals zero the firm is fully efficient). We will however use a related measurement of inefficiency by which the percentage of frontier output attained by the DMU is calculated (100% means full efficiency). The error term of equation 2 can be used to estimate the frontier model’s parameters:

ei = Vi - Ui 








(3)

where Vi is independent and identically distributed N(0, σ v 2), and Ui and Vi are assumed to be independent. For the distribution of error term Ui there are three choices (Hofler & Payne, 1997):

a) Ui is exponential,

b) Ui is independent and identically distributed N(0,σ u 2) and has a half normal distribution,

c) Ui is independent and identically distributed N(µ,σ u 2) where µ does not equal zero and is truncated at zero
With today’s knowledge researchers prefer option c. They state that the first two choices tend to underestimate the extent of inefficiency. So we will use the third distribution. 

This original specification has been used in many empirical applications the past decades. It has however been altered and extended in many ways. These extensions include for example the specification of more general distributional assumptions for Ui and the extension of the method to a cost function (instead of production function). Whether a researcher should use a cost or production function depends on the environment in which the analyzed DMU’s are active (Kumbhakar, 1987). The production frontier is the most adequate option if this is an environment in which the main objective is to maximise sales and profits and the DMU’s face exogenously determined input and output prices. Assuming that this is the main goal of soccer clubs the production frontier model is the most adequate model. The cost frontier model however is the best model when researchers use multiple outputs (Cornes, 1992). Although we are using multiple outputs we use the production frontier model because we do not have de adequate data in order to compute input prices, which have to be used as inputs in a cost frontier model. Another choice we have to make is between assuming that efficiency is time invariant or time varying. The main question in this matter is whether efficiency is considered permanent or transitory. Assuming that efficiency is time invariant is applicable in two cases: when analyzing a very small number of time periods or when the structure of the production technology is assumed to be constant over time (in this case DMU’s do not learn from past experiences). When the operating environment of a DMU is competitive it is however not very likely that a production technology stays constant over time (Kumbhakar and Lovell, 2000). We analyze a very competitive environment over 5 years. We assume that clubs learn (or at least try to learn) from past experiences. This view is supported by Dawson et al (2000). They state that their results indicate that time invariance is not an adequate representation of managerial efficiency in English soccer. So therefore we assume that efficiency is time varying. Frontier 4.1 has been used to calculate the SFA efficiency scores
3.3.5 Canonical Correlation Analysis (CCA)

Researchers normally select the input and output variables that, in their opinion, are necessary to include in their DEA and SFA model. However in order to avoid including too many variables in our models (which could  lead to a excessive number of efficient DMU’s in case of using DEA) and to maximize the degree of correlation in the input and output sets of each model we adopt canonical correlation analysis. This technique, developed by Hotelling (1936), can determine the optimal weights that maximize the correlation between the linear combinations of two sets of variables (in our case inputs and outputs) (Lattin et al, 2003). CCA could be used to check whether all used variables make a contribution to the power of the model.

Regression analysis can be used to understand the dependence relationships in a dataset. It attempts to explain changes in an output by weighting the inputs common to all observations. We however use multiple outputs and can therefore not use regression analysis. We have to use a technique that simultaneously combines the weights of outputs and inputs in order to obtain maximum correlation between them (Guzmán, 2004). This is the basis of CCA. CCA has three objectives:

1) To check whether two groups of variables are independent or not.
2) Show the level of relationship between two groups of variables (if they are dependent).
3) Explain the nature of the relationships between the two groups of variables and measure the relative importance of each variable to the canonical functions.  
CCA tries to identify and quantify the associations between two groups of variables. It aims to find the maximum correlation between a chosen linear combination of the first group of variables (inputs) and a chosen linear combination of the second group of variables (outputs). These linear combinations of a group of variables are defined as canonical variates. The relationship between two canonical variates is called a canonical function. The canonical correlation coefficient shows the validity of the relationship between the canonical variates (which are the chosen linear combinations of inputs and outputs). If the canonical correlation coefficient is squared we get the eigenvalue. The eigenvalue estimates the amount of shared variance between the canonical variates of the two (input and output) groups (Lattin et al, 2003).
There are multiple significant tests in order to assess which canonical functions we must interpret. Some authors (Hermoso, 2000 and Hair et al., 1999) suggest that using one test is insufficient, so therefore we use two tests. A first and most reliable test is an overall test to check whether there is a significant relationship between the two groups of variables is the Wilk’s criterion (Guzmán & Morrow, 2007). The redundancy analysis is the second test in order to assess which canonical functions we must interpret. It measures the proportion of variance in a canonical variate (input or output) explained by the other canonical variate in a canonical function. Thus the redundancy index of the output (or input) canonical variate represents the amount of variance in the output (or input) variables explained by the input (output) canonical variate (Pearson Prentice Hall Publishing). There is no agreement on what is a sufficient value in order to accept the redundancy of a canonical function. The minimum required redundancy differs per study. Guzmán and Morrow (2007) use, for example a minimum of 0.7, while Guzmán accepts a redundancy of 0.47 in another study (Guzmán, 2004). According to a Pearson Prentice Hall Publishing a redundancy rate which is not high (e.g. not above 0.7) does not necessary mean a canonical function should not be interpreted. Researchers should check what causes the redundancy rate to be lower. If the low (or not high) redundancy results are caused by a relatively low shared variance in the variate and not the eigenvalue, researchers should still interpret the canonical function. In the Pearson Prentice Hall Publishing it is stated that researchers have to determine every time, based on the theoretical and practical significance of the canonical function to the research problem, if the redundancy index is high enough to justify interpretation. Based on these statements and the used minimum acceptable redundancy rates in other studies (i.e. Guzmán and Morrow, 2007 and Guzmán, 2004) we will set our minimum redundancy rate at 0.6. If a redundancy rate is below the minimum (0.6) we will check what causes the redundancy rate to be lower. Based on this check we will decide whether we have to interpret the canonical function. 
Within CCA there are three methods to examine the relative importance of each of the original variables in the canonical relationship (Guzmán and Morrow, 2007 and Guzmán, 2004). The first method uses the canonical weights in order to assess the relative importance of each of the canonical variates in the canonical relationship. Due to multi-collinearity this method is not very reliable. In the second method, which is more reliable, we look at the canonical loadings. The canonical loadings are the correlations between the original variable and its canonical variate (Lattin et al, 2003). The third and most reliable method is canonical cross loadings. In this method each original variable is related with the opposite canonical variate. We will use the last two methods. No universal agreement has been made regarding the value of the loadings required to accept or reject the variables in the model. Hair et al. (1999) however state that the loadings of a variable should be greater than 0.5. Guzmán (2004) and Guzmán and Morrow (2007) use a higher minimum, namely 0.7. Based on the minimum value of the loadings of other studies we set our minimum on 0.6.
3.4 Selection of variables SFA and DEA model
Next we are going to describe the variables we used in our preliminary models (before analyzing the importance of the variables within the model with CCA and perhaps deleting some variables). Also we will explain why we choose these variables in order to execute our research. 

In order to use a frontier model and estimate a production frontier using SFA and DEA we need to choose inputs and outputs. We selected those variables based on previous and comparable studies in the literature. Also the availability of the data was a factor in determining the inputs and outputs.

3.4.1 Input Variables

· Employees. This rate is the total number of employees a club has. This includes players, coaches, security, groundsman, cook etc. This variable has not yet been used in any efficiency research involving soccer clubs (only total number of players and staff). We however choose this variable because in our opinion it is a proxy for how large a club is. You can state that the more employees a club has, the larger the club is. The number of employees is more likely to have a negative than a positive effect on the efficiency of a company. More employees means more levels within a company. More levels could increase bureaucracy which has a negative effect on efficiency.
· Salary. This is the total amount an employer (club) pays his employees in exchange for labour. This includes players, coaches, security, groundsman, cook etc. The variable has been used by Jardin (2009), Barros et al (2010) and Guzmán et al (2007) as input variable. Jardin (2009) states that total salary can be used as a proxy for a team’s talent stock. We choose this variable because it could be used as a proxy to measure the size of a club and playing/coaching talent. A large payroll could be a result of a club employing a lot of people. It could also be the result of offering higher wages. We can state that the more a club spends on wages, the larger the club is. Although total salary is not a perfect proxy for playing/coaching talent, because also non-playing/coaching employees are included, it appears to be the best proxy available. Also salary can be seen (as mentioned in paragraph 2.2) as an investment in certain entities, for instance players and coaches. Higher investments in these entities could lead to higher quality which could lead to better sporting performances. Szymanski and Kuypers (1999) demonstrated that there is a relationship between investing in playing staff and on-field success. Since we focus on evaluating efficiency of the entire club it is appropriate to use total salary. This variable was deflated with year 2005 as 100.
· Expenses. These are any costs of doing business. Included in this category are items like lease and rental charges, fixed asset depreciation, repairs and renewals, training ground costs and professional fees. This variable is used as an input in the studies conducted by Barros et al (2010) and Guzman et al (2007). According to Guzman et al (2007) the expenses represent resources invested by clubs in order to achieve sporting and financial goals. We choose expenses as an input variable because it can be seen as a proxy to measure the size of a club. A club that spends more money usually generates more money. We can state that the higher the expenses of a club are, the larger the club is. This variable was deflated with year 2005 as 100.  
3.4.2 Output Variables

· Profit. This rate measures the positive gain from an investment or business operation after subtracting for all expenses. Profit has not yet been used by other researchers in order to assess efficiency of soccer clubs. We however choose profit as an output variable because in our opinion it is a good proxy for measuring financial performance. Soccer clubs have transformed into commercial companies. The main goal of most commercial companies is to maximize profits. So we can state that the higher the profits generated by a club the better the financial performance of a club. This variable was deflated with year 2005 as 100.
· Turnover. This is the total annual sales. It could consist for example sales of players, match ticket sales and price money. Turnover has been used as an output in a lot of studies involving efficiency of soccer clubs (e.g. Barros & Leach, 2006a; Haas, 2003a&b and 2001; and Jardin, 2009). In all cases turnover was chosen as an output because it is a proxy for financial performance. So therefore we will use it as well. Low turnover is a sign of inefficiency. A high turnover does however not necessary mean that a club is more efficient. If a club generates the highest turnover it could be that, given the potential, it is less efficient than other clubs which have a lower turnover. Turnover can also be used as a proxy to measure size of a club. We can state that the higher the turnover of a club the larger the club is. This variable was deflated with year 2005 as 100. 

· Points. This output variable is the total of points obtained by a club within one season. For winning a team earns 3 points, for a draw 1 point and if a club loses it will receive 0 points. The number of points obtained by the teams lead to a ranking which determines the team who will be champion, the teams who promote and relegate and who will be playing in international tournaments next season. We choose this variable because it is a good proxy to measure sporting performance. It has been used as a proxy for sporting success in almost every other recent paper on professional soccer (e.g. Haas et al., 2001, 2003a&b; Espita-Escuer and García-Cebrián, 2006; Barros & Leach, 2006a; Haas, 2003a&b and 2001; and Jardin, 2009). We can state that the higher the number of points obtained during a season, the better the performance on the pitch and thus the sporting performance.   

· Stadium utilization. This variable shows in percentage how much of the stadium capacity was used on average during home matches.  It has been used as an output by Haas (2001). He states that this variable can be used as a proxy for the utility generated by a team. We choose this variable as an output because in our opinion it is a proxy for measuring sporting performance and a team’s social output. If a club is more successful on the pitch (sporting performance), more people will be attracted to the stadium to watch a game. The variable was computed by dividing the average attendances of a team’s home matches by the stadium capacity of a club. The rate shows in percentage how much of the stadium was utilized during the season. We take this variable instead of total attendances because in that case clubs with small stadiums would clearly be disadvantaged. 

· Return on assets (ROA). This variable shows how profitable a club is relative to its assets.  It is calculated by dividing profits by assets. We calculated this variable in order to meet the normality assumption SFA has. The variable profits could not meet this assumption and could not be log transformed because this variable contains negative rates. Both used variables (assets and profits) have been deflated with year 2005 as 100. 
3.4.3 Size Variables

We will also use four variables which will be used as proxy to measure the size of a club. All variables will be dummy variables:

· Employees_Size.  

· Turnover_Size. 

· Expenses_Size.

· Salaries_Size.

Clubs are defined as being small (dummy value = 0) according to a proxy for size if the score of the used proxy (employees, turnover, expenses and salaries) is lower than the mean (of that proxy) subtracted by half of the standard deviation (of that proxy). Clubs are defined as large according to a proxy for size (dummy value = 1) if the score of the used proxy (employees, turnover, expenses and salaries) is above the sum of the mean and half of the standard deviation.
3.4.4 Variables DEA models (default)
In order to analyze the balanced panel dataset with DEA we will create two different models. One model will survey the efficiency of all clubs in the dataset (54 clubs). We will refer to this model as the England DEA model. A second model will survey the efficiency of all clubs active in the Premier League the whole analyzed period (13 clubs). We will refer to this model as the Premier League DEA model. We will include different combinations of input and output factors in the two DEA models. In the England DEA model we used as inputs the variables salaries, employees and expenses. As outputs we used profit, turnover and stadium utilization. In the Premier League DEA model we used the same input factors but replaced stadium utilization by points as output factor. We think that points is the best proxy to measure sporting performance, since the amount of obtained points within a season is a direct result from performance on the pitch. The variable can however only be used by analyzing the Premier League DEA model because multiple leagues are included in the England DEA model. Using points as output in this model would therefore bias results. 

3.4.5 Variables SFA model (default)
We created two DEA models with which we are going to analyze our dataset. In order to use SFA the data must meet more assumptions. Unfortunately the dataset as whole could not meet these assumptions. However when just focusing on the teams which were active in the Premier League the whole analyzed period (13 teams), we see that their data can meet the SFA assumptions. So therefore we construct a SFA model which only analyzes these 13 teams. We estimated the stochastic production frontier, for these Premier League teams, using three inputs (expenses, salaries and employees) and three outputs (points, turnover and Return On Assets).



4 | Results

	In this section we will describe the results extracted from our models.   




4.1 DEA Results preliminary model
As mentioned earlier we constructed two different DEA models to analyze efficiency. Recall that the technical efficiency measure is relative to the most efficient team(s). The estimates thus show the upper bound for each team. It is however very plausible that the most efficient team, according to this analysis, in reality does not reach 100% efficiency (it is only the most efficient performing team in the model). If this is the case all teams will in reality (absolute measure) have more inefficiency than is listed in our outcome (which is a relative measure). The efficiency scores of every model show the efficiency of clubs in that model in comparison to the other clubs within that model. We emphasize that the DEA efficiency results of the Premier League model are not comparable to the results of the England model, due to the different number and the different type (on average smaller clubs in the England DEA model than in the Premier League DEA model) of observations included in the models. DEA calculates the efficiency frontier based on the available observations. A small number of observations will cause the efficiency frontier to be “lower” (see figure 2 in chapter 3) in comparison to an efficiency frontier based on more observations. A “lower” efficiency frontier will cause the efficiency scores to be higher. Thus the model with the smallest number of observations (Premier League) will have relatively more high efficiency scores than the model with a larger number of observations (England DEA model) due to the how DEA works. Figure 4 and 5 show the development of the CRS technical and VRS pure technical efficiency scores of the two DEA models. The Premier League DEA model is in both (CRS and VRS) models more efficient than England DEA model (although the difference between the two VRS efficiency scores is minimal). This is, as mentioned earlier, due to the different number of observations included in the models. The average efficiency scores of the VRS model are higher than those of the CRS model. This is the case in every efficiency study using DEA and is caused by the how the two different models work (see chapter 3.3.2). You can see that the VRS efficiency scores of both models are closer to each other than the CRS efficiency scores. Interesting is the fact that the VRS pure technical efficiency scores of the Premier League increased in 2008, while those of the England model decreased. This is also the case for the CRS efficiency scores of the year 2006. [image: image6.png]CRS efficiency scores
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  4.1.1 Premier League
	Table 1. Characteristics of the variables Premier League DEA model

	Variable
	Observations
	Minimum
	Maximum
	Mean
	Std. Deviation

	Expenses
	       65    
	8.4         
	418.6
	150.928    
	105.109        

	Salaries
	 65    
	28.5
	179.2
	67.971
	35.891

	Employees
	65    
	92       
	1463
	393.262    
	282.340                  

	Turnover
	65    
	 52.2      
	      397.7
	143.359    
	90.363     

	Profit
	65    
	-209.2      
	121.2
	-9.942
	48.122     

	Points
	65
	32
	95
	58.846    
	17.099         


The used variables have been characterized in table 1. Table 2 presents the results of 

the preliminary Premier League DEA model. You can see the average relative efficiency scores of soccer clubs active in the Premier League throughout all five analyzed seasons. The average efficiency scores are based upon the year efficiency scores presented in appendix A. Table 2 reports the results of both constant returns to scale (CRS) and variable returns to scale (VRS). The clubs are ranked based on the average efficiency scores. The results show how efficient the Premier League teams perform in relation to each other (while in section 4.1.2 you can see how they perform in relation to each other and teams which are active in lower divisions). The size of the different teams is measured using the four dummy variables (Employees_Size, Turnover_Size, Expenses_Size and Salaries_Size) which could be used as a proxy to measure the size of the club. We define a club as being large when at least three of the four proxies for size show large as a result. The opposite goes for the definition of a small club. The average efficiency scores of these 13 clubs are high. The mean CRS technical efficiency score is 0.871. This means that on average, when assuming CRS, these teams can increase outputs by 12.9% (1-0.871) without increasing their inputs. The mean VRS pure technical efficiency and scale efficiency scores are higher (0.913 and 0.953), this means that these clubs can, on average and when assuming VRS, increase their outputs by 8.7% (1-0.913) without increasing their inputs. 

	Table 2. Average efficiency scores soccer clubs Premier League 2005-2009 (preliminary model)

	Rank
	DMU
	Average CRS 
	Rank
	DMU
	Average VRS 
	Average Scale

	1
	Manchester United
	1.000
	1
	Manchester United
	1.000
	1.000

	1
	Arsenal
	1.000
	1
	Arsenal
	1.000
	1.000

	1
	Bolton Wanderers
	1.000
	1
	Bolton Wanderers
	1.000
	1.000

	4
	Middlesbrough
	0.997
	1
	Middlesbrough
	1.000
	0.997

	5
	Tottenham Hotspur
	0.971
	5
	Tottenham Hotspur
	0.982
	0.988

	6
	Everton
	0.954
	6
	Liverpool
	0.972
	0.923

	7
	Liverpool
	0.896
	6
	Everton
	0.969
	0.984

	8
	Aston Villa
	0.893
	8
	Chelsea
	0.967
	0.650

	9
	Blackburn Rovers
	0.850
	9
	Aston Villa
	0.894
	0.999

	10
	Manchester City
	0.766
	10
	Blackburn Rovers
	0.876
	0.972

	11
	Fulham
	0.719
	11
	Manchester City
	0.806
	0.945

	12
	Newcastle United
	0.642
	12
	Fulham
	0.752
	0.953

	13
	Chelsea
	0.629
	13
	Newcastle United
	0.657
	0.976

	
	Mean
	0.871
	
	Mean
	0.913
	0.953


Note: Bolded teams are defined as being large, underlined teams are defined as being small 

When looking at table 2 we see that in general the large clubs are ranked higher than the smaller clubs in both the CRS and VRS model. This could be evidence that larger clubs perform more efficient than smaller clubs. 

4.1.2 England

Table 3 shows the characterizations of the variables used in the England DEA model. 

	Table 3. Characteristics of the variables England DEA model

	Variable
	Observations
	Minimum
	Maximum
	Mean
	Std. Deviation

	Expenses
	       270    
	0.1      
	418.635
	50.644    
	79.562         

	Salaries
	 270    
	0.218    
	211.787
	28.386    
	35.322

	Employees
	270    
	12       
	1463
	232.156    
	230.589         

	Turnover
	270 
	0.4
	397.713
	49.339     
	71.258         

	Profit
	270    
	-209.2      
	121.212
	-4.528    
	24.614     

	Stadium utilization
	270    
	23.2       
	99.8
	71.672    
	19.792       


In appendix B you can see a summary of the leagues the clubs were active in during the five analyzed seasons. Table 4 shows you the average relative efficiency scores of soccer clubs active in the top 4 divisions (Premier League, Championship, Coca-Cola League 1 and Coca-Cola League 2) in England throughout all five analyzed seasons (2005-2009). The average efficiency scores are based upon the year efficiency scores presented in appendix C. The table shows how efficient the English clubs perform in relation to each other. Again we emphasize that you cannot compare these results to the results in table 2. The clubs are ranked according to their CRS and VRS average efficiency scores. The mean CRS technical efficiency score we found is 0.740. This means that, when assuming CRS, on average a club can increase output by 26% (1-0.740) without increasing its inputs. Again the VRS and scale efficiency scores are higher (0.901 and 0.817). These results mean that, when assuming VRS, on average a club can increase output by 9.9% (1-0.901) without increasing its inputs. 
	Table 4. Average efficiency scores soccer clubs England 2005-2009 (preliminary model)

	Rank
	DMU
	Average CRS
	Rank
	DMU
	Average VRS
	Average Scale

	1
	Manchester United
	1.000
	1
	Manchester United
	1.000
	1.000

	1
	Notts  County
	1.000
	1
	Notts  County
	1.000
	1.000

	1
	Shrewsbury
	1.000
	1
	Shrewsbury
	1.000
	1.000

	4
	Arsenal
	0.993
	1
	Arsenal
	1.000
	0,993

	5
	Leyton Orient
	0.957
	1
	Tottenham Hotspur
	1.000
	0,949

	6
	Gillingham 
	0.953
	1
	Bristol City
	1.000
	0,811

	7
	Bolton Wanderers
	0.950
	1
	Watford
	1.000
	0,737

	8
	Tottenham Hotspur
	0.949
	8
	Norwich City
	0,999
	0,743

	9
	Scunthorpe United
	0.934
	9
	Southend United
	0,998
	0,891

	10
	Middlesbrough
	0.912
	10
	Gillingham 
	0,995
	0,957

	11
	Wigan Atletic
	0.909
	11
	Bolton Wanderers
	0,994
	0,954

	12
	Hull City
	0.900
	12
	Wigan Atletic
	0,988
	0,920

	13
	West Bromwich Albion
	0.891
	13
	Chelsea
	0,987
	0,606

	14
	Southend United
	0.890
	14
	Blackpool
	0,984
	0,745

	15
	Aston Villa
	0.873
	15
	Scunthorpe United
	0,981
	0,948

	16
	Liverpool
	0.839
	16
	West Bromwich Albion
	0,977
	0,910

	17
	Walsall
	0.825
	17
	Leyton Orient
	0,976
	0,981

	18
	Brentford
	0.812
	17
	Brighton & Hove Albion
	0,976
	0,655

	19
	Bristol City
	0.811
	19
	Liverpool
	0,973
	0,862

	20
	Everton
	0.773
	20
	Charlton Atletic
	0,970
	0,691

	21
	Southampton
	0.769
	21
	Hull City
	0,967
	0,925

	22
	Sheffield Wednesday
	0.755
	22
	Newcastle United
	0,965
	0,638

	23
	Leicester City
	0.747
	23
	Westham United
	0,956
	0,673

	24
	Bristol Rovers
	0.745
	24
	Middlesbrough
	0,946
	0,960

	25
	Norwich City
	0.742
	25
	Aston Villa
	0,943
	0,918

	26
	Watford
	0.737
	26
	Everton
	0,941
	0,818

	27
	Blackpool
	0.733
	27
	Bristol Rovers
	0,932
	0,805

	28
	Crewe Alexandra
	0.720
	28
	Manchester City
	0,920
	0,771

	29
	Manchester City
	0.714
	29
	Ipswich Town
	0,914
	0,708

	30
	Birmingham
	0.709
	29
	Reading
	0,914
	0,618

	31
	Sheffield United
	0.704
	31
	Brentford
	0,899
	0,903

	32
	Plymouth Argyle
	0.703
	32
	Southampton
	0,898
	0,846

	33
	Derby County
	0.699
	33
	Wolverhampton Wanderers  
	0,893
	0,698

	34
	Cardiff City
	0.693
	34
	Derby County
	0,891
	0,776

	35
	Port Vale
	0.691
	35
	Cardiff City
	0,886
	0,771

	36
	Charlton Atletic
	0.673
	36
	Birmingham
	0,877
	0,802

	37
	Ipswich Town
	0.644
	37
	Walsall
	0,874
	0,947

	38
	Brighton & Hove Albion
	0.640
	38
	MK Dons
	0,870
	0,626

	39
	Westham United
	0.637
	39
	Fulham
	0,866
	0,620

	40
	Wolverhampton Wanderers  
	0.624
	40
	Leicester City
	0,864
	0,858

	41
	Newcastle United
	0.618
	41
	Plymouth Argyle
	0,862
	0,804

	42
	Blackburn Rovers
	0.604
	42
	Crewe Alexandra
	0,857
	0,838

	43
	Chelsea
	0.598
	43
	Sheffield United
	0,845
	0,836

	44
	Wycombe Wanderers
	0.595
	44
	Preston North End
	0,828
	0,623

	45
	Stoke City
	0.593
	45
	Sheffield Wednesday
	0,814
	0,921

	46
	Reading
	0.570
	46
	Coventry City
	0,793
	0,719

	47
	Swindon Town
	0.566
	47
	Nottingham Forest
	0,790
	0,625

	48
	Coventry City
	0.564
	48
	Blackburn Rovers
	0,776
	0,787

	49
	Fulham
	0.534
	49
	Stoke City
	0,741
	0,799

	50
	MK Dons
	0.528
	50
	Wycombe Wanderers
	0,733
	0,814

	51
	Preston North End
	0.509
	51
	Port Vale
	0,700
	0,987

	52
	Burnley
	0.498
	52
	Swindon Town
	0,669
	0,848

	53
	Nottingham Forest
	0.496
	53
	Burnley
	0,656
	0,747

	54
	Millwall
	0.426
	54
	Millwall
	0,576
	0,744

	
	Mean
	0.740
	
	Mean
	0,901
	0,817


Note: Bolded teams are teams that played in the Premier League in all analyzed seasons
It is interesting to see that a greater part of the clubs that played in the Premier League throughout the whole analyzed period, are in the top 20 of most efficient clubs. These are 8 teams when the CRS model is used and 6 when the VRS model is used.  This could be evidence that larger clubs are more efficient than smaller clubs.

4.2 SFA Results preliminary model
We constructed two DEA models to analyze our dataset. In order to use SFA the data must meet more assumptions. Unfortunately the dataset as whole could not meet these additional assumptions. However when just focusing on the teams which were active in the Premier League the whole analyzed period (13 teams), we see that their data can meet the SFA assumptions. So therefore we constructed a SFA model which only analyzes these 13 teams. Five used variables have been log transformed in order to meet the assumptions of SFA. These are expenses, salaries, employees, turnover and points. The used variables have been characterized in table 5.

	Table 5. Characteristics of the variables Premier League SFA model

	Variable
	Observations
	Minimum
	Maximum
	Mean
	Std. Deviation

	LogExpenses
	       65    
	2.128   
	6.037
	4.677    
	0.980   

	LogSalaries
	 65    
	3.450   
	5.356
	4.208    
	0.477   

	LogEmployees
	65    
	4.522   
	7.288
	5.783    
	0.599   

	LogTurnover
	65    
	3.955   
	5.986
	4.794        
	0.574   

	LogPoints
	65    
	3.466   
	4.554
	4.034
	0.289   

	Return On Assets
	65
	-0.403     
	0.488
	-0.046    
	0.151     


In table 6 the average results of the time-varying efficiency scores are presented. The average time-varying efficiency scores are based upon the year efficiency scores presented in appendix E. The size of the different teams is measured using the four dummy variables mentioned in section 3.4.3. We use the same criteria to define a club as large/small as mentioned in section 4.1.1. 

We see the same teams in the top 4 (Bolton Wanderers, Arsenal, Middlesbrough and Manchester United) according to SFA as we did according to DEA, but in a different order. Bolton Wanderers is by far the most efficient according to the SFA model. Its high efficiency score is mainly driven by the clubs low salaries. This is also the case for Middlesbrough. Arsenal and Manchester United are again the most efficient large clubs.  Their high efficiency scores were driven by a high turnover rate and high profits. The “traditionally larger” clubs (Arsenal, Manchester United, Chelsea and Liverpool), which were also larger according to our size proxies, did perform more efficient according to SFA (as they also did according to our DEA models) compared to the smaller clubs. This could be evidence that larger clubs perform more efficient than smaller clubs.  

	Table 6. Efficiency scores soccer clubs Premier League 2005-2009 (preliminary model)

	Rank
	DMU
	Efficiency Score

	1
	Bolton Wanderers
	0.978

	2
	Arsenal
	0.803

	3
	Middlesbrough
	0.800

	4
	Manchester United
	0.791

	5
	Liverpool
	0.677

	6
	Newcastle United
	0.613

	7
	Chelsea
	0.590

	8
	Tottenham
	0.570

	9
	Aston Villa
	0.505

	10
	Manchester City
	0.495

	11
	Everton
	0.465

	12
	Fulham
	0.424
	

	13
	Blackburn Rovers
	0.421

	
	Mean
	0.626


Note: Bolded teams are defined as being large, underlined teams are defined as being small 

4.3 Canonical Correlation Analysis Results

As discussed in section 3.3.5 we are going to use CCA in order to check whether all used variables included in our 3 models (see section 4.1 and 4.2) have a sufficient contribution to the power of the models. Based on the results of the CCA we could delete unnecessary variables. We performed three CCA’s (one for every DEA and SFA model) in order to assess these variables. Included are the same variables which were used as input and output variables in the three models. We emphasize that, because CCA uses multiple methods for which there is no agreement on what is a sufficient acceptable minimum (redundancy index, loadings and cross loadings) (see section 3.3.5), every chosen minimum is doubtful. We have chosen our minima with care based on other studies. 
First we assess which canonical functions we must interpret. As mentioned in section 3.3.5 we will use Wilk’s criterion and the redundancy rate in order to do so. The Wilk’s criterion is significant for every first canonical function for all three models (DEA Premier League, DEA England and SFA Premier League). The redundancy rates of the first canonical functions range from 0.721 till 0.438 (see appendices F, G and H). These are quite high, but some of them are below the minimum we set for redundancy (0.6) (see section 3.3.5). The redundancies that are below the minimum have been checked, to see what causes them to be low. In all cases they were not caused by low eigenvalues, but by a relatively low shared variance in the variate (see appendices F, G and H). So therefore we interpret the first canonical function for every model. The Wilk’s criterion of the second canonical function of only the DEA England model is significant (see appendix G). So therefore this model is the only model from which we also look at the redundancy index of the second canonical function. The redundancy rates of this second canonical function are however very low (the highest redundancy rate is 0.019, see appendix G) so therefore we do not interpret any second canonical function. Next we are going to use the canonical loadings and canonical cross loadings in order to assess the relative importance of the used variables. Tables 7 till 9 show the results of these loadings.    
	Table 7. Loadings preliminary DEA model (Premier League)

	
	Expenses
	Salaries
	Employees
	Turnover 
	Profit
	Points

	Loadings
	0.988
	0.984
	0.272
	0.899
	-0.380
	0.773

	Cross-Loading
	0.960
	0.956
	0.265
	0.873
	-0.369
	0.751


	Table 8. Loadings preliminary DEA model (England)

	
	Expenses
	Salaries
	Employees
	Turnover 
	Profit
	Stadium utilization

	Loadings
	0.987   
	0.994
	0.515    
	0.961
	-0.342 
	0.658    

	Cross-Loading
	0.973   
	0.980    
	0.507 
	0.947  
	-0.337
	0.648


	Table 9. Loadings preliminary SFA model (Premier League)

	
	Expenses
	Salaries
	Employees
	Turnover 
	Return on Assets
	Points

	Loadings
	0.836
	0.998
	0.428
	0.957
	-0.103
	0.714

	Cross-Loading
	0.800
	0.955
	0.410
	0.915
	-0.098
	0.683


We can see that the rate of the loadings of the input variable employees is below our minimum threshold of 0.6 in all three models. So therefore we reject this variable. The fact that the number of employees has a low impact on the output of a soccer club, could be explained by the fact that the absolute number of employees does not show what types of employees are active in a club. A club with a lot of employees could, for instance, include a lot of part-timers. Also they could have a lot of employees who do not have a direct influence on the results on and off the pitch. For example the groundsman and security. The output variables which have a direct connection to the variable profit rate (profit and return on assets) also have loadings below our minimum threshold of 0.6 in all three models. Therefore we also reject these variables. The fact that the two “profit variables” should be deleted could be explained by the fact that generating profits is not the primary goal of most clubs. Also there are a lot of clubs that perform well on and off the pitch that still not generate high profits. The other input and output variables used in the three models have loadings above our minimum threshold of 0.6. The three adjusted models will have two input and two output variables each.  

4.4 DEA Results adjusted model
Next we are going to describe the results of the adjusted DEA models. As mentioned in section 4.3 one input (employees) and one output variable (profit) has been deleted from the preliminary model. This means that we use 2 inputs (expenses and salaries) and 2 outputs (turnover and Stadium utilization/points). Recall that the technical efficiency measure is relative to the most efficient team(s). The estimates thus show the upper bound for each team. It is however very plausible that the most efficient team, according to this analysis, in reality does not reach 100% efficiency (it is only the most efficient performing team in the model). If this is the case all teams will in reality (absolute measure) have more inefficiency than is listed in our outcome (which is a relative measure). Figure 6 and 7 show the development of the CRS technical and VRS pure technical efficiency scores of the two DEA models. The Premier League is in both (CRS and VRS) models more efficient than the England DEA model (although the difference between the two VRS efficiency scores is minimal). This is, as mentioned earlier, due to the different number of observations included in the models. The average efficiency scores of the VRS model are higher than those of the CRS model. This is the case in every efficiency study using DEA and is caused by the way the two (CRS and VRS) different models work (see chapter 3.3.2). You can see that the VRS efficiency scores of both models are closer to each other than the CRS efficiency scores. The efficiency scores of the two adjusted DEA models are developing more simultaneous than those of the two preliminary models. The only year in which the two DEA models do not show simultaneous development of the efficiency scores is in 2008. The VRS efficiency score of the Premier League increases in comparison to 2007 while the score of England decreases. This is also the case in the preliminary model.
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Figure 6 development CRS efficiency scores   
     Figure 7 development VRS efficiency score 

4.4.1 Premier League
Based on the results of the CCA analysis in section 4.3 we constructed an adjusted Premier League DEA model which includes two inputs (expenses and salaries) and two outputs (turnover and points). You can see the yearly efficiency scores in appendix I.  Table 10 presents the results of the adjusted Premier League DEA analysis. You can see the average relative efficiency scores of soccer clubs active in the Premier League throughout all five analyzed seasons. The clubs are ranked based on the average efficiency scores (CRS and VRS). The results show how efficient the Premier League teams perform in relation to each other (while in section 4.4.2 you can see how they perform in relation to each other and teams which are active in lower divisions). The sizes of the different clubs are measured the same way as mentioned in section 4.1.1, thus using four dummy variables. The average efficiency scores of these 13 clubs are high. The mean CRS technical efficiency score is 0.836. This means that on average, when assuming CRS, these teams can increase outputs by 16.4% (1-0.836) without increasing their inputs. The mean VRS pure technical efficiency and scale efficiency scores are higher (0.895 and 0.936), this means that these clubs can, on average and when assuming VRS, increase their outputs by 10.5% (1-0.895) without increasing their inputs. When comparing these results with the average efficiency scores of Haas (2003a), Guzmán and Morrow (2007) and Barros and Leach (2006a) we see that our average CRS score is lower than the CRS efficiency rates that Guzmán and Morrow (2007) and Haas (2003a) found ( 0.845 and 0.656). The CRS efficiency score Barros and Leach (2006a) found is higher, namely 0.955. Our VRS efficiency score (0.936) lies between the score of 1 Barros and Leach (2006a) found and the score of 0.732 Haas (2003a) found. These differences are mainly caused by the different inputs and outputs we used in our models. Another factor causing these differences is the fact that we are analyzing a different time span. We can see that the only team that is technical efficient (CRS) (Bolton Wanderers) also achieved pure technical efficiency (VRS). According to Barros and Leach (2006a) this shows that scale is the dominant source of inefficiency. The fact that scale is the main source of inefficiency is also an outcome of multiple DEA studies on soccer clubs (e.g. Jardin, 2005 and Barros & Leach, 2006a). This outcome however is not supported by the mean VRS pure technical and scale efficiency scores. Since the scale efficiency score is higher than the pure technical efficiency score. This shows that a greater part of the technical inefficiency is pure technical and not scale inefficiency. This is probably caused by the fact that the analyzed teams do not differ that much in size. Larger differences in size will lead to more scale inefficiency since less clubs are around the perfect average scale size. This is confirmed in our England DEA models in which the differences between club sizes are larger and the scale efficiency score is lower than the VRS efficiency score. Furthermore it is interesting to see that Chelsea by far has the lowest technical efficiency score, but has a high pure technical efficiency score. You can also see that Chelsea has, by far, the lowest scale efficiency score. This shows that Chelsea should change scale size in order to become more scale efficient. As mentioned in section 3.3.2 scale inefficiency is due to either decreasing or increasing returns to scale. The results in appendix I shows that Chelsea is too big in size (DRS means that a clubs should decrease its scale size in order to become more efficient and IRS vice versa) and should decrease its scale size in order to become more efficient. The fact that Chelsea is too big in size is caused by the fact that Roman Abramovitsj bought Chelsea in 2003. Abramovitsj invests extremely large amounts of money in Chelsea. Due to these investments Chelsea has the highest expenditures and salaries in England. These factors cause the low global technical efficiency scores (CRS) of Chelsea. Manchester United performs very efficient according to all DEA studies conducted on the Premier League  (Haas, 2003a and Barros & Leach, 2006a and Guzmán & Morrow, 2007), although they analyzed a different period. Haas states that Manchester United’s high efficiency scores were driven by its high revenues. In our research this is also true (the turnover rates of Manchester United are high). Arsenal was very efficient according to our research and the studies Barros & Leach (2006a) and Guzmán & Morrow (2007) conducted. The high efficiency score of Arsenal was also mainly driven by its high turnover rate. The high efficiency score of the smaller clubs Bolton Wanderers and Middlesbrough are mainly driven by their low salaries expenses. Haas and Guzmán & Morrow (2007) did also find two smaller clubs which performed efficient. These are Ispwich Town and Charlton Athletic in Haas’s study and Charlton Athletic and Southampton in Guzmán & Morrow’s study. Their high efficiency scores were also mainly caused by low expenditures on wages. 

	Table 10. Average efficiency scores soccer clubs Premier League 2005-2009 (adjusted model)

	Rank
	DMU
	Average CRS 
	Rank
	DMU
	Average VRS 
	Average Scale

	1
	Bolton Wanderers
	1.000
	1
	Bolton Wanderers
	1.000
	1.000

	2
	Manchester United
	0.985
	1
	Manchester United
	1.000
	0.985

	3
	Arsenal
	0.947
	3
	Middlesbrough
	0.982
	0.956

	4
	Middlesbrough
	0.940
	4
	Chelsea
	0.966
	0.602

	5
	Everton
	0.935
	5
	Arsenal
	0.964
	0.981

	6
	Tottenham Hotspur
	0.921
	6
	Everton
	0.962
	0.972

	7
	Liverpool
	0.840
	7
	Liverpool
	0.946
	0.890

	8
	Blackburn Rovers
	0.822
	8
	Tottenham Hotspur
	0.938
	0.982

	9
	Aston Villa
	0.804
	9
	Blackburn Rovers
	0.854
	0.966

	10
	Manchester City
	0.743
	10
	Aston Villa
	0.828
	0.972

	11
	Fulham
	0.713
	11
	Manchester City
	0.803
	0.922

	12
	Newcastle United
	0.642
	12
	Fulham
	0.741
	0.959

	13
	Chelsea
	0.582
	13
	Newcastle United
	0.657
	0.976

	
	Mean
	0.836
	
	Mean
	0.895
	0.936


Note: Bolded teams are defined as being large, underlined teams are defined as being small 

When looking at table 10 we see that generally the large clubs are higher ranked than the smaller clubs in both the CRS and VRS model. This could be evidence that larger clubs perform more efficient than smaller clubs. When comparing the rankings in table 2 with the ranking of our preliminary model (table 2 in section 4.1.1) we see that the mean efficiency scores of the adjusted model are lower. Furthermore we see that less clubs are fully efficient in the adjusted model. These two differences are the direct effect of deleting the two variables. More variables in a DEA model will always lead to higher efficiency rates and more efficient DMU’s. Within the rankings we mostly see minor shifts. The only two clubs of which the ranking did change a lot were Chelsea and Tottenham Hotspur in the VRS model (Chelsea climbed 4 places while Tottenham dropped 3).   

In tables 11 and 12 we present the results of the Mann-Whitney U-test. The Mann-Whitney U-test is a non-parametric test for assessing whether two independent samples of observations have equally large values. Brockett and Golany (1996), and Grosskopf and Valdamanis (1987) recommend this test for analysis of DEA results. We use this test because the efficiency scores are not normally distributed. We could use the results of this test in order to assess the hypothesis we formulated in chapter 2 (Larger soccer clubs are more efficient than smaller soccer clubs). We used the scores of four dummy variables (Employees_Size Turnover_Size, Expenses_Size and Salaries_Size), which are used as a proxy to measure size of a club, in order to run this test. Table 11 shows the results of this test using the CRS technical efficiency scores.

	Table 11. Mann–Whitney test of differences in efficiency using CRS

	Reference
	Z
	Asymptotic significance (two-tailed)

	Large employees base versus small employees base
	3.418
	0.0006**

	Large turnover versus small turnover
	0.111
	0.9119

	High level of expenses versus low level of expenses
	1.299
	0.1941

	High level of salaries versus low level of salaries
	1.703
	0.0885*

	Note: ** Indicates significance at 5% level. * Indicates significance at 10% level.


In table 12 the results of the Mann-Whitney U-test using VRS pure technical efficiency scores are displayed

	Table 12. Mann–Whitney test of differences in efficiency using VRS

	Reference
	Z
	Asymptotic significance (two-tailed)

	Large employees base versus small employees base
	2.135
	0.0328**

	Large turnover versus small turnover
	-2.009
	0.0445**

	High level of expenses versus low level of expenses
	-0.389
	0.6971
	

	High level of salaries versus low level of salaries
	0.321
	0.7486

	Note: ** Indicates significance at 5% level.
	
	


Employees is the only proxy to measure size of the club which in both models shows a significance of below the 0.05 threshold. This means that when using number of employees as a proxy for club size there is a statistically significant difference between the underlying distributions of the efficiency scores of larger clubs and the efficiency scores of smaller clubs. The sum of the large club ranks was in both cases lower while the sum of the small club ranks was higher (see appendix J). This means that clubs which employ less people tend to have higher efficiency scores than clubs that have more employees. This could be due to bureaucracy in organizations which employ a lot of people. In the VRS model the significance level when size of a club is measured by height of turnover is also below the 0.05 threshold. Thus when using turnover as a proxy for club size, there is a statistically significant difference between the underlying distributions of the VRS pure technical efficiency scores of larger clubs and the VRS pure technical efficiency scores of smaller clubs. The sum of the large club ranks was higher while the sum of the small club ranks was lower (see appendix J). This means that clubs which generate more money tend to have higher pure technical efficiency. Barros and Leach (2006a) also found in their study that Premier League clubs with a higher turnover tend to have higher efficiency scores, than clubs with a smaller turnover. In the CRS model we see that the significance level when size of the club is measured by salaries is below the cut-off point of 0.1. This means that when using height of salaries as a proxy for club size there is a statistically significant difference between the underlying distributions of the efficiency scores of larger clubs and the efficiency scores of smaller clubs. The sum of the large club ranks was lower while the sum of the small club ranks was higher (see appendix J). This means that clubs which spend less money on salaries tend to have higher CRS efficiency scores than clubs that spend more on salaries. It is interesting that in both models the significance results when size is measured by expenses are above the threshold of 0.05 and 0.1. This means that when using expenses as a proxy for club size, there cannot be found a statistically significant difference between the underlying distributions of the efficiency scores of larger clubs and the efficiency scores of smaller clubs. This could mean that the height of the expenses of a club do not have a significant effect on the efficiency of the club. 

4.4.2 England

Again in appendix B you can see a summary of the leagues the clubs were active during the five analyzed seasons. We constructed, based on the results of the CCA analysis in section 4.3, an adjusted England DEA model. This model includes two inputs (expenses and salaries) and two outputs (turnover and stadium utilization). Table 13 shows you the average relative efficiency scores of soccer clubs active in the top 4 divisions (Premier League, Championship, Coca-Cola League 1 and Coca-Cola League 2) in England throughout all five analyzed seasons (2005-2009). The average efficiency scores are based upon the year efficiency scores presented in appendix K. The table shows how efficient the English clubs perform in relation to each other. Again we emphasize that you cannot compare these results to the results in table 10. The clubs are ranked according to their CRS and VRS average efficiency scores. The mean CRS technical efficiency score we found is 0.680. This result says that, when assuming CRS, on average a club can increase output by 32% (1-0.680) without increasing its inputs. Again the VRS and scale efficiency scores are higher (0.875 and 0.772). These results mean that, when assuming VRS, on average a club can increase output by 12.5% (1-0.875) without increasing its inputs. We can see that only 2 teams (Notts County and Shrewsbury) are both fully technical efficient (CRS) and pure technical efficient (VRS). These are two teams which have been active in the Coca-Cola League 2 throughout all five seasons. The high efficiency scores of Notts County and Shrewsbury are caused by the low amounts of both inputs these two clubs used. Manchester United is the club which comes highly efficient out of every efficiency research focusing on England (e.g. Haas, 2003a, Barros & Leach, 2006a, Guzmán & Morrow, 2007 and our study focusing on the Premier League). So you could state that this club is doing a very good job. Both teams that are global technical efficient (CRS) are also pure technical efficient (VRS). According to Barros and Leach (2006a) this shows that scale is the dominant source of inefficiency. This assumption is supported by the mean efficiency scores of scale and VRS in table 13. The scale inefficiency is larger than the VRS pure technical efficiency, meaning that a greater part of the technical inefficiency is scale inefficiency and not pure technical. As mentioned in section 3.3.2 scale inefficiency is due to either decreasing or increasing returns to scale. Most clubs are too big in size and should decrease their scale size in order to become more efficient (see appendix K, drs means that a clubs should decrease scale size in order to become more efficient and IRS vice versa). This is also an outcome Barros and Leach (2006a) have found. Jardin found similar results when analyzing the French League 1. When assuming VRS more clubs are fully efficient, namely 4. The bolded teams are those who were active in the Premier League throughout all five seasons (13 teams in total). It is interesting to see that a greater part of these clubs are in the top 20 of most efficient clubs. Six large teams are in the top 20 when the CRS model is used and 8 large teams are in the top 20 when the VRS model is used. This could be evidence that larger clubs are more efficient than smaller clubs. 

When comparing the rankings in table 13 with the rankings of our preliminary model (table 4 in section 4.1.2) we see that the mean efficiency scores of the adjusted model are lower. Furthermore we see that less clubs are fully efficient in the adjusted model. These two differences are the direct effect of deleting the two variables. More variables in a DEA model will always lead to higher efficiency rates and more efficient DMU’s. Within the rankings we mostly see minor shifts. However there are also some major shifts. Wigand Athletic for instance dropped in the VRS ranking from the 12th place in the preliminary model to the 47th place in the adjusted model. This drop was mainly caused by the exclusion of the employee variable. Charlton Athletic employed very few people in comparison to other clubs.    

	
Table 13. Average efficiency scores soccer clubs England 2005-2009 (adjusted model)

	Rank
	DMU
	Average CRS
	Rank
	DMU
	Average VRS
	Average Scale

	1
	Notts  County
	1,000
	1
	Notts  County
	1,000
	1,000

	1
	Shrewsbury
	1,000
	1
	Shrewsbury
	1,000
	1,000

	3
	Manchester United
	0,961
	1
	Manchester United
	1,000
	0,961

	4
	Gillingham 
	0,953
	1
	Watford
	1,000
	0,642

	5
	Arsenal
	0,933
	5
	Arsenal
	0,999
	0,934

	6
	Scunthorpe United
	0,932
	5
	Tottenham Hotspur
	0,999
	0,819

	7
	Leyton Orient
	0,913
	5
	Norwich City
	0,999
	0,740

	8
	Bolton Wanderers
	0,906
	8
	Bolton Wanderers
	0,994
	0,910

	9
	Southend United
	0,862
	9
	Gillingham 
	0,993
	0,959

	10
	Hull City
	0,843
	10
	Chelsea
	0,987
	0,553

	11
	Walsall
	0,825
	11
	Scunthorpe United
	0,981
	0,947

	12
	Tottenham Hotspur
	0,818
	11
	Blackpool
	0,981
	0,717

	13
	Middlesbrough
	0,788
	13
	Southend United
	0,980
	0,880

	14
	Liverpool
	0,770
	14
	Liverpool
	0,965
	0,799

	15
	Brentford
	0,766
	14
	Newcastle United
	0,965
	0,630

	16
	Sheffield Wednesday
	0,753
	16
	Leyton Orient
	0,957
	0,955

	17
	Southampton
	0,744
	17
	Westham United
	0,956
	0,672

	18
	Norwich City
	0,739
	18
	Hull City
	0,943
	0,881

	19
	Leicester City
	0,728
	19
	Charlton Atletic
	0,932
	0,594

	20
	Bristol Rovers
	0,715
	20
	Everton
	0,928
	0,757

	21
	Crewe Alexandra
	0,706
	21
	West Bromwich Albion
	0,923
	0,708

	22
	Everton
	0,704
	22
	Middlesbrough
	0,916
	0,856

	23
	Blackpool
	0,702
	23
	Reading
	0,912
	0,608

	24
	Plymouth Argyle
	0,697
	24
	Ipswich Town
	0,906
	0,675

	25
	Port Vale
	0,691
	25
	Manchester City
	0,904
	0,707

	26
	Aston Villa
	0,680
	26
	Bristol Rovers
	0,895
	0,801

	27
	Sheffield United
	0,669
	26
	Aston Villa
	0,895
	0,758

	28
	West Bromwich Albion
	0,654
	28
	Brighton & Hove Albion
	0,893
	0,614

	29
	Watford
	0,642
	29
	Wolverhampton Wanderers  
	0,892
	0,691

	30
	Derby County
	0,641
	30
	Southampton
	0,890
	0,827

	31
	Manchester City
	0,640
	31
	Derby County
	0,886
	0,715

	32
	Westham United
	0,637
	32
	Walsall
	0,867
	0,955

	33
	Wolverhampton Wanderers  
	0,617
	33
	Fulham
	0,866
	0,617

	34
	Birmingham
	0,611
	34
	Leicester City
	0,863
	0,835

	35
	Newcastle United
	0,610
	35
	Birmingham
	0,850
	0,708

	35
	Ipswich Town
	0,610
	36
	Plymouth Argyle
	0,847
	0,811

	37
	Wycombe Wanderers
	0,591
	37
	Bristol City
	0,845
	0,667

	38
	Stoke City
	0,582
	38
	Crewe Alexandra
	0,842
	0,838

	39
	Blackburn Rovers
	0,570
	39
	Sheffield United
	0,837
	0,802

	40
	Swindon Town
	0,566
	40
	MK Dons
	0,826
	0,578

	41
	Bristol City
	0,565
	41
	Brentford
	0,816
	0,938

	42
	Reading
	0,560
	42
	Sheffield Wednesday
	0,814
	0,919

	43
	Charlton Atletic
	0,553
	43
	Cardiff City
	0,811
	0,666

	44
	Brighton & Hove Albion
	0,548
	44
	Nottingham Forrest
	0,783
	0,607

	45
	Chelsea
	0,546
	45
	Blackburn Rovers
	0,775
	0,742

	46
	Fulham
	0,532
	46
	Stoke City
	0,741
	0,788

	47
	Cardiff City
	0,530
	47
	Wigan Atletic
	0,737
	0,697

	48
	Wigan Atletic
	0,519
	48
	Wycombe Wanderers
	0,732
	0,809

	49
	Nottingham  Forest
	0,477
	49
	Port Vale
	0,700
	0,987

	50
	Burnley
	0,473
	50
	Preston North End
	0,697
	0,443

	51
	MK Dons
	0,457
	51
	Swindon Town
	0,669
	0,848

	52
	Coventry City
	0,448
	51
	Coventry City
	0,669
	0,666

	53
	Millwall
	0,413
	53
	Burnley
	0,646
	0,720

	54
	Preston North End
	0,308
	54
	Millwall
	0,572
	0,727

	
	Mean
	0.680
	
	Mean
	0,875
	0,772


Note: Bolded teams are teams that played in the Premier League in all analyzed seasons
In tables 14 and 15 we present the results of the Mann-Whitney U-test. Table 14 shows the results of this test using the CRS technical efficiency scores.

	Table 14. Mann–Whitney test of differences in efficiency using CRS

	Reference
	Z
	Asymptotic significance (two-tailed)

	Large employees base versus small employees base
	0.052
	0.9586

	Large turnover versus small turnover
	-1.395
	0.1629

	High level of expenses versus low level of expenses
	1.071
	0.2843

	High level of salaries versus low level of salaries
	1.020
	0.3076

	Note: * Indicates significance at 5% level.  ** Indicates significance at 10% level.


Table 15 shows the results of this test using the VRS pure technical efficiency scores.

	Table 15. Mann–Whitney test of differences in efficiency using VRS

	Reference
	Z
	Asymptotic significance (two-tailed)

	Large employees base versus small employees base
	-2.010
	0.0444*

	Large turnover versus small turnover
	-4.262
	0.0000*

	High level of expenses versus low level of expenses
	-2.472
	0.0135*
	

	High level of salaries versus low level of salaries
	-2.921
	0.0035*

	Note: * Indicates significance at 5% level.
	
	


When looking at the CRS model we see that all of the significance levels are above the 0.05 threshold. This means that, when using all four proxies to measure the size of a club, there is no statistically significant difference between the underlying distributions of the CRS efficiency scores of larger clubs in comparison to the scores of smaller clubs. When looking at the VRS model we see that all of the significance levels are below the 0.05 threshold. These results suggests that, when size is measured by all four proxies for size, there is a statistically significant difference between the underlying distributions of the efficiency scores of larger clubs and the efficiency scores of smaller clubs. The sum of the large club ranks was in all cases higher while the sum of the small club ranks was lower (see appendix L). This means that clubs that employ more people or have a higher turnover tend to have higher VRS efficiency scores. This is also the case when clubs have more expenses or spend more on salary. This is strong evidence that larger clubs do perform more pure technical efficient than smaller clubs. Barros and Leach (2006a) also found in their study that Premier League clubs with a higher turnover tend to have higher efficiency scores, than clubs with a smaller turnover. It is interesting to see that this also is the case when we include clubs that play in lower divisions in England in our model. 

4.5 SFA Results adjusted model
Based on the results of the CCA analysis in section 4.3 we constructed an adjusted Premier League SFA model. This model includes only two input (expenses and salaries) and two output variables (turnover and points). You can see the yearly SFA efficiency scores in appendix N. Based upon these yearly efficiency scores we constructed the average time-varying efficiency scores presented in table 16. The sizes of the different teams are measured using the four dummy variables mentioned in section 3.4.3. We use the same criteria to define a club as large/small as mentioned in section 4.1.1.

The average efficiency rate we found is 0.646. This score is lower than the scores Barros and Leach (2006b and 2007) found (0.877 and 0.980). These differences are mainly caused by the different inputs and outputs we used in our two SFA models. Another factor causing these differences is the fact that we are analyzing a different time span. In comparison to the SFA Kern and Sussmuth (2005) performed on the German Bundesliga (mean efficiency op 0.562) we see that our SFA efficiency scores are higher. We see the same teams in the top 4 (Bolton Wanderers, Arsenal, Middlesbrough and Manchester United) according to SFA as we did according to DEA (when looking at the CRS efficiency scores), but in a slightly different order. Bolton Wanderers is by far the most efficient club according to the SFA model. Its high efficiency score is mainly driven by the clubs low salaries. This is also the case for Middlesbrough. Arsenal and Manchester United are again the most efficient large clubs.  Their high efficiency scores were driven by a high turnover rate. The “traditionally larger” clubs (Arsenal, Manchester United, Chelsea and Liverpool), which were also larger according to our size proxies, did perform more efficient according to SFA (as they also did according to our DEA test) in comparison to the smaller clubs. This could be evidence that larger clubs perform more efficient than smaller clubs.  

	Table 16. Efficiency scores soccer clubs Premier League 2005-2009 (adjusted model)

	Rank
	DMU
	Efficiency Score

	1
	Bolton Wanderers
	0,978

	2
	Arsenal
	0,843

	3
	Manchester United
	0,841

	4
	Middlesbrough
	0,814

	5
	Liverpool
	0,703

	6
	Newcastle United
	0,640

	7
	Tottenham Hotspur
	0,607

	8
	Chelsea
	0,593

	9
	Aston Villa
	0,526

	10
	Manchester City
	0,516

	11
	Everton
	0,483

	12
	Blackburn Rovers
	0,435
	

	13
	Fulham
	0,425

	
	Mean
	0.646


Note: Bolded teams are defined as being large, underlined teams are defined as being small 

When comparing the rankings in table 16 with the rankings of our preliminary SFA model (table 6 in section 4.2) we see that the mean efficiency score of the adjusted model is higher. The highest efficiency score, the score of Bolton Wanderers, did not change at all. Within the ranking we only see minor shifts. This shows that including the wrong variables in a SFA only has minor impact on the reliability of its results.  



5 | Discussion
	The results from the previous chapter are discussed in this section. We will describe the limitations of our executed research and possibilities to extent our study. 



The aim of this study was to determine whether English soccer clubs perform up to their potential, considering their financial resources. Furthermore we aim to assess whether larger soccer clubs perform more efficient than smaller clubs. 

When looking at the 5 different rankings (Premier League CRS, Premier League VRS, England CRS, England VRS and SFA) we composed, we saw that large clubs are ranked higher than smaller clubs. As stated earlier this could be evidence that larger clubs are more efficient than smaller clubs. We tried comparing our rankings with the rankings in the papers of Barros and Leach (2006a and 2007), Guzmán and Morrow (2007) and Haas (2003a), who also conducted research on the efficiency of English soccer clubs. This turned out to be rather difficult since they analyzed a more dated time span. Some clubs who are big now did not fit that tag in the past. Chelsea for instance was not the extreme big club it is nowadays, before Roman Abramovitsj bought the club in 2003. Despite these difficulties we think that we can make a statement about the results of these papers. The only paper in which the results show that larger clubs perform more efficient than smaller clubs is the paper of Barros and Leach (2006a). The other three papers do not show results from which you can conclude that larger clubs perform more efficient than smaller clubs. So our presumption is not confirmed by earlier conducted research. The Mann-Whitney U-tests we performed on the Premier League DEA model also gave mixed results. The results of the Mann-Whitney U-tests we performed on the England DEA model did however revealed strong evidence that larger clubs are performing more efficient than smaller clubs. 

The results of the Premier League DEA model in the previous chapter shows that, on average, these soccer teams operate efficient. The CRS efficiency scores of the England DEA model however are a lot lower. This could be evidence that the English soccer clubs do not perform up to their full potential. However the VRS efficiency scores of the same model are rather high. In our opinion the VRS efficiency scores are more valuable than the CRS efficiency scores, since the CRS model is very rigid. So the results of the England DEA model support the results of the Premier League DEA model that indicates that soccer teams operate well given their potential. The SFA efficiency scores however are not high, but average. So the SFA results do not confirm the DEA results. We think that based on all our results we can state that English soccer clubs do perform good relative to their potential. This confirms the findings of other researchers conducting research on the efficiency of professional soccer clubs (e.g. Barros and Leach, 2006a, Haas, 2001, 2003a & 2003b and Jardin, 2009). Barros and Leach (2007) state that organizations that have high efficiency scores are more competitive than those who have low efficiency scores. Sport organizations are very competitive, so they will often have high efficiency scores. Another factor inducing efficiency in the soccer industry is the immense attention of the media on soccer clubs (Barros and Leach, 2007). People can watch every game of every professional soccer club on television and every game is analyzed by professionals. Furthermore on the stock exchange clubs are compared to other quoted companies. This shows that the soccer industry is scrutinized more than the average industry. The large drive of soccer clubs to increase efficiency is however not that visible because of the passionate discourse that surrounds soccer.   

We do not think that our results show that soccer clubs perform more efficient than companies active in other industries. This statement was made by Barros and Leach (2007). In our opinion you simply cannot compare the efficiency scores of two completely different models (different number of observations, inputs and outputs) that assess two completely different industries. The efficiency scores only show how well the included DMU’s perform relative to each other and not to DMU’s that are not included in the model. 

We emphasize that the results of our research should be treated with caution. Like any type of research, there are several limitations connected to our research. All three used  methods (SFA, DEA and CCA) have their limitations (as mentioned in chapter 3). DEA does not impose any distributional form on the used data (Barros & Leach, 2006a). Furthermore it does not take into consideration that chance and statistical noise could have an impact on the performance of a club, nor does it make any distributional assumptions on the inefficiency term (Kern and Sussmuth, 2005). DEA does assume that the production function of the fully efficient DMU is known. This is however not the case and thus we get biased results. Also it cannot make a prior distinction between the relative importances of the used variables. This does bias the results since every variable is treated and used in the same way. Unimportant variables which are included in a DEA model could cause biased results. We tried to minimize this limitation by using CCA to assess the importance of the variables for the model. SFA, which we used for comparative reasons but also in an attempt to counteract the limitations of DEA, has as its most important limitation that it requires a priori specification of the production or cost function (Barros et al., 2010). Also you need to select the distributions of the error terms, apparently without regard to theory (Ondrich & Ruggiero, 1999). The main limitation that both methods have in common is that they estimate the relative efficiency of DMU’s. The efficiency scores are based upon the maximum observed performance, not the theoretical maximum possible performance (Seiford & Thrall, 1990). This means that almost every DEA or SFA analysis will show less inefficiency than in reality the case is.   CCA which we used as a robustness check for the preliminary models has as main limitation that it uses multiple methods (redundancy index, loadings and cross loadings) for which there is no agreement on what is a sufficient acceptable minimum. We emphasize that every chosen minimum is doubtful. This is also the case for the minima we used. Although we have chosen our minima based on other studies and with care. Furthermore there are some limitations due to the used data. The analyzed time span is somewhat short for econometric purposes. Although we used a dataset which had a larger time span than used in multiple other comparable researches (e.g. Jardin (2009), Kern and Sussmuth (2005) and Haas (2001, 2003a & 2003b), a more extensive dataset which covers a larger time span is needed in order to check the validity of our results. Another limitation of the data is the fact that the assumed homogeneity of the soccer clubs used is questionable. We compare clubs which are totally different, play in different leagues, have completely different surroundings and face different restrictions. Therefore you could consider them not directly comparable. A last limitation of the dataset is the use of the variable “Salary”. This variable is used as a proxy to measure size of the club and playing/coaching talent. Since also the salaries of non-playing/coaching employees are included, it is not the best proxy for playing/coaching talent. It however is the best proxy available in our dataset.  

There are several opportunities to expand our research in the future. It could be extended to all other countries since, to our knowledge, this is the only study assessing all available levels of professional soccer within a country. Perhaps, this could also be done for other types of sports, like for instance baseball, basketball and hockey. The inputs and outputs could also be extended with more comprehensive variables. Researchers could include non discretionary variables, like for instance socio-economic and environmental variables. Future studies could furthermore use qualitative instead of quantitative methods. They could interview directors and managers to check their view on the club’s efficiency. 




6 | Conclusion
	In the final section we will answer our research question and assess the hypothesis. 




The aim of this thesis was to determine whether English soccer clubs perform up to their potential, given their financial resources. Furthermore we aim to assess whether larger soccer clubs perform more efficient than smaller clubs. 

Our general conclusion is that although soccer clubs perform good according to their potential, the soccer industry does not necessary performs more efficient than other industries. We based our conclusions on the efficiency scores we got out of our three (one SFA and two DEA) models. Although these scores are high we emphasize that soccer clubs still could increase their efficiency a lot, since the efficiency scores are relative. Even the clubs that are fully efficient according to our DEA analysis (which are on the efficiency frontier) could still increase their efficiency. This is also the case for Bolton Wanderers which is the most efficient club according to our SFA analysis.

Furthermore we conclude that larger soccer clubs do perform more efficient than smaller clubs. So larger clubs perform better given their resources and are thus more efficient. We draw this conclusion from analyzing the rankings (larger clubs were ranked higher than smaller clubs) and the results of the Mann-Whitney U-test. Our results did however also show that small clubs can perform better than large clubs. A small club that uses the right strategy and executes it with care, could outperform the establishment of large clubs. 
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	Table 1. Efficiency scores soccer clubs Premier League 2005

DMU

CRS 

VRS

Scale

RTS

Chelsea

0.608

1.000

0.608

drs

Arsenal

1.000

1.000

1.000

-

Liverpool

0.915

0.936

0.978

irs

Manchester United

1.000

1.000

1.000

-

Tottenham Hotspur

1.000

1.000

1.000

-

Newcastle United

0.812

0.814

0.998

irs

Blackburn Rovers

0.675

0.675

0.999

irs

Manchester City

0.753

0.760

0.991

irs

Everton

1.000

1.000

1.000

-

Fulham

0.569

0.680

0.837

irs

Bolton Wanderers

1.000

1.000

1.000

-

Aston Villa

0.777

0.779

0.997

irs

Middlesbrough

1.000

1.000

1.000

-



	Note: drs means decreasing returns to scale & irs means increasing returns to scale

	

	Table 2. Efficiency scores soccer clubs Premier League 2006

DMU

CRS

VRS

Scale

RTS

Chelsea

0.692

1.000

0.692

drs

Arsenal

1.000

1.000

1.000

-

Liverpool

0.992

1.000

0.992

drs

Manchester United

1.000

1.000

1.000

-

Tottenham Hotspur

1.000

1.000

1.000

-

Newcastle United

0.755

0.786

0.960

irs

Blackburn Rovers

0.958

1.000

0.958

drs

Manchester City

1.000

1.000

1.000

-

Everton

0.847

0.857

0.989

irs

Fulham

0.795

0.814

0.976

irs

Bolton Wanderers

1.000

1.000

1.000

-

Aston Villa

0.689

0.692

0.996

irs

Middlesbrough

1.000

1.000

1.000

-

Note: drs means decreasing returns to scale & irs means increasing returns to scale

	Table 3. Efficiency scores soccer clubs Premier League 2007

DMU

CRS 

VRS

Scale

RTS

Chelsea

0.633

0.933

0.679

drs

Arsenal

1.000

1.000

1.000

-

Liverpool

0.825

0.929

0.888

drs

Manchester United

1.000

1.000

1.000

-

Tottenham Hotspur

1.000

1.000

1.000

-

Newcastle United

0.575

0.576

0.998

irs

Blackburn Rovers

0.800

0.874

0.916

irs

Manchester City

0.774

0.801

0.967

irs

Everton

0.921

0.988

0.932

drs

Fulham

0.652

0.658

0.990

irs

Bolton Wanderers

1.000

1.000

1.000

-

Aston Villa

1.000

1.000

1.000

-

Middlesbrough

0.983

1.000

0.983

irs

Note: drs means decreasing returns to scale & irs means increasing returns to scale

	


	Table 4. Efficiency scores soccer clubs Premier League 2008


	DMU

	CRS 

	VRS

	Scale

	RTS


	Chelsea

	0.576

	0.977

	0.590

	drs


	Arsenal

	1.000

	1.000

	1.000

	-


	Liverpool

	0.843

	0.993

	0.849

	drs


	Manchester United

	1.000

	1.000

	1.000

	-


	Tottenham Hotspur

	0.854

	0.908

	0.941

	irs


	Newcastle United

	0.583

	0.598

	0.975

	irs


	Blackburn Rovers

	1.000

	1.000

	1.000

	-


	Manchester City

	0.738

	0.805

	0.916

	drs


	Everton

	1.000

	1.000

	1.000

	-


	Fulham

	0.682

	0.708

	0.962

	irs


	Bolton Wanderers

	1.000

	1.000

	1.000

	-


	Aston Villa

	1.000

	1.000

	1.000

	-


	Middlesbrough

	1.000

	1.000

	1.000

	-



	

	Note: drs means decreasing returns to scale & irs means increasing returns to scale



	

	Table 5. Efficiency scores soccer clubs Premier League 2009

DMU

CRS 

VRS

Scale

RTS

Chelsea

0.633

0.926

0.683

drs

Arsenal

1.000

1.000

1.000

-

Liverpool

0.906

1.000

0.906

drs

Manchester United

1.000

1.000

1.000

-

Tottenham Hotspur

1.000

1.000

1.000

-

Newcastle United

0.484

0.510

0.949

irs

Blackburn Rovers

0.818

0.829

0.987

irs

Manchester City

0.567

0.666

0.851

irs

Everton

1.000

1.000

1.000

-

Fulham

0.900

0.901

0.999

irs

Bolton Wanderers

1.000

1.000

1.000

-

Aston Villa

1.000

1.000

1.000

-

Middlesbrough

1.000

1.000

1.000

-



	Note: drs means decreasing returns to scale & irs means increasing returns to scale




Appendix B | Overview Leagues England 2005-2009 

	Table 56. League summary

	DMU
	Season 

2004/05
	Season

2005/06
	Season

2006/07
	Season 

2007/08
	Season 2008/09

	Chelsea
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Arsenal
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Liverpool
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Manchester United
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Tottenham Hotspur
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Newcastle United
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Blackburn Rovers
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Manchester City
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Everton
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	West Bromwich Albion
	Premier League
	Premier League
	Championship
	Championship
	Premier League

	Blackpool
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1
	Championship
	Championship

	Fulham
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Bolton Wanderers
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Aston Villa
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Birmingham City
	Premier League
	Premier League
	Championship
	Premier League
	Championship

	Stoke City
	Championship
	Championship
	Championship
	Championship
	Premier League

	Wigan Atletic
	Championship
	Premier League
	Premier League
	Premier League
	Premier League

	Wolverhampton Wanderers  
	Championship
	Championship
	Championship
	Championship
	Championship

	Westham United
	Championship
	Premier League
	Premier League
	Premier League
	Premier League

	Cardiff City
	Championship
	Championship
	Championship
	Championship
	Championship

	Coventry City
	Championship
	Championship
	Championship
	Championship
	Championship

	Norwich City
	Premier League
	Championship
	Championship
	Championship
	Championship

	Reading
	Championship
	Championship
	Premier League
	Premier League
	Championship

	Derby County
	Championship
	Championship
	Championship
	Premier League
	Championship

	Burnley
	Championship
	Championship
	Championship
	Championship
	Championship

	Watford
	Championship
	Championship
	Premier League
	Championship
	Championship

	Ipswich Town
	Championship
	Championship
	Championship
	Championship
	Championship

	Nottingham Forest
	Championship
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1
	Championship

	Millwall
	Championship
	Championship
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1

	Scunthorpe United
	Coca Cola 2
	Coca Cola 1
	Coca Cola 1
	Championship
	Coca Cola 1

	Sheffield United
	Championship
	Championship
	Premier League
	Championship
	Championship

	Leicester City
	Championship
	Championship
	Championship
	Championship
	Coca Cola 1

	Hull City
	Coca Cola 1
	Championship
	Championship
	Championship
	Premier League

	Preston North End
	Championship
	Championship
	Championship
	Championship
	Championship

	Bristol City
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1
	Championship
	Championship

	Middlesbrough
	Premier League
	Premier League
	Premier League
	Premier League
	Premier League

	Brighton & Hove Albion
	Championship
	Championship
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1

	Charlton Atletic
	Premier League
	Premier League
	Premier League
	Championship
	Championship

	Southampton
	Premier League
	Championship
	Championship
	Championship
	Championship

	MK Dons
	Coca Cola 1
	Coca Cola 1
	Coca Cola 2
	Coca Cola 2
	Coca Cola 1

	Sheffield Wednesday
	Coca Cola 1
	Championship
	Championship
	Championship
	Championship

	Bristol Rovers
	Coca Cola 2
	Coca Cola 2
	Coca Cola 2
	Coca Cola 1
	Coca Cola 1

	Brentford
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1
	Coca Cola 2
	Coca Cola 2

	Plymouth Argyle
	Championship
	Championship
	Championship
	Championship
	Championship

	Swindon Town
	Coca Cola 1
	Coca Cola 2
	Coca Cola 2
	Coca Cola 1
	Coca Cola 1

	Leyton Orient
	Coca Cola 2
	Coca Cola 2
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1

	Notts  County
	Coca Cola 2
	Coca Cola 2
	Coca Cola 2
	Coca Cola 2
	Coca Cola 2

	Walsall
	Coca Cola 1
	Coca Cola 1
	Coca Cola 2
	Coca Cola 1
	Coca Cola 1

	Port Vale
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1
	Coca Cola 2

	Shrewsbury
	Coca Cola 2
	Coca Cola 2
	Coca Cola 2
	Coca Cola 2
	Coca Cola 2

	Wycombe Wanderers
	Coca Cola 2
	Coca Cola 2
	Coca Cola 2
	Coca Cola 2
	Coca Cola 2

	Crewe Alexandra
	Championship
	Championship
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1

	Southend United
	Coca Cola 2
	Coca Cola 1
	Championship
	Coca Cola 1
	Coca Cola 1

	Gillingham 
	Championship
	Coca Cola 1
	Coca Cola 1
	Coca Cola 1
	Coca Cola 2



	Appendix C | England Efficiency scores per year using DEA (preliminary model)
Table 14. Efficiency scores soccer clubs England 2005

	DMU
	CRS
	VRS
	Scale
	RTS

	Chelsea
	0.599
	1.000
	0.599
	drs

	Arsenal
	1.000
	1.000
	1.000
	-

	Liverpool
	0.915
	0.952
	0.961
	irs

	Manchester United
	1.000
	1.000
	1.000
	-

	Tottenham Hotspur
	1.000
	1.000
	1.000
	-

	Newcastle United
	0.764
	1.000
	0.764
	drs

	Blackburn Rovers
	0.635
	0.947
	0.670
	drs

	Manchester City
	0.773
	0.956
	0.808
	drs

	Everton
	1.000
	1.000
	1.000
	-

	West Bromwich Albion
	0.989
	1.000
	0.989
	drs

	Blackpool
	0.799
	0.958
	0.834
	drs

	Fulham
	0.492
	0.770
	0.639
	drs

	Bolton Wanderers
	1.000
	1.000
	1.000
	-

	Aston Villa
	0.709
	0.882
	0.804
	drs

	Birmingham City
	0.908
	1.000
	0.908
	drs

	Stoke City
	0.720
	0.720
	1.000
	irs

	Wigan Atletic
	0.830
	0.942
	0.881
	drs

	Wolverhampton Wanderers  
	0.764
	1.000
	0.764
	drs

	Westham United
	0.688
	0.809
	0.851
	drs

	Cardiff City
	0.418
	0.695
	0.602
	drs

	Coventry City
	0.524
	0.741
	0.707
	drs

	Norwich City
	1.000
	1.000
	1.000
	-

	Reading
	0.481
	0.799
	0.603
	drs

	Derby County
	0.629
	0.862
	0.730
	drs

	Burnley
	0.764
	0.766
	0.998
	irs

	Watford
	0.820
	1.000
	0.820
	drs

	Ipswich Town
	0.597
	0.992
	0.602
	drs

	Nottingham  Forest
	0.647
	0.879
	0.737
	drs

	Millwall
	0.442
	0.668
	0.661
	drs

	Scunthorpe United
	1.000
	1.000
	1.000
	-

	Sheffiel United
	0.761
	0.761
	1.000
	irs

	Leicester City
	0.777
	0.851
	0.914
	drs

	Hull City
	0.996
	1.000
	0.996
	drs

	Preston North End
	0.624
	0.945
	0.660
	drs

	Bristol City
	1.000
	1.000
	1.000
	-

	Middlesbrough
	1.000
	1.000
	1.000
	-

	Brighton & Hove Albion
	0.731
	0.952
	0.768
	drs

	Charlton Atletic
	0.685
	0.999
	0.686
	drs

	Southampton
	1.000
	1.000
	1.000
	-

	MK Dons
	0.555
	0.911
	0.609
	drs

	Sheffiel Wednesday
	0.752
	0.760
	0.989
	drs

	Bristol Rovers
	0.824
	1.000
	0.824
	drs

	Brentford
	1.000
	1.000
	1.000
	-

	Plymouth Argyle
	1.000
	1.000
	1.000
	-

	Swindon Town
	0.689
	0.690
	0.998
	irs

	Leyton Orient
	0.894
	0.895
	0.999
	irs

	Notts  County
	1.000
	1.000
	1.000
	-

	Walsall
	0.658
	0.670
	0.983
	irs

	Port Vale
	0.715
	0.729
	0.981
	irs

	Shrewsbury
	1.000
	1.000
	1.000
	-

	Wycombe Wanderers
	0.693
	0.733
	0.946
	irs

	Crewe Alexandra
	0.977
	1.000
	0.977
	drs

	Southend United
	1.000
	1.000
	1.000
	-

	Gillingham 
	0.901
	1.000
	0.901
	drs


Note: drs means decreasing returns to scale & irs means increasing returns to scale
	Table 15. Efficiency scores soccer clubs England 2006

	DMU
	CRS
	VRS
	Scale
	RTS

	Chelsea
	0.663
	0.990
	0.669
	drs

	Arsenal
	0.964
	1.000
	0.964
	drs

	Liverpool
	0.914
	0.987
	0.927
	drs

	Manchester United
	1.000
	1.000
	1.000
	-

	Tottenham Hotspur
	0.904
	1.000
	0.904
	drs

	Newcastle United
	0.755
	0.972
	0.776
	drs

	Blackburn Rovers
	0.661
	0.707
	0.935
	drs

	Manchester City
	1.000
	1.000
	1.000
	-

	Everton
	0.763
	0.935
	0.817
	drs

	West Bromwich Albion
	0.907
	1.000
	0.907
	drs

	Blackpool
	0.815
	1.000
	0.815
	drs

	Fulham
	0.598
	0.811
	0.737
	drs

	Bolton Wanderers
	1.000
	1.000
	1.000
	-

	Aston Villa
	0.655
	0.831
	0.788
	drs

	Birmingham City
	0.761
	0.972
	0.783
	drs

	Stoke City
	0.622
	0.715
	0.870
	drs

	Wigan Atletic
	1.000
	1.000
	1.000
	-

	Wolverhampton Wanderers  
	0.768
	0.892
	0.860
	drs

	Westham United
	0.964
	1.000
	0.964
	drs

	Cardiff City
	0.721
	0.911
	0.792
	drs

	Coventry City
	0.650
	0.923
	0.704
	drs

	Norwich City
	0.821
	1.000
	0.821
	drs

	Reading
	0.495
	0.911
	0.543
	drs

	Derby County
	0.617
	0.865
	0.714
	drs

	Burnley
	0.525
	0.682
	0.769
	drs

	Watford
	0.417
	1.000
	0.417
	drs

	Ipswich Town
	0.631
	0.949
	0.665
	drs

	Nottingham  Forest
	0.431
	0.780
	0.552
	drs

	Millwall
	0.479
	0.592
	0.809
	drs

	Scunthorpe United
	1.000
	1.000
	1.000
	-

	Sheffiel United
	0.527
	0.800
	0.659
	drs

	Leicester City
	1.000
	1.000
	1.000
	-

	Hull City
	1.000
	1.000
	1.000
	-

	Preston North End
	0.402
	0.890
	0.452
	drs

	Bristol City
	0.777
	1.000
	0.777
	drs

	Middlesbrough
	0.936
	0.984
	0.952
	drs

	Brighton & Hove Albion
	0.669
	1.000
	0.669
	drs

	Charlton Atletic
	0.627
	0.988
	0.635
	drs

	Southampton
	0.725
	0.845
	0.857
	drs

	MK Dons
	0.485
	1.000
	0.485
	drs

	Sheffiel Wednesday
	0.979
	1.000
	0.979
	drs

	Bristol Rovers
	0.710
	0.872
	0.814
	drs

	Brentford
	0.736
	0.976
	0.754
	drs

	Plymouth Argyle
	0.789
	0.978
	0.807
	drs

	Swindon Town
	0.689
	0.690
	0.998
	irs

	Leyton Orient
	0.944
	1.000
	0.944
	irs

	Notts  County
	1.000
	1.000
	1.000
	-

	Walsall
	0.915
	0.971
	0.943
	drs

	Port Vale
	0.839
	0.847
	0.991
	irs

	Shrewsbury
	1.000
	1.000
	1.000
	-

	Wycombe Wanderers
	0.637
	0.819
	0.778
	drs

	Crewe Alexandra
	0.734
	0.990
	0.742
	drs

	Southend United
	0.767
	1.000
	0.767
	drs

	Gillingham 
	1.000
	1.000
	1.000
	-


Note: drs means decreasing returns to scale & irs means increasing returns to scale

	Table 17. Efficiency scores soccer clubs England 2007

	DMU
	CRS
	VRS
	Scale
	RTS

	Chelsea
	0.617
	0.981
	0.629
	drs

	Arsenal
	1.000
	1.000
	1.000
	-

	Liverpool
	0.810
	1.000
	0.810
	drs

	Manchester United
	1.000
	1.000
	1.000
	-

	Tottenham Hotspur
	1.000
	1.000
	1.000
	-

	Newcastle United
	0.549
	0.975
	0.564
	drs

	Blackburn Rovers
	0.575
	0.685
	0.838
	drs

	Manchester City
	0.664
	0.848
	0.783
	drs

	Everton
	0.684
	0.927
	0.738
	drs

	West Bromwich Albion
	0.704
	0.883
	0.797
	drs

	Blackpool
	0.634
	0.961
	0.660
	drs

	Fulham
	0.456
	0.865
	0.527
	drs

	Bolton Wanderers
	1.000
	1.000
	1.000
	-

	Aston Villa
	1.000
	1.000
	1.000
	-

	Birmingham City
	0.564
	0.828
	0.681
	drs

	Stoke City
	0.482
	0.654
	0.737
	drs

	Wigan Atletic
	0.903
	1.000
	0.903
	drs

	Wolverhampton Wanderers  
	0.565
	0.813
	0.695
	drs

	Westham United
	0.542
	0.996
	0.544
	drs

	Cardiff City
	0.642
	0.824
	0.779
	drs

	Coventry City
	0.581
	0.910
	0.639
	drs

	Norwich City
	0.690
	1.000
	0.690
	drs

	Reading
	0.677
	0.997
	0.679
	drs

	Derby County
	0.538
	0.822
	0.655
	drs

	Burnley
	0.402
	0.622
	0.647
	drs

	Watford
	0.956
	1.000
	0.956
	drs

	Ipswich Town
	0.584
	0.845
	0.691
	irs

	Nottingham  Forest
	0.474
	0.783
	0.605
	drs

	Millwall
	0.390
	0.557
	0.700
	drs

	Scunthorpe United
	1.000
	1.000
	1.000
	-

	Sheffiel United
	0.825
	1.000
	0.825
	drs

	Leicester City
	0.770
	0.843
	0.913
	drs

	Hull City
	0.894
	0.944
	0.947
	drs

	Preston North End
	0.512
	0.887
	0.577
	drs

	Bristol City
	0.651
	1.000
	0.651
	drs

	Middlesbrough
	1.000
	1.000
	1.000
	-

	Brighton & Hove Albion
	0.521
	0.942
	0.553
	drs

	Charlton Atletic
	0.526
	0.977
	0.538
	drs

	Southampton
	0.933
	1.000
	0.933
	drs

	MK Dons
	0.504
	1.000
	0.504
	drs

	Sheffiel Wednesday
	0.785
	0.825
	0.951
	drs

	Bristol Rovers
	0.811
	0.847
	0.957
	drs

	Brentford
	0.691
	0.786
	0.879
	irs

	Plymouth Argyle
	0.654
	0.809
	0.809
	drs

	Swindon Town
	0.506
	0.634
	0.798
	irs

	Leyton Orient
	0.986
	0.993
	0.993
	irs

	Notts  County
	1.000
	1.000
	1.000
	-

	Walsall
	0.849
	0.915
	0.928
	drs

	Port Vale
	0.687
	0.699
	0.984
	irs

	Shrewsbury
	1.000
	1.000
	1.000
	-

	Wycombe Wanderers
	0.628
	0.696
	0.902
	drs

	Crewe Alexandra
	0.682
	0.758
	0.900
	drs

	Southend United
	1.000
	1.000
	1.000
	-

	Gillingham 
	0.863
	0.976
	0.884
	drs


Note: drs means decreasing returns to scale & irs means increasing returns to scale

	Table 17. Efficiency scores soccer clubs England 2008

	DMU
	CRS
	VRS
	Scale
	RTS

	Chelsea
	0.573
	0.979
	0.586
	drs

	Arsenal
	1.000
	1.000
	1.000
	-

	Liverpool
	0.827
	0.958
	0.863
	drs

	Manchester United
	1.000
	1.000
	1.000
	-

	Tottenham Hotspur
	0.848
	1.000
	0.848
	drs

	Newcastle United
	0.584
	0.937
	0.624
	drs

	Blackburn Rovers
	0.667
	0.781
	0.854
	drs

	Manchester City
	0.654
	0.891
	0.733
	drs

	Everton
	0.758
	0.940
	0.807
	drs

	West Bromwich Albion
	0.999
	1.000
	0.999
	drs

	Blackpool
	0.727
	1.000
	0.727
	drs

	Fulham
	0.562
	0.931
	0.604
	drs

	Bolton Wanderers
	1.000
	1.000
	1.000
	-

	Aston Villa
	1.000
	1.000
	1.000
	-

	Birmingham City
	0.815
	0.921
	0.885
	drs

	Stoke City
	0.404
	0.627
	0.644
	drs

	Wigan Atletic
	0.813
	1.000
	0.813
	drs

	Wolverhampton Wanderers  
	0.578
	0.868
	0.666
	drs

	Westham United
	0.533
	0.991
	0.539
	drs

	Cardiff City
	0.913
	1.000
	0.913
	drs

	Coventry City
	0.450
	0.726
	0.620
	drs

	Norwich City
	0.628
	0.993
	0.632
	drs

	Reading
	0.768
	1.000
	0.768
	drs

	Derby County
	1.000
	1.000
	1.000
	-

	Burnley
	0.389
	0.580
	0.670
	drs

	Watford
	0.716
	1.000
	0.716
	drs

	Ipswich Town
	0.752
	0.902
	0.834
	drs

	Nottingham  Forest
	0.423
	0.695
	0.609
	drs

	Millwall
	0.383
	0.477
	0.803
	drs

	Scunthorpe United
	1.000
	1.000
	1.000
	-

	Sheffiel United
	0.725
	0.807
	0.898
	drs

	Leicester City
	0.561
	0.765
	0.733
	drs

	Hull City
	0.608
	0.893
	0.681
	drs

	Preston North End
	0.403
	0.725
	0.556
	drs

	Bristol City
	0.670
	1.000
	0.670
	drs

	Middlesbrough
	0.916
	0.920
	0.996
	drs

	Brighton & Hove Albion
	0.579
	1.000
	0.579
	drs

	Charlton Atletic
	0.529
	0.888
	0.596
	drs

	Southampton
	0.639
	0.855
	0.748
	drs

	MK Dons
	0.524
	0.655
	0.800
	drs

	Sheffiel Wednesday
	0.745
	0.794
	0.939
	drs

	Bristol Rovers
	0.783
	0.941
	0.832
	drs

	Brentford
	0.674
	0.734
	0.918
	irs

	Plymouth Argyle
	0.593
	0.818
	0.725
	drs

	Swindon Town
	0.494
	0.598
	0.826
	irs

	Leyton Orient
	0.959
	0.992
	0.967
	drs

	Notts  County
	1.000
	1.000
	1.000
	-

	Walsall
	0.928
	1.000
	0.928
	drs

	Port Vale
	0.625
	0.628
	0.996
	irs

	Shrewsbury
	1.000
	1.000
	1.000
	-

	Wycombe Wanderers
	0.521
	0.671
	0.777
	drs

	Crewe Alexandra
	0.566
	0.735
	0.769
	drs

	Southend United
	0.803
	0.990
	0.811
	drs

	Gillingham 
	1.000
	1.000
	1.000
	-


Note: drs means decreasing returns to scale & irs means increasing returns to scale

	Table 18. Efficiency scores soccer clubs England 2009

	DMU
	CRS
	VRS
	Scale
	RTS

	Chelsea
	0.536
	0.985
	0.545
	drs

	Arsenal
	1.000
	1.000
	1.000
	-

	Liverpool
	0.728
	0.971
	0.750
	drs

	Manchester United
	1.000
	1.000
	1.000
	-

	Tottenham Hotspur
	0.991
	1.000
	0.991
	drs

	Newcastle United
	0.436
	0.939
	0.464
	drs

	Blackburn Rovers
	0.484
	0.761
	0.636
	drs

	Manchester City
	0.480
	0.906
	0.530
	drs

	Everton
	0.660
	0.903
	0.731
	drs

	West Bromwich Albion
	0.859
	1.000
	0.859
	drs

	Blackpool
	0.691
	1.000
	0.691
	drs

	Fulham
	0.564
	0.951
	0.594
	drs

	Bolton Wanderers
	0.748
	0.972
	0.769
	drs

	Aston Villa
	1.000
	1.000
	1.000
	-

	Birmingham City
	0.497
	0.662
	0.751
	drs

	Stoke City
	0.735
	0.989
	0.744
	drs

	Wigan Atletic
	1.000
	1.000
	1.000
	-

	Wolverhampton Wanderers  
	0.448
	0.892
	0.502
	drs

	Westham United
	0.460
	0.984
	0.468
	drs

	Cardiff City
	0.768
	1.000
	0.768
	irs

	Coventry City
	0.616
	0.665
	0.926
	drs

	Norwich City
	0.573
	1.000
	0.573
	drs

	Reading
	0.430
	0.864
	0.498
	drs

	Derby County
	0.711
	0.906
	0.784
	drs

	Burnley
	0.412
	0.632
	0.651
	drs

	Watford
	0.776
	1.000
	0.776
	drs

	Ipswich Town
	0.657
	0.881
	0.746
	drs

	Nottingham  Forest
	0.503
	0.812
	0.620
	drs

	Millwall
	0.437
	0.586
	0.746
	drs

	Scunthorpe United
	0.672
	0.906
	0.741
	drs

	Sheffiel United
	0.683
	0.855
	0.799
	drs

	Leicester City
	0.627
	0.861
	0.728
	drs

	Hull City
	1.000
	1.000
	1.000
	-

	Preston North End
	0.602
	0.693
	0.869
	drs

	Bristol City
	0.955
	1.000
	0.955
	drs

	Middlesbrough
	0.708
	0.829
	0.854
	drs

	Brighton & Hove Albion
	0.700
	0.988
	0.708
	drs

	Charlton Atletic
	1.000
	1.000
	1.000
	-

	Southampton
	0.549
	0.792
	0.693
	irs

	MK Dons
	0.572
	0.785
	0.729
	drs

	Sheffiel Wednesday
	0.516
	0.691
	0.746
	drs

	Bristol Rovers
	0.596
	1.000
	0.596
	drs

	Brentford
	0.959
	0.998
	0.961
	drs

	Plymouth Argyle
	0.477
	0.703
	0.678
	drs

	Swindon Town
	0.455
	0.733
	0.621
	drs

	Leyton Orient
	1.000
	1.000
	1.000
	-

	Notts  County
	1.000
	1.000
	1.000
	-

	Walsall
	0.776
	0.813
	0.955
	drs

	Port Vale
	0.590
	0.600
	0.983
	irs

	Shrewsbury
	1.000
	1.000
	1.000
	-

	Wycombe Wanderers
	0.496
	0.745
	0.666
	drs

	Crewe Alexandra
	0.643
	0.802
	0.802
	drs

	Southend United
	0.879
	1.000
	0.879
	drs

	Gillingham 
	1.000
	1.000
	1.000
	-


Note: drs means decreasing returns to scale & irs means increasing returns to scale

Appendix D | Maximum likelihood estimates of frontier model (preliminary model)

	Table 27. Maximum likelihood estimates of frontier model (dependent variables are points turnover and return on assets)

	Variables
	Coefficient     
	

	Constant (β0)
	0.112 (0.980)
	


	LogExpenses(β1)
	
	                                                                       0.179 (0.165)
	

	LogEmployees(β2)
	0.506 (0.228)
	

	LogSalaries(β3)
	
	0.457 (0.117)
	

	Statistics of the model
	
	
	

	σ2 = σ V 2 + σ U 2
	0.106 (0.292)
	

	γ = σ V 2 / σ U 2 
	0.910 (0.330)
	

	µ
	
	0.383 (0.986)
	

	Log likelihood
	
	      0.284
	


Note: Asymptotic standard errors are in parentheses. None of the coefficients is significant.  
Appendix E | Premier League Efficiency scores per year using SFA (preliminary model)
	Table 28. SFA Efficiency scores soccer clubs Premier League 2005-2009

	DMU
	2005
	2006
	2007
	2008
	2009

	Chelsea
	0.547
	0.569
	0.591
	0.612
	0.632

	Arsenal
	0.779
	0.792
	0.804
	0.815
	0.826

	Liverpool
	0.640
	0.659
	0.677
	0.695
	0.712

	Manchester United
	0.765
	0.779
	0.791
	0.804
	0.815

	Tottenham
	0.526
	0.548
	0.570
	0.592
	0.612

	Newcastle United
	0.572
	0.594
	0.614
	0.634
	0.653

	Blackburn Rovers
	0.371
	0.396
	0.421
	0.445
	0.470

	Manchester City
	0.448
	0.472
	0.496
	0.519
	0.542

	Everton
	0.416
	0.441
	0.465
	0.489
	0.512

	Fulham
	0.375
	0.400
	0.425
	0.449
	0.473

	Bolton Wanderers
	0.975
	0.977
	0.978
	0.980
	0.981

	Aston Villa
	0.458
	0.482
	0.505
	0.528
	0.551

	Middlesbrough
	0.775
	0.788
	0.801
	0.812
	0.824


Appendix F | Canonical Correlation Analysis Premier League DEA (preliminary) model 
	Table 44.  Premier League DEA Model (3 inputs and 3 outputs)

	Canonical Function
	Canonical Correlations
	Eigenvalue
	Wilks Lambda
	Chi-Square
	Sig

	1
	0.9713  
	0.9434
	0.0536
	37.172
	0.000*

	2
	0.1921  
	0.0369
	0.9465
	0.836
	0.505

	3
	0.1312
	0.0172
	0.9828
	1.068
	0.306

	Function 1 redundancy O/I
	0.4871
	
	Function 1 redundancy I/O
	0.6345
	

	Function 2 redundancy O/I
	0.0050
	
	Function 2 redundancy I/O
	0.0096
	

	Function 3 redundancy O/I
	0.0059
	
	Function 3 redundancy I/O
	0.0012
	


Note: * Indicates significance at 1% level.
	Table 44. Premier League DEA Model (3 inputs and 3 outputs) Loadings & Cross Loadings

	Variables
	First Canonical Function
	Second Canonical Function
	Third Canonical Function

	
	Loadings
	Cross Loadings
	Loadings
	Cross Loadings
	Loadings
	Cross Loadings

	Turnover
	0.8986    
	0.8728    
	0.0792    
	0.0152    
	0.4315
	0.0566

	Profit
	-0.3796    
	-0.3687    
	0.1280    
	0.0246    
	0.9163
	0.1202

	Points
	0.7729    
	0.7507    
	0.6199    
	0.1191    
	0.1355
	0.0178

	Expenses
	0.9879   
	0.9595   
	-0.0970    
	-0.0186    
	0.1214
	0.0159

	Salaries
	0.9837    
	0.9555    
	0.0616   
	0.0118   
	-0.1687
	-0.0221

	Employees
	0.2724   
	0.2646   
	-0.8742   
	-0.1679   
	-0.4020
	-0.0527


Appendix G | Canonical Correlation Analysis England DEA (preliminary) model 
	Table 44. England DEA Model (3 inputs and 3 outputs)

	Canonical Function
	Canonical Correlations
	Eigenvalue
	Wilks Lambda
	Chi-Square
	Sig

	1
	0.9855
	0.9712
	0.0257
	249.979
	0.000*

	2
	0.3237
	0.1048
	0.8938
	7.654
	0.000*

	3
	0.0403
	0.0016
	0.9984
	0.511
	0.511

	Function 1 redundancy O/I
	0.4766
	
	Function 1 redundancy I/O
	0.7206
	

	Function 2 redundancy O/I
	0.0189
	
	Function 2 redundancy I/O
	0.0087
	

	Function 3 redundancy O/I
	0.0005
	
	Function 3 redundancy I/O
	0.0003
	


Note: * Indicates significance at 1% level.

	Table 44. England DEA Model (3 inputs and 3 outputs) Loadings & Cross Loadings

	Variables
	First Canonical Function
	Second Canonical Function
	Third Canonical Function

	
	Loadings
	Cross Loadings
	Loadings
	Cross Loadings
	Loadings
	Cross Loadings

	Turnover
	0.9605   
	0.9466   
	-0.0460    
	-0.0149    
	0.2745
	0.0111

	Profit
	-0.3421   
	-0.3371   
	-0.0408    
	-0.0132
	0.9388 
	0.0379

	Stadium Utilization
	0.6577    
	0.6481    
	0.7324    
	0.2371    
	0.1763
	0.0071

	Expenses
	0.9869   
	0.9726   
	-0.1335   
	-0.0432   
	  -0.0910
	-0.0037

	Salaries
	0.9941    
	0.9796    
	0.0974    
	0.0315    
	0.0489
	0.0020

	Employees
	0.5149
	0.5074    
	0.4696   
	0.1520   
	-0.7172
	-0.0289


Appendix H | Canonical Correlation Analysis Premier League SFA (preliminary) model 
	Table 44. Premier League SFA Model (3 inputs and 3 outputs)

	Canonical Function
	Canonical Correlations
	Eigenvalue
	Wilks Lambda
	Chi-Square
	Sig

	1
	0.9564  
	0.9147
	0.0800
	29.1111
	0.000*

	2
	0.2133  
	0.0455
	0.9381
	0.9738
	0.425

	3
	0.1310
	0.0172
	0.9828
	1.0657
	0.306

	Function 1 redundancy O/I
	0.4378
	
	Function 1 redundancy I/O
	0.5735
	

	Function 2 redundancy O/I
	0.0177
	
	Function 2 redundancy I/O
	0.0113
	

	Function 3 redundancy O/I
	0.0023
	
	Function 3 redundancy I/O
	0.0022
	


Note: * Indicates significance at 1% level.

	Table 44. Premier League SFA Model (3 inputs and 3 outputs) Loadings & Cross Loadings

	Variables
	First Canonical Function
	Second Canonical Function
	Third Canonical Function

	
	Loadings
	Cross Loadings
	Loadings
	Cross Loadings
	Loadings
	Cross Loadings

	Turnover
	0.9565    
	0.9148    
	0.2850    
	0.0608    
	0.0620
	0.0081

	Points
	0.7144    
	0.6832    
	0.4506   
	0.0961   
	-0.5354
	-0.0702

	ROA
	-0.1028    
	0.0983    
	0.9381    
	0.2001    
	0.3308
	0.0433

	Expenses
	0.8362    
	0.7997    
	0.0797    
	0.0170    
	0.5426
	0.0711

	Salaries
	0.9984   
	0.9549   
	-0.0317   
	-0.0068   
	-0.0467
	-0.0061

	Employees
	0.4282   
	0.4095   
	-0.8592    
	-0.1833    
	0.2801
	0.0367


Appendix I | Premier League Efficiency scores per year using DEA (adjusted model)
	Table 1. Efficiency scores soccer clubs Premier League 2005

DMU

CRS 

VRS

Scale

RTS

Chelsea

0,607

1,000

0,607

drs

Arsenal

1,000

1,000

1,000

-

Liverpool

0,882

0,936

0,943

drs

Manchester United

1,000

1,000

1,000

-

Tottenham Hotspur

0,987

1,000

0,987

irs

Newcastle United

0,812

0,814

0,998

irs

Blackburn Rovers

0,669

0,672

0,996

irs

Manchester City

0,751

0,764

0,982

irs

Everton

1,000

1,000

1,000

-

Fulham

0,569

0,680

0,837

irs

Bolton Wanderers

1,000

1,000

1,000

-

Aston Villa

0,774

0,776

0,997

irs

Middlesbrough

0,995

1,000

0,995

drs



	Note: drs means decreasing returns to scale & irs means increasing returns to scale

	

	Table 2. Efficiency scores soccer clubs Premier League 2006

DMU

CRS

VRS

Scale

RTS

Chelsea

0.692

1.000

0.692

drs

Arsenal

1.000

1.000

1.000

-

Liverpool

0.992

1.000

0.992

drs

Manchester United

1.000

1.000

1.000

-

Tottenham Hotspur

1.000

1.000

1.000

-

Newcastle United

0.755

0.786

0.960

irs

Blackburn Rovers

0.958

1.000

0.958

drs

Manchester City

1.000

1.000

1.000

-

Everton

0.847

0.857

0.989

irs

Fulham

0.795

0.814

0.976

irs

Bolton Wanderers

1.000

1.000

1.000

-

Aston Villa

0.689

0.692

0.996

irs

Middlesbrough

1.000

1.000

1.000

-

Note: drs means decreasing returns to scale & irs means increasing returns to scale

	Table 3. Efficiency scores soccer clubs Premier League 2007

DMU

CRS 

VRS

Scale

RTS

Chelsea

0.633

0.933

0.679

drs

Arsenal

1.000

1.000

1.000

-

Liverpool

0.825

0.929

0.888

drs

Manchester United

1.000

1.000

1.000

-

Tottenham Hotspur

1.000

1.000

1.000

-

Newcastle United

0.575

0.576

0.998

irs

Blackburn Rovers

0.800

0.874

0.916

irs

Manchester City

0.774

0.801

0.967

irs

Everton

0.921

0.988

0.932

drs

Fulham

0.652

0.658

0.990

irs

Bolton Wanderers

1.000

1.000

1.000

-

Aston Villa

1.000

1.000

1.000

-

Middlesbrough

0.983

1.000

0.983

irs

Note: drs means decreasing returns to scale & irs means increasing returns to scale

	


	Table 4. Efficiency scores soccer clubs Premier League 2008


	DMU

	CRS 

	VRS

	Scale

	RTS


	Chelsea

	0.576

	0.977

	0.590

	drs


	Arsenal

	1.000

	1.000

	1.000

	-


	Liverpool

	0.843

	0.993

	0.849

	drs


	Manchester United

	1.000

	1.000

	1.000

	-


	Tottenham Hotspur

	0.854

	0.908

	0.941

	irs


	Newcastle United

	0.583

	0.598

	0.975

	irs


	Blackburn Rovers

	1.000

	1.000

	1.000

	-


	Manchester City

	0.738

	0.805

	0.916

	drs


	Everton

	1.000

	1.000

	1.000

	-


	Fulham

	0.682

	0.708

	0.962

	irs


	Bolton Wanderers

	1.000

	1.000

	1.000

	-


	Aston Villa

	1.000

	1.000

	1.000

	-


	Middlesbrough

	1.000

	1.000

	1.000

	-



	

	Note: drs means decreasing returns to scale & irs means increasing returns to scale

	

	Table 5. Efficiency scores soccer clubs Premier League 2009

DMU

CRS 

VRS

Scale

RTS

Chelsea

0.633

0.926

0.683

drs

Arsenal

1.000

1.000

1.000

-

Liverpool

0.906

1.000

0.906

drs

Manchester United

1.000

1.000

1.000

-

Tottenham Hotspur

1.000

1.000

1.000

-

Newcastle United

0.484

0.510

0.949

irs

Blackburn Rovers

0.818

0.829

0.987

irs

Manchester City

0.567

0.666

0.851

irs

Everton

1.000

1.000

1.000

-

Fulham

0.900

0.901

0.999

irs

Bolton Wanderers

1.000

1.000

1.000

-

Aston Villa

1.000

1.000

1.000

-

Middlesbrough

1.000

1.000

1.000

-



	Note: drs means decreasing returns to scale & irs means increasing returns to scale




Appendix J | Premier League Mann–Whitney test of differences in efficiency
	Table 6. Two-sample Wilcoxon rank-sum (Mann-Whitney) test CRS

	Size Employees
	Observations
	Rank Sum
	Expected

	Small
	28
	769         
	630

	Large
	16
	221         
	360

	Combined
	44
	990
	990

	

	Z-value
	3.418
	
	

	Sign.
	0.0006
	
	


	Table 7. Two-sample Wilcoxon rank-sum (Mann-Whitney) test VRS

	Size Employees
	Observations
	Rank Sum
	Expected

	Small
	28
	711
	630

	Large
	16
	279
	360

	Combined
	44
	990
	990

	

	Z-value
	2.135
	
	

	Sign.
	0.0328
	
	


	Table 8. Two-sample Wilcoxon rank-sum (Mann-Whitney) test CRS

	Size Turnover
	Observations
	Rank Sum
	Expected

	Small
	29
	701
	696

	Large
	18
	427         
	432

	Combined
	47
	1128
	1128

	

	Z-value
	0.111
	
	

	Sign.
	0.9119
	
	


	Table 9. Two-sample Wilcoxon rank-sum (Mann-Whitney) test VRS

	Size Turnover
	Observations
	Rank Sum
	Expected

	Small
	29
	610.5         
	696

	Large
	18
	517.5         
	432

	Combined
	47
	1128
	1128

	

	Z-value
	-2.009
	
	

	Sign.
	0.0445
	
	


	Table 10. Two-sample Wilcoxon rank-sum (Mann-Whitney) test CRS

	Size Expenses
	Observations
	Rank Sum
	Expected

	Small
	24
	566.5         
	516

	Large
	18
	336.5         
	387

	Combined
	42
	903
	903

	

	Z-value
	1.299
	
	

	Sign.
	0.1941
	
	


	Table 11. Two-sample Wilcoxon rank-sum (Mann-Whitney) test VRS

	Size Expenses
	Observations
	Rank Sum
	Expected

	Small
	24
	502         
	516

	Large
	18
	401         
	387

	Combined
	42
	903
	903

	

	Z-value
	-0.389
	
	

	Sign.
	0.6971
	
	


	Table 12. Two-sample Wilcoxon rank-sum (Mann-Whitney) test CRS

	Size Salaries
	Observations
	Rank Sum
	Expected

	Small
	22
	567         
	495

	Large
	22
	423         
	495

	Combined
	44
	990
	990

	

	Z-value
	1.703
	
	

	Sign.
	0.0885
	
	


	Table 13. Two-sample Wilcoxon rank-sum (Mann-Whitney) test VRS

	Size Salaries
	Observations
	Rank Sum
	Expected

	Small
	22
	507.5         
	495

	Large
	22
	482.5         
	495

	Combined
	44
	990
	990

	

	Z-value
	0.321
	
	

	Sign.
	0.7486
	
	


Appendix K | England Efficiency scores per year using DEA (adjusted model)
	Table 14. Efficiency scores soccer clubs England 2005

	DMU
	CRS
	VRS
	Scale
	RTS

	Chelsea
	0.574
	1.000
	0.574
	drs

	Arsenal
	0.952
	1.000
	0.952
	drs

	Liverpool
	0.844
	0.952
	0.886
	drs

	Manchester United
	0.974
	1.000
	0.974
	drs

	Tottenham Hotspur
	0.930
	1.000
	0.930
	drs

	Newcastle United
	0.761
	1.000
	0.761
	drs

	Blackburn Rovers
	0.608
	0.947
	0.642
	drs

	Manchester City
	0.704
	0.955
	0.737
	drs

	Everton
	0.875
	0.943
	0.927
	drs

	West Bromwich Albion
	0.782
	0.939
	0.833
	drs

	Blackpool
	0.799
	0.950
	0.841
	drs

	Fulham
	0.492
	0.770
	0.639
	drs

	Bolton Wanderers
	1.000
	1.000
	1.000
	-

	Aston Villa
	0.707
	0.882
	0.802
	drs

	Birmingham City
	0.693
	0.984
	0.704
	drs

	Stoke City
	0.720
	0.720
	1.000
	irs

	Wigan Atletic
	0.405
	0.532
	0.762
	drs

	Wolverhampton Wanderers  
	0.755
	1.000
	0.755
	drs

	Westham United
	0.688
	0.809
	0.851
	drs

	Cardiff City
	0.418
	0.695
	0.602
	drs

	Coventry City
	0.472
	0.589
	0.802
	irs

	Norwich City
	0.998
	1.000
	0.998
	drs

	Reading
	0.481
	0.799
	0.603
	drs

	Derby County
	0.628
	0.862
	0.729
	drs

	Burnley
	0.733
	0.734
	0.999
	drs

	Watford
	0.618
	1.000
	0.618
	drs

	Ipswich Town
	0.596
	0.990
	0.602
	drs

	Nottingham  Forest
	0.627
	0.873
	0.718
	drs

	Millwall
	0.409
	0.659
	0.621
	irs

	Scunthorpe United
	1.000
	1.000
	1.000
	-

	Sheffiel United
	0.761
	0.761
	1.000
	irs

	Leicester City
	0.777
	0.851
	0.914
	drs

	Hull City
	0.994
	1.000
	0.994
	drs

	Preston North End
	0.384
	0.726
	0.529
	irs

	Bristol City
	0.375
	0.689
	0.544
	drs

	Middlesbrough
	0.990
	1.000
	0.990
	drs

	Brighton & Hove Albion
	0.685
	0.860
	0.797
	drs

	Charlton Atletic
	0.655
	0.999
	0.656
	drs

	Southampton
	1.000
	1.000
	1.000
	-

	MK Dons
	0.384
	0.779
	0.493
	drs

	Sheffiel Wednesday
	0.752
	0.760
	0.989
	drs

	Bristol Rovers
	0.804
	0.981
	0.820
	drs

	Brentford
	1.000
	1.000
	1.000
	-

	Plymouth Argyle
	1.000
	1.000
	1.000
	-

	Swindon Town
	0.689
	0.690
	0.998
	irs

	Leyton Orient
	0.894
	0.895
	0.999
	irs

	Notts  County
	1.000
	1.000
	1.000
	-

	Walsall
	0.658
	0.662
	0.995
	irs

	Port Vale
	0.715
	0.729
	0.981
	irs

	Shrewsbury
	1.000
	1.000
	1.000
	-

	Wycombe Wanderers
	0.693
	0.733
	0.946
	irs

	Crewe Alexandra
	0.912
	0.942
	0.968
	drs

	Southend United
	1.000
	1.000
	1.000
	-

	Gillingham 
	0.901
	1.000
	0.901
	drs


Note: drs means decreasing returns to scale & irs means increasing returns to scale

	Table 15. Efficiency scores soccer clubs England 2006

	DMU
	CRS
	VRS
	Scale
	RTS

	Chelsea
	0.621
	0.990
	0.627
	drs

	Arsenal
	0.855
	0.997
	0.858
	drs

	Liverpool
	0.851
	0.979
	0.870
	drs

	Manchester United
	1.000
	1.000
	1.000
	-

	Tottenham Hotspur
	0.836
	1.000
	0.836
	drs

	Newcastle United
	0.755
	0.972
	0.776
	drs

	Blackburn Rovers
	0.657
	0.704
	0.933
	irs

	Manchester City
	0.869
	0.924
	0.941
	drs

	Everton
	0.762
	0.934
	0.816
	drs

	West Bromwich Albion
	0.843
	1.000
	0.843
	drs

	Blackpool
	0.815
	1.000
	0.815
	drs

	Fulham
	0.598
	0.811
	0.737
	drs

	Bolton Wanderers
	0.990
	1.000
	0.990
	drs

	Aston Villa
	0.651
	0.829
	0.785
	drs

	Birmingham City
	0.717
	0.943
	0.761
	drs

	Stoke City
	0.622
	0.715
	0.870
	drs

	Wigan Atletic
	0.866
	0.906
	0.956
	drs

	Wolverhampton Wanderers  
	0.768
	0.890
	0.863
	drs

	Westham United
	0.964
	1.000
	0.964
	drs

	Cardiff City
	0.570
	0.676
	0.843
	irs

	Coventry City
	0.645
	0.819
	0.788
	drs

	Norwich City
	0.821
	1.000
	0.821
	drs

	Reading
	0.495
	0.911
	0.543
	drs

	Derby County
	0.604
	0.845
	0.715
	drs

	Burnley
	0.525
	0.682
	0.769
	drs

	Watford
	0.408
	1.000
	0.408
	drs

	Ipswich Town
	0.620
	0.949
	0.653
	drs

	Nottingham  Forest
	0.428
	0.767
	0.559
	drs

	Millwall
	0.479
	0.592
	0.809
	drs

	Scunthorpe United
	1.000
	1.000
	1.000
	-

	Sheffiel United
	0.522
	0.800
	0.653
	drs

	Leicester City
	1.000
	1.000
	1.000
	-

	Hull City
	0.948
	1.000
	0.948
	drs

	Preston North End
	0.340
	0.794
	0.428
	drs

	Bristol City
	0.777
	0.903
	0.861
	drs

	Middlesbrough
	0.774
	0.912
	0.849
	drs

	Brighton & Hove Albion
	0.669
	1.000
	0.669
	drs

	Charlton Atletic
	0.617
	0.988
	0.625
	drs

	Southampton
	0.713
	0.845
	0.844
	drs

	MK Dons
	0.485
	0.987
	0.492
	drs

	Sheffiel Wednesday
	0.979
	1.000
	0.979
	drs

	Bristol Rovers
	0.710
	0.832
	0.853
	drs

	Brentford
	0.724
	0.865
	0.837
	drs

	Plymouth Argyle
	0.789
	0.978
	0.807
	drs

	Swindon Town
	0.689
	0.690
	0.998
	irs

	Leyton Orient
	0.941
	1.000
	0.941
	drs

	Notts  County
	1.000
	1.000
	1.000
	-

	Walsall
	0.915
	0.945
	0.968
	drs

	Port Vale
	0.837
	0.846
	0.989
	irs

	Shrewsbury
	1.000
	1.000
	1.000
	-

	Wycombe Wanderers
	0.637
	0.815
	0.782
	drs

	Crewe Alexandra
	0.734
	0.983
	0.747
	drs

	Southend United
	0.755
	1.000
	0.755
	drs

	Gillingham 
	1.000
	1.000
	1.000
	-


Note: drs means decreasing returns to scale & irs means increasing returns to scale
	Table 17. Efficiency scores soccer clubs England 2007

	DMU
	CRS
	VRS
	Scale
	RTS

	Chelsea
	0.550
	0.981
	0.560
	drs

	Arsenal
	0.903
	0.997
	0.906
	drs

	Liverpool
	0.698
	0.963
	0.725
	drs

	Manchester United
	1.000
	1.000
	1.000
	-

	Tottenham Hotspur
	0.867
	0.994
	0.872
	drs

	Newcastle United
	0.549
	0.975
	0.564
	drs

	Blackburn Rovers
	0.500
	0.684
	0.731
	drs

	Manchester City
	0.620
	0.846
	0.733
	drs

	Everton
	0.548
	0.923
	0.593
	drs

	West Bromwich Albion
	0.566
	0.804
	0.704
	irs

	Blackpool
	0.634
	0.953
	0.665
	drs

	Fulham
	0.456
	0.865
	0.527
	drs

	Bolton Wanderers
	0.890
	1.000
	0.890
	drs

	Aston Villa
	0.568
	0.853
	0.665
	drs

	Birmingham City
	0.473
	0.751
	0.630
	drs

	Stoke City
	0.482
	0.654
	0.737
	drs

	Wigan Atletic
	0.405
	0.730
	0.555
	irs

	Wolverhampton Wanderers  
	0.565
	0.809
	0.698
	drs

	Westham United
	0.542
	0.996
	0.544
	drs

	Cardiff City
	0.518
	0.809
	0.641
	drs

	Coventry City
	0.404
	0.722
	0.560
	drs

	Norwich City
	0.690
	1.000
	0.690
	drs

	Reading
	0.677
	0.997
	0.679
	drs

	Derby County
	0.421
	0.816
	0.515
	drs

	Burnley
	0.402
	0.622
	0.647
	drs

	Watford
	0.772
	1.000
	0.772
	drs

	Ipswich Town
	0.535
	0.845
	0.634
	drs

	Nottingham  Forest
	0.474
	0.779
	0.608
	drs

	Millwall
	0.390
	0.549
	0.710
	drs

	Scunthorpe United
	1.000
	1.000
	1.000
	-

	Sheffiel United
	0.805
	1.000
	0.805
	drs

	Leicester City
	0.737
	0.843
	0.875
	drs

	Hull City
	0.815
	0.933
	0.874
	drs

	Preston North End
	0.305
	0.753
	0.405
	drs

	Bristol City
	0.572
	0.791
	0.724
	drs

	Middlesbrough
	0.699
	0.923
	0.757
	drs

	Brighton & Hove Albion
	0.513
	0.863
	0.595
	drs

	Charlton Atletic
	0.446
	0.976
	0.457
	drs

	Southampton
	0.861
	0.979
	0.880
	drs

	MK Dons
	0.372
	1.000
	0.372
	drs

	Sheffiel Wednesday
	0.785
	0.825
	0.951
	drs

	Bristol Rovers
	0.811
	0.847
	0.957
	drs

	Brentford
	0.644
	0.707
	0.911
	irs

	Plymouth Argyle
	0.654
	0.808
	0.810
	drs

	Swindon Town
	0.506
	0.634
	0.798
	irs

	Leyton Orient
	0.971
	0.988
	0.983
	irs

	Notts  County
	1.000
	1.000
	1.000
	-

	Walsall
	0.849
	0.915
	0.928
	drs

	Port Vale
	0.687
	0.699
	0.984
	irs

	Shrewsbury
	1.000
	1.000
	1.000
	-

	Wycombe Wanderers
	0.628
	0.696
	0.902
	drs

	Crewe Alexandra
	0.682
	0.758
	0.900
	drs

	Southend United
	1.000
	1.000
	1.000
	-

	Gillingham 
	0.863
	0.963
	0.896
	drs


Note: drs means decreasing returns to scale & irs means increasing returns to scale
	Table 17. Efficiency scores soccer clubs England 2008

	DMU
	CRS
	VRS
	Scale
	RTS

	Chelsea
	0.525
	0.979
	0.537
	drs

	Arsenal
	0.956
	1.000
	0.956
	drs

	Liverpool
	0.784
	0.958
	0.818
	drs

	Manchester United
	1.000
	1.000
	1.000
	-

	Tottenham Hotspur
	0.830
	1.000
	0.830
	drs

	Newcastle United
	0.584
	0.937
	0.624
	drs

	Blackburn Rovers
	0.647
	0.781
	0.829
	drs

	Manchester City
	0.638
	0.891
	0.716
	drs

	Everton
	0.728
	0.935
	0.778
	drs

	West Bromwich Albion
	0.547
	0.872
	0.627
	drs

	Blackpool
	0.711
	1.000
	0.711
	drs

	Fulham
	0.562
	0.931
	0.604
	drs

	Bolton Wanderers
	0.901
	1.000
	0.901
	drs

	Aston Villa
	0.935
	0.973
	0.961
	drs

	Birmingham City
	0.788
	0.912
	0.864
	drs

	Stoke City
	0.401
	0.626
	0.640
	drs

	Wigan Atletic
	0.494
	0.774
	0.639
	drs

	Wolverhampton Wanderers  
	0.578
	0.868
	0.666
	drs

	Westham United
	0.533
	0.991
	0.539
	drs

	Cardiff City
	0.718
	0.875
	0.821
	drs

	Coventry City
	0.377
	0.619
	0.609
	drs

	Norwich City
	0.628
	0.993
	0.632
	drs

	Reading
	0.756
	1.000
	0.756
	drs

	Derby County
	0.944
	1.000
	0.944
	drs

	Burnley
	0.387
	0.580
	0.668
	drs

	Watford
	0.636
	1.000
	0.636
	drs

	Ipswich Town
	0.718
	0.867
	0.828
	drs

	Nottingham  Forest
	0.423
	0.695
	0.609
	drs

	Millwall
	0.380
	0.476
	0.798
	drs

	Scunthorpe United
	0.990
	1.000
	0.990
	drs

	Sheffiel United
	0.700
	0.807
	0.867
	drs

	Leicester City
	0.516
	0.759
	0.680
	drs

	Hull City
	0.459
	0.781
	0.588
	drs

	Preston North End
	0.304
	0.572
	0.531
	drs

	Bristol City
	0.638
	0.889
	0.718
	drs

	Middlesbrough
	0.862
	0.914
	0.943
	drs

	Brighton & Hove Albion
	0.456
	0.829
	0.551
	drs

	Charlton Atletic
	0.522
	0.884
	0.590
	drs

	Southampton
	0.598
	0.833
	0.718
	drs

	MK Dons
	0.522
	0.632
	0.826
	drs

	Sheffiel Wednesday
	0.735
	0.793
	0.927
	drs

	Bristol Rovers
	0.776
	0.922
	0.842
	drs

	Brentford
	0.615
	0.619
	0.993
	irs

	Plymouth Argyle
	0.589
	0.745
	0.791
	drs

	Swindon Town
	0.494
	0.598
	0.826
	irs

	Leyton Orient
	0.925
	0.983
	0.941
	drs

	Notts  County
	1.000
	1.000
	1.000
	-

	Walsall
	0.928
	1.000
	0.928
	drs

	Port Vale
	0.625
	0.628
	0.996
	irs

	Shrewsbury
	1.000
	1.000
	1.000
	-

	Wycombe Wanderers
	0.521
	0.671
	0.777
	drs

	Crewe Alexandra
	0.559
	0.735
	0.760
	drs

	Southend United
	0.765
	0.899
	0.851
	drs

	Gillingham 
	1.000
	1.000
	1.000
	-


Note: drs means decreasing returns to scale & irs means increasing returns to scale
	Table 18. Efficiency scores soccer clubs England 2009

	DMU
	CRS
	VRS
	Scale
	RTS

	Chelsea
	0.462
	0.985
	0.469
	drs

	Arsenal
	1.000
	1.000
	1.000
	-

	Liverpool
	0.674
	0.971
	0.694
	drs

	Manchester United
	0.828
	1.000
	0.828
	drs

	Tottenham Hotspur
	0.627
	1.000
	0.627
	drs

	Newcastle United
	0.400
	0.939
	0.426
	drs

	Blackburn Rovers
	0.438
	0.761
	0.575
	drs

	Manchester City
	0.368
	0.906
	0.407
	drs

	Everton
	0.608
	0.903
	0.673
	drs

	West Bromwich Albion
	0.534
	1.000
	0.534
	drs

	Blackpool
	0.551
	1.000
	0.551
	drs

	Fulham
	0.551
	0.951
	0.580
	drs

	Bolton Wanderers
	0.748
	0.972
	0.769
	drs

	Aston Villa
	0.542
	0.938
	0.577
	drs

	Birmingham City
	0.384
	0.659
	0.582
	drs

	Stoke City
	0.684
	0.988
	0.692
	drs

	Wigan Atletic
	0.425
	0.744
	0.572
	drs

	Wolverhampton Wanderers  
	0.422
	0.892
	0.474
	drs

	Westham United
	0.456
	0.984
	0.463
	drs

	Cardiff City
	0.425
	1.000
	0.425
	drs

	Coventry City
	0.341
	0.598
	0.571
	drs

	Norwich City
	0.561
	1.000
	0.561
	drs

	Reading
	0.393
	0.855
	0.460
	drs

	Derby County
	0.606
	0.906
	0.669
	drs

	Burnley
	0.317
	0.614
	0.516
	drs

	Watford
	0.776
	1.000
	0.776
	drs

	Ipswich Town
	0.580
	0.880
	0.659
	drs

	Nottingham  Forest
	0.431
	0.798
	0.539
	drs

	Millwall
	0.408
	0.586
	0.696
	drs

	Scunthorpe United
	0.672
	0.904
	0.743
	drs

	Sheffiel United
	0.560
	0.819
	0.684
	drs

	Leicester City
	0.609
	0.861
	0.707
	drs

	Hull City
	1.000
	1.000
	1.000
	-

	Preston North End
	0.206
	0.641
	0.321
	drs

	Bristol City
	0.462
	0.952
	0.486
	drs

	Middlesbrough
	0.614
	0.829
	0.740
	drs

	Brighton & Hove Albion
	0.417
	0.912
	0.457
	drs

	Charlton Atletic
	0.523
	0.814
	0.643
	drs

	Southampton
	0.548
	0.792
	0.693
	irs

	MK Dons
	0.520
	0.734
	0.708
	drs

	Sheffiel Wednesday
	0.516
	0.691
	0.746
	drs

	Bristol Rovers
	0.475
	0.893
	0.532
	drs

	Brentford
	0.846
	0.890
	0.950
	irs

	Plymouth Argyle
	0.454
	0.703
	0.645
	drs

	Swindon Town
	0.455
	0.733
	0.621
	drs

	Leyton Orient
	0.836
	0.917
	0.911
	drs

	Notts  County
	1.000
	1.000
	1.000
	-

	Walsall
	0.776
	0.813
	0.955
	drs

	Port Vale
	0.590
	0.600
	0.983
	irs

	Shrewsbury
	1.000
	1.000
	1.000
	-

	Wycombe Wanderers
	0.476
	0.745
	0.639
	drs

	Crewe Alexandra
	0.643
	0.789
	0.815
	drs

	Southend United
	0.792
	1.000
	0.792
	drs

	Gillingham 
	1.000
	1.000
	1.000
	-


Note: drs means decreasing returns to scale & irs means increasing returns to scale
Appendix L | England Mann–Whitney test of differences in efficiency

	Table 19. Two-sample Wilcoxon rank-sum (Mann-Whitney) test CRS

	Size Employees
	Observations
	Rank Sum
	Expected

	Small
	89
	6018.5      
	6007.5

	Large
	45
	3026.5      
	3037.5

	Combined
	134
	9045
	9045

	

	Z-value
	0.052
	
	

	Sign.
	0.9586
	
	


	Table 20. Two-sample Wilcoxon rank-sum (Mann-Whitney) test VRS

	Size Employees
	Observations
	Rank Sum
	Expected

	Small
	89
	5587
	6007.5

	Large
	45
	3458      
	3037.5

	Combined
	134
	9045
	9045

	

	Z-value
	-2.010
	
	

	Sign.
	0.0444
	
	


	Table 21. Two-sample Wilcoxon rank-sum (Mann-Whitney) test CRS

	Size Turnover
	Observations
	Rank Sum
	Expected

	Small
	120
	9688.5       
	10080

	Large
	47
	4339.5        
	3948

	Combined
	167
	14028
	14028

	

	Z-value
	-1.395
	
	

	Sign.
	0.1629
	
	


	Table 22. Two-sample Wilcoxon rank-sum (Mann-Whitney) test VRS

	Size Turnover
	Observations
	Rank Sum
	Expected

	Small
	120
	8898.5       
	10080

	Large
	47
	5129.5        
	3948

	Combined
	167
	14028
	14028

	

	Z-value
	-4.262
	
	

	Sign.
	0.0000
	
	


	Table 23. Two-sample Wilcoxon rank-sum (Mann-Whitney) test CRS

	Size Expenses
	Observations
	Rank Sum
	Expected

	Small
	116
	9741.5        
	9454

	Large
	46
	3461.5        
	3749

	Combined
	162
	13203
	13203

	

	Z-value
	1.071
	
	

	Sign.
	0.2843
	
	


	Table 24. Two-sample Wilcoxon rank-sum (Mann-Whitney) test VRS

	Size Expenses
	Observations
	Rank Sum
	Expected

	Small
	116
	8802.5        
	9454

	Large
	46
	4400.5        
	3749

	Combined
	162
	13203
	13203

	

	Z-value
	-2.472
	
	

	Sign.
	0.0135
	
	


	Table 25. Two-sample Wilcoxon rank-sum (Mann-Whitney) test CRS

	Size Salaries
	Observations
	Rank Sum
	Expected

	Small
	114
	9933        
	9633

	Large
	54
	4263        
	4563

	Combined
	168
	14196       
	14196

	

	Z-value
	1.020
	
	

	Sign.
	0.3076
	
	


	Table 26. Two-sample Wilcoxon rank-sum (Mann-Whitney) test VRS

	Size Salaries
	Observations
	Rank Sum
	Expected

	Small
	114        
	8783        
	9633

	Large
	54        
	5413        
	4563

	Combined
	168       
	14196       
	14196

	

	Z-value
	-2.921
	
	

	Sign.
	0.0035
	
	


Appendix M | Maximum likelihood estimates of frontier model (adjusted model)
	Table 27. Maximum likelihood estimates of frontier model (dependent variables are points and turnover)

	Variables
	Coefficient     
	

	Constant (β0)
	0.101 (0.101)
	

	LogExpenses(β1)
	
	                                                                       0.546 (0.268)
	

	LogSalaries(β2)
	
	0.439 (0.748)
	

	Statistics of the model
	
	
	

	σ2 = σ V 2 + σ U 2
	0.141 (0.166)
	

	γ = σ V 2 / σ U 2 
	0.929 (0.132)
	

	µ
	
	0.351 (0.992)
	

	Log likelihood
	
	      0.245
	


Note: Asymptotic standard errors are in parentheses. None of the coefficients is significant.  
Appendix N | Premier League Efficiency scores per year using SFA (adjusted model) 
	Table 28. SFA Efficiency scores soccer clubs Premier League 2005-2009

	DMU
	2005
	2006
	2007
	2008
	2009

	Chelsea
	0.549
	0.572
	0.594
	0.615
	0.635

	Arsenal
	0.823
	0.834
	0.844
	0.854
	0.863

	Liverpool
	0.668
	0.686
	0.704
	0.721
	0.737

	Manchester United
	0.820
	0.831
	0.841
	0.851
	0.861

	Tottenham
	0.564
	0.586
	0.608
	0.629
	0.649

	Newcastle United
	0.599
	0.621
	0.641
	0.660
	0.679

	Blackburn Rovers
	0.384
	0.410
	0.435
	0.460
	0.485

	Manchester City
	0.467
	0.492
	0.516
	0.540
	0.563

	Everton
	0.433
	0.458
	0.483
	0.508
	0.532

	Fulham
	0.374
	0.400
	0.426
	0.451
	0.476

	Bolton Wanderers
	0.974
	0.976
	0.978
	0.979
	0.981

	Aston Villa
	0.479
	0.503
	0.527
	0.550
	0.573

	Middlesbrough
	0.790
	0.803
	0.815
	0.826
	0.837
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