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Abstract 

Positional tracking technologies have been providing reliable information that can boost the 

interpretation of football team’s performance by adopting different data-driven approaches. 

Accordingly, the available research is focused on quantifying the physical and physiological 

demands of the players when involved in real practice situations. However, these demands are 

dependent on team strategy and opponent behaviour, requiring performance to be analysed 

with a more complex approach. Thus, the general aim of this study was to explore the 

determinants of collective movement behaviour in association football by using positioning-

derived variables. To fulfil this purpose, the data were collected from different environments 

(training and competition) and different players (under-15, under-17, under-19, professionals 

and amateurs). Social Network approaches, non-linear processing techniques and both time-

motion and notational analysis were applied. During training conditions, small- and large-

sided games (unbalance and pitch-area restrictions boundary conditions, respectively) were 

designed and analysed. In unbalanced games, results showed that the manipulation of the 

number of opponents may be effective to over-emphasise the use of the local information by 

the players to support the dynamics of the positional decision-making process. Regarding to 

the effects of limiting players’ spatial exploration during large-sided games, the results 

showed a great impairment in the co-adaptation between teammates’ positioning while a 

decrease in the physical and physiological performances was observed. In match 

environments, under-15 showed higher correlation between the dyads’ positioning regularity 

and the network passing density, indicating a possible higher dependence of the ball position 

rather than in the under-17 teams. During under-19 matches, results showed that 

displacements of all players were nearer and more regular with their own position-specific 

teammates. During professional matches, three scenarios should require additional attention 

when aiming to design match transferable tasks: i) transition from effective playing space 

(EPS) formed by 3 nearer players to EPS formed by 4 nearer players; ii) transition from EPS 

formed by 4 nearer players up to EPS formed by 8 nearer players; and iii) transition from EPS 

formed by 8 nearer players to EPS formed by 9 nearer players. Overall, the presented data 

approaches have intended to provide practical and holistic processing tools that can be used to 

better understand the sport collective movement behaviour through dynamical positioning. 

Keywords: dynamical systems; complex systems; behavioural dynamics; performance 

analysis; time-motion; GPS. 
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Resumo 

Os avanços nas tecnologias de captação do posicionamento dos jogadores de futebol têm 

permitido adquirir informação fiável sobre o seu desempenho. A investigação disponível 

foca-se na quantificação de exigências físicas e fisiológicas dos jogadores em situações de 

contexto de treino e jogo. No entanto, estas exigências são dependentes da estratégia da 

equipa e do comportamento dos adversários, o que obriga a que o desempenho seja analisado 

através de metodologias mais complexas e multidisciplinares. Assim, este trabalho teve como 

objetivo explorar as características de funcionamento que estão na base do comportamento 

coletivo em futebol usando variáveis de posicionamento. Os dados foram recolhidos em 

ambientes de treino e de competição, em escalões de Sub-15, Sub-17, Sub-19, profissionais e 

amadores. Para o tratamento dos dados, foram aplicadas técnicas de processamento linear e 

não-linear, análise de redes sociais, análise de variáveis de tempo e movimento e análise 

notacional. Em ambiente de treino, foram desenhadas e analisadas tarefas de jogo em espaço 

reduzido (em desigualdade numérica) e com espaço próximo do regulamentar (com restrição 

de zonas do campo). Nas situações de desigualdade numérica, os resultados mostraram que a 

manipulação no número de adversários poderá ser efetiva para a necessidade do uso de 

informação local durante as decisões dinâmicas de posicionamento. Em situações de restrição 

espacial, os resultados revelaram uma diminuição drástica na capacidade de coadaptação 

posicional dos colegas de equipa e uma redução das necessidades físicas e fisiológicas. Em 

ambientes de competição, o escalão Sub-15 apresentou uma maior correlação no 

posicionamento com os colegas de equipa e uma maior densidade na rede de passes, 

comparativamente com o escalão Sub-17, indicando uma maior dependência do 

posicionamento da bola. No escalão Sub-19, os resultados evidenciaram que o 

posicionamento dinâmico de todos os jogadores foi mais próximo e mais regular com os 

colegas pertencentes ao mesmo posto específico. Em competição com jogadores profissionais, 

três cenários requerem maior atenção aquando do desenho de tarefas com transferibilidade 

comportamental: i) transição da superfície de espaço de jogo ocupado pelos 3 colegas de 

equipa mais próximos para o espaço ocupado por 4; ii) transição de 4 até 8; e iii) transição de 

8 para 9. Todas as abordagens empíricas tiveram como objetivo fornecer ferramentas de 

processamento para melhor compreender a dinâmica do comportamento posicional.  

Palavras-chave: sistemas dinâmicos; sistemas complexos; dinâmica comportamental; análise 

do desempenho; tempo-movimento; GPS. 
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1.1 Performance analysis in team sports 

One of the biggest challenges in sports science is to search for performance determinants that 

help to optimise the coaching process and ultimately, the competition outcome (McGarry, 

2009). This role has been supported by the discipline of performance analysis. This is a topic 

in sport and exercise science focused on measuring the actual sports performance by gathering 

valid, accurate and reliable information during competitive environments, and using those 

information to improve individual or collective sports performance (O'Donoghue, 2014). It 

does not rely on activity measured under laboratory conditions or through questionnaires or 

interviews. Instead, basis to have an ecological and valid performance analysis should be the 

training and competition environments (O'Donoghue, 2010; O'Donoghue, 2014). Under this 

circumstance, the term “performance indicator” was objectively established to measure valid 

and important aspects of performance. An indicator could be either a single variable or 

combinations of variables that determine whether a performance has been successful or 

unsuccessful (Hughes & Franks, 2004). 

As one of the traditional methods of performance analysis in team sports, notational analysis 

seeks to obtain indicators of discrete actions and/or events by using advanced statistical 

procedures (Carling, Reilly, & Williams, 2009; Hughes & Franks, 2004, 2007). This approach 

is used to provide answers about the static complexity (see the next section for a deep 

understanding of complexity in team sports) of performance and has been presented as a 

powerful framework to produce valid and reliable description and characterisation of teams’ 

performance (Liu, Gomez, Gonçalves, & Sampaio, 2016; Sampaio et al., 2015). More 

specifically, performance indicators such as the number of shots and successful passes have 

been used to explain why some teams are more successful than others in association football 

(Castellano, Casamichana, & Lago, 2012; Lago-Penas, Lago-Ballesteros, Dellal, & Gomez, 

2010; Lago-Penas, Lago-Ballesteros, & Rey, 2011; Mike & Ian, 2005). 

These static analyses permit the use of massive datasets and correlate a wide range of 

indicators. However, this process provides only a discrete description of players’ decisions, 

and therefore focuses more on performance outcomes rather than the underpinning behaviours 

that lead to them. In other words, the assessment method is based on consequences of 

performance (outcomes), and therefore, the information about their causes (behaviours) 

become somehow trivial because only a partial description of the team’s behaviour is 

evaluated. Thus, notational analysis provides insufficient information to explain why and how 
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players and teams dynamically regulate their actions under certain space and time to achieve a 

common goal (Travassos, Davids, Araújo, & Esteves, 2013b). In this sense, players’ 

positioning dynamics on the pitch recently emerged as one of the key determinants of football 

performance and may play an important role to complement the understanding of 

performance (Gudmundsson & Horton, 2017; Memmert, Lemmink, & Sampaio, 2016). This 

is linked to players’ spatiotemporal relationships in respect of the collective principles of play, 

the opponents’ behaviour and the contextual circumstances. Accordingly, new visuals, 

instruments, procedures and processing techniques may be incorporated into the performance 

analysis scope to raise new dimension of questions, mostly related to the dynamic complexity 

in complement of static complexity analysis. Therefore, the main goal of performance 

analysis should be the development of a more functional, holistic and complex understanding 

of teams’ sports performance. 

 

1.1.1 Historical and contemporary theoretical approaches 

In team sports, such as association football, the analysis of performance should be a 

multifactorial process requiring high accuracy in physiological, technical and tactical 

workload prescriptions that, ultimately, determines the players’ and teams’ performances. 

However, the physical and physiological demands of the players when involved in real 

practice scenarios have been investigated incessantly over the last years. For instance, the 

quantification of physical workload was always seen as a key to accurate programme 

conditioning plans and ensure optimal conditions for competition (Rebelo et al., 2012; 

Stagno, Thatcher, & Van Someren, 2007). In this sense, it is not surprising that most of the 

available research is focused on describing the movement patterns during training (Dellal et 

al., 2012; Hill-Haas, Dawson, Impellizzeri, & Coutts, 2011; Krustrup, Mohr, Ellingsgaard, & 

Bangsbo, 2005) and competition environments (Carling & Dupont, 2011; Di Salvo et al., 

2007; Lago, Casais, Dominguez, & Sampaio, 2010). These studies allowed developing 

different performance profiles by describing, for example, distance covered in different speed 

ranges, and contribute to optimising short- and mid-term planning guidelines, aiming to 

minimise the effects of fatigue and potentiate players’ performance considered relevant for 

the match demands (Coutinho et al., 2015). Nevertheless, other research approaches consider 

that these demands might be dependent on team strategy and opponent behaviour (Sampaio, 

Lago, Gonçalves, Maçãs, & Leite, 2014; Travassos et al., 2013a), where different factors may 
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affect players’ physical responses during the competitive environments (McGarry, 2009). 

Consequently, the identification of informational constraints that players use to regulate their 

tactical decisions within the teams’ collaborative work principles, should be pointed out as a 

key factor to boost the understanding of players’ interpersonal coordination patterns and 

physical demands. 

In summary of these previous considerations, it seems mandatory to redefine the 

understanding of player performance, by creating more holistically and contextually 

dependent methodologies that integrate different performance dimensions. To support these 

assumptions, players’ collective behaviours need to be analysed within dynamical systems 

principles (Grehaigne, Bouthier, & David, 1997; McGarry, Anderson, Wallace, Hughes, & 

Franks, 2002). The main idea is that the structures and configurations generated by the 

players’ interactions while playing should be considered as a whole – where systems with 

many dynamically interacting elements are capable of wide-ranging patterns of behaviour – 

rather than being examined by the individual parts (Grehaigne et al., 1997). The emergence of 

these complex behavioural structures appears as the result of change in space-time 

configurations of players’ interactions (McGarry, 2009; McGarry et al., 2002). Here, the 

application of complex system terminology appears to seek understanding on how system 

working parts are connected and how they constantly adapt over time (Hristovski, Balagué, & 

Schöllhorn, 2013; McGarry, 2009). 

One important fundamental property shared by all complex dynamic systems, and applied in 

human movement variability, is that they are fundamentally characterised by being highly 

unpredictable and highly connected, resulting in non-linear relationships among the parts of 

the system (Stergiou, 2016). Thus, the determination of the state of the system in the future 

can be challenging since the context will always shape the upcoming behaviours. 

Accordingly, and over the last years, several investigations used these theoretical guidelines 

to understand the emergence of coordination patterns when considering players’ interaction 

with teammates and opponents during training and match environments. In training 

environments, these studies have mainly focused on exploring the effects of different 

boundary conditions on collective movement behaviour during small-sided game (SSG) tasks 

(Aguiar, Gonçalves, Botelho, Lemmink, & Sampaio, 2015; Davids, Araujo, Correia, & Vilar, 

2013; Ric et al., 2016a; Sampaio et al., 2014; Sampaio & Maçãs, 2012; Silva et al., 2014a; 

Travassos, Gonçalves, Marcelino, Monteiro, & Sampaio, 2014a; Vilar et al., 2014). In match 



General introduction 

 6 

environments, players’ and teams’ behaviours have been examined from the associations 

between configuration (states) of movements aiming to identify and describe the emergent 

tactical patterns underpinning performance, while preserving the sequential and situational 

characteristics of match events (Duarte et al., 2013a; Duarte et al., 2013b; Folgado, Duarte, 

Fernandes, & Sampaio, 2014a; Folgado, Duarte, Marques, & Sampaio, 2015; Ric, Torrents, 

Gonçalves, Sampaio, & Hristovski, 2016b; Vilar, Araujo, Davids, & Bar-Yam, 2013). In all 

the previously-mentioned studies, the tracking of players’ positioning dynamics on the pitch 

plays a common and crucial role in linking players’ positioning decisions with the principles 

defined for each planned team strategy. Therefore, this information may provide valuable 

clues for training optimisation and to design more transferable tasks to the competition 

(Travassos et al., 2013b; Travassos, Duarte, Vilar, Davids, & Araújo, 2012b). 

 

1.1.2 Advanced methods to collect positional data in team sports  

Historically, the processes used to collect data in team sports were based on observational 

sheets, filled manually during the training and game environments. With recent advancements 

in technology in sport, automated or semi-automated tracking systems have been developed, 

shifting the focus of these processes to the capture of players’ motion. Sports analysis has 

become more sophisticated. These data-gathering innovations that allow for the tracking of 

spatio-temporal movements of players, were already predicted to be a critical factor in the 

description of sports behaviours and the understanding of game dynamics (McGarry, 2009). 

However, it appears that practitioners of today still do not fully utilise the usefulness of such 

data in their decision-making processes. This results in vast, untapped potential in improving 

sports performances in a more substantial manner. 

The main advances that have allowed the collection of players’ positioning, i.e. the in-field 

coordinates with high-fidelity stream, can be classified according to the nature of the 

technology: global positioning systems (GPS) (Cummins, Orr, O'Connor, & West, 2013); 

computer-vision technology systems (Di Salvo, Collins, McNeill, & Cardinale, 2006); and 

radio-frequency based local positioning systems (Leser, Baca, & Ogris, 2011). 

 

Global positioning systems  
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GPS is a satellite-based navigational technology originally developed for military purposes, 

however it has been extensively used in team sports settings. From its technical operation, the 

system is able to trigonometrically determine the exact position of any GPS receiver on the 

earth by calculating the distances to at least four satellites (Larsson, 2003). In team sports, this 

tracking technology has been used in many studies to better understand players’ physical 

work rate activity during both training and match environments (Cummins et al., 2013). At 

the same time, extensive research about its validity and reliability have been carried out in 

different GPS devices, with different sample frequencies and applications across several team 

sports (Aughey, 2011; Castellano, Casamichana, Calleja-Gonzalez, San Roman, & Ostojic, 

2011; Jennings, Cormack, Coutts, Boyd, & Aughey, 2010; Johnston et al., 2012; Varley, 

Fairweather, & Aughey, 2012; Waldron, Worsfold, Twist, & Lamb, 2011). For example, 

while the 5 Hz GPS units were presented as valid to measure the total distance covered 

(percentage typical error of measurement below 5%) and peak speed (percentage typical error 

of measurement from 5 to 10%) (Johnston et al., 2012), the 10 Hz GPS devices were revealed 

to have higher accuracy, regarding the criterion for ranges of velocities (coefficient of 

variation 3.1-11.3%) and for measuring instantaneous velocity (coefficient of variation 1.9-

6.0%) (Varley et al., 2012). However, when the raw data from these system devices are 

exported, some issues may arise such as missing data in the time series. Consequently, 

specific procedures should be conducted before making further use of them (Folgado et al., 

2014a). The main advantages of GPS tracking technologies are the portability and low-cost 

price, when compared to the radio-frequency based local positioning systems and the 

computer-vision technology systems. Besides, the FIFA® press release in 8 of July 2015 

entitled “Approval of Electronic Performance and Tracking System (EPTS) devices” permits 

players to wear the devices during official matches. This opportunity may provide important 

insights to the study of demands transferability between training and match, since the 

technology may be used in both environments. As for disadvantages, the system operates only 

outdoors (with a clear view of the sky) and, until now, cannot track the ball position. 

 

Computer-vision technology systems 

It is noteworthy that manually tracking multiple players in team sports is a long, laborious and 

extensively time-consuming task (Fernandes, Folgado, Duarte, & Malta, 2010). Computer-

vision methods can augment some of those procedures with the automatic/semiautomatic 
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tracking, annotating and indexing of ball and players (Magee & Pers, 2009). The introduction 

of the computer-vision technology was slow due to poor video and computational facilities 

and also the complexity of tracking arising from quick player movements, with sudden 

changes of direction and collisions with other players (Needham & Boyle, 2001). Other 

constraints include the violation of the smooth motion assumption, on which many algorithms 

are based, and the congestion of players, where occlusions are frequent (Barris & Button, 

2008). However, nowadays, it is widely recognised as one of the most powerful systems of 

performing players-tracking with high results of accuracy (Di Salvo et al., 2006; Mandeljc, 

Kovacic, Kristan, & Pers, 2013). Technically, the computer-vision technology requires an 

elaborated system installed in the stadium to obtain accurate and reliable positional data based 

on high frequency, time-synchronized and calibrated multiple video cameras (Di Salvo et al., 

2006; Magee & Pers, 2009; Mandeljc et al., 2013). The computer-vision cameras capture 

video, before several algorithms combine to extract the positioning data of all identified 

objects on the field. A big advantage of this system is that no wearable devices are needed, 

which allows using the technology in real-time during official competition. However, the 

system is not readily portable and is financially costly. 

 

Radio-frequency based local positioning systems 

The radio-frequency based local positioning systems operate on a frequency-modulated and 

continuous wave principle, measuring the distance between fixed base stations and mobile 

tags placed on the players (Leser et al., 2011; Ogris et al., 2012). This technology operates 

similarly to the GPS, and has an advantage of obtaining players’ positional data in outdoor 

and indoor field sports, providing periodic location updates (Ogris et al., 2012; Sathyan, 

Shuttleworth, Hedley, & Davids, 2012). It has been established as an accurate and valid tool 

to record the static and dynamic position changes of the players and can be considered 

acceptable for practical applications in sports analyses (Ogris et al., 2012). However, less 

reliable data were recorded when dealing with high dynamic movements and measuring 

instantaneous velocities (Ogris et al., 2012). Moreover, there are some constraints that must 

be considered, particularly when the playing field has larger dimensions. This could have 

impact on the necessary strength of the electronic signals that are transmitted from the players 

to the energy source (Mandeljc et al., 2013). Additionally, the main disadvantage of this 
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technology is the portable radio receivers and radio-emitting tags that the players need to 

wear, making it to be an intrusive system (Mandeljc et al., 2013). 

 

1.1.3 Data processing and visualising tools 

The previous section highlights the advances in position-tracking technologies that provide 

reliable data. However, the same systems operate with big data in both structured and 

unstructured way. As in most research topics, opportunities created by big data are followed 

by several problems in conceptualising efficient models, data processing and data 

visualisation (Sivarajah, Kamal, Irani, & Weerakkody, 2017). To overcome some of these 

issues, processing skills may present an important role in linking raw numbers to practice, 

aiming to optimise the decision-making process of coaches. This thesis’ section is intended to 

show how, by adopting positional data-driven approaches, there is a large potential to boost 

the understanding of collective movement behaviour. Also, it is intended to present several 

positioning-derived variables to create an association between the complex dynamical 

interactions among teammates, opponents and the environment, as well as with the in-match 

decision consequences. The main idea is to link all the previous sections with several 

application examples that support the following thesis structure. 

 

Positional dynamics of confronting teams 

It has been argued that the tactical behaviours approach needs to be accounted with the effect 

of pitch location on players’ and teams’ relations (Travassos et al., 2014a). Complementary 

information from a dynamic analysis of inter-team centroid (i.e. the mean position from all 

outfield players) was shown as a potential approach to describe events associated with 

different game moments (Frencken, Poel, Visscher, & Lemmink, 2012). Also, match pacing is 

suggested as an informational constraint to influence the emergence of behavioural dynamics 

(Folgado et al., 2014a; Sampaio et al., 2014). Thus, the following practical example intended 

to explore and identify the speed dominance of one team sector (midfielders) over the other 

from a dynamic perspective, i.e. maintaining the sequential events across the game. Also, it is 

intended to understand how players’ speed coordination are related with neighbouring 

teammates based on spatial dependence. 
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Figure 1.1.1 shows three different analyses of the same confrontation that can be processed 

and visualised by using players’ positional data from training tasks or matches contexts. In 

this specific example, players’ dynamic positional coordinates were used from team A 

midfielders versus team B midfielders in a 25 minute-duration of a friendly match (under 15 

age group, unpublished data). The upper panel, Figure 1.1.1a, shows the midfielders’ centroid 

position density represented by a heat map (as measured by the midfielders’ average x and y 

dynamic position coordinates across match). From a processing and visualization perspective, 

the coloured scatterplot mimics a continuous 2D distribution. It is represented through a 

scatterplot with dots of sizes that correspond to their density in the swarm of points. The 

larger dots will also have a “hotter” colour in the dense particle region. The algorithm uses the 

x and y coordinates of the centroid as vectors of the same size, the parameter of local radii 

around each data point and parameter for the area of the weighted dots (for algorithm 

computation see Sundqvist (2010)). From a practical and functional perspective, this 

computation allows us to identify the pitch regions of higher time positioning density and 

explore the sectorial mobility across the match. It also allows observations of teams’ pitch-

area dominance during play. For example, the heat map of team A midfielders’ centroid 

(blue) may suggest higher participation in offensive actions (higher time in offensive pitch 

half). 

The middle panel, Figure 1.1.1b, shows the effective playing space (EPS) for both team A 

(blue) and team B (red) midfielders. From a processing perspective, the EPS is defined as the 

smallest polygonal area/region delimited by the peripheral outfield players that provides 

information about the surface area that is being effectively covered. The EPS area (measured 

in m2) may be easily computed (e.g. by convhull function provided by Matlab®) and 

contributes to an understanding of how teams utilise pitch space to gain superiority over their 

opponents. In the Figure visualization, the darker shading indicates the difference between the 

EPS of both teams. The results show that in 66% of match time, the midfielders of team A 

presented higher EPS than their opponents suggesting more spatial dominance over the pitch. 

In the lower panel, Figure 1.1.1c, shows the average speed of the midfielders’ displacements 

for both teams (calculated from the mean speed of each midfield player) and how these 

different speed dynamics are coupled across match time. The results demonstrate the 

increased amount of time that midfielders in team B run faster than their counterparts (62% 

higher of match duration). 
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Figure 1.1.1. Depiction of the confrontations between Team A midfielders versus Team B midfielders. The 
upper panel (a) shows the centroid position density represented by a heat map. In (b), the light shading represents 
the Effective Playing Space (EPS) for team A midfielders (blue) and team B midfielders (red). The darker 
shading indicates the difference between the EPS of both teams. The percentage (66% higher to team A, blue) 
shows the amount of time that midfielders in one team present higher EPS than their opponents. The lower panel 
(c) shows in lighter shading the average speed (10 sec moving-average window) of the midfielders of each team 
(team A in blue and team B in red) and, in darker shading, the difference between both teams. The percentage 
(62% higher to team B, red) shows the amount of time that midfielders in one team were faster than their 
opponents. The panel was adapted from the work of Memmert et al. (2016). 
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The overall results in Figure 1.1.1 show that midfielders of the team A spend more time in the 

offensive pitch half (shown by heat map), presented more spatial dominance over the pitch 

(shown by EPS confrontation) and run at lower speed (shown by speed displacements 

confrontation). In this example, the pitch dominance seems to be related with lower external 

workload demands. Generally, the EPS and speed displacements present opposite trends of 

interaction (when EPS increases the speed displacement decreases). However, in specific 

moments of the match (e.g. from ~8 to ~9 min of the game, for team B - red) the teams 

increase both EPS and speed displacement in the same direction. These teams’ configuration 

transitions demonstrate the non-linear attributes of the match and may help in characterising 

different behaviour dynamics and all critical events. Also, this approach may complement the 

conventional match statistical indicators (as goals, shots on target, player substitutions, etc.) to 

understand how these effects may influence the spatial pitch dominance. This information, 

processed based on players’ positioning dynamics, may contribute to a better ecological 

understanding of how behaviours flow between teams during dynamic analysis and to 

produce a more complex and holistic view from players and teams’ performance assessment. 

 

Space control of confronting teams 

Another example of the practical application of players’ positioning dynamics is the Voronoi 

cell computation (Fonseca, Milho, Travassos, & Araujo, 2012). This approach allows the 

measuring of spatial dominance by partitioning the pitch area into zones closest to each of the 

players according to their dynamic positions. This definition can be functionally understood 

in Figure 1.1.2 where a 6-frame sequence in a match is presented in a Voronoi diagram (the 

data are from professional elite teams, unpublished data). In the figure’s panel, from 1.1.2a 

(midfielder observes moment) to 1.1.2f (goal moment) a decrease in defensive sectorial area 

can be observed in the blue team (team that conceded the goal), from (a) 1309 m2 > (b) 1194 

m2 > (c) 1020 m2 > (d) 797 m2 > (e) 682 m2 > (f) 435 m2. At the same time, the offensive 

sectorial area of the red team (team who scored) increased their spatial dominance from (a) 

126 m2 < (b) 180 m2 < (c) 202 m2 < (d) 391 m2 < (e) 665 m2 < (f) 762 m2. Despite being a 

small example, this approach contributes to a better understanding of the game’s dynamic 

events by providing complementary information about players’ decisions and also the 

emergence of collective patterns of behaviour. 
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Figure 1.1.2. Voronoi diagrams of 6 match frames sequence for team A (blue) and team B (red). Each frame 
depicts the sectorial areas of each team as well as sectorial area difference between confronting teams. The 
Figure panels are intended to show the sequence of key game moments. 

 

Accordingly, different studies have used this method and integrating novel algorithms: for 

instance, measuring spatial interaction behaviour using superimposed Voronoi diagrams 

(Fonseca, Milho, Travassos, Araujo, & Lopes, 2013) or assessing passing effectiveness by 

evaluating their effects on space control (Rein, Raabe, & Memmert, 2017). Thus, future 

investigation and practical procedures would benefit from incorporating these algorithms into 
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more complex approaches aiming to complement the understanding of collective space 

creation and control. For instance: this approach may help to understand how different tactical 

structures (1-4-3-3; 1-4-4-2; 1-3-5-2; etc.) modify the space controlled by each specific 

positional role, such as, how a fullback’s spatial dominance is modified by different tactical 

configurations; or, how facing teams with different tactical structures modifies the space 

controlled by each specific sector, providing important information for coaches to design 

training tasks that are representative of the space used by the defensive sector according to the 

opposition. 

 

Measuring performance variability through linear and nonlinear processing techniques  

One of the most important concerns about how the data has been used in team sports to 

analyse variability is related to the linearity of the measurements. As stated in the historical 

and contemporary theoretical approaches section, one of the fundamental characteristics of a 

dynamical complex system (as football) is the principle of high unpredictability and high 

connectedness. However, the traditional linear processing techniques fail to provide reliable 

information regarding this aspect. To illustrate this issue, the Figure 1.1.3 exemplifies 

different time series processed with traditional linear measures of range (mean, standard 

deviations (SD), coefficient of variation (CV)) and nonlinear measures (Approximate entropy 

(ApEn)). ApEn computation technique has been used to quantify the structure of the 

variability from a specific time-series. The output ranges between 0 and 2 (arbitrary units); 

lower values represented more repeatable, regular, predictable and less chaotic sequences of 

data points (Pincus, 1991; Stergiou, Buzzi, Kurz, & Heidel, 2004; Yentes et al., 2013). From a 

processing approach, ApEn expresses the probability that the configuration of one segment of 

data in a time series will allow the prediction of the configuration of another segment of the 

time series a certain distance apart (Harbourne & Stergiou, 2009). In practice, this technique 

may be used, for example, to identify if players’ positioning dynamics express a regular and 

predictable pattern which may, in turn, provide information regarding their tactical behaviour 

(Duarte et al., 2013b; Sampaio et al., 2014; Silva, Duarte, Esteves, Travassos, & Vilar, 2016). 

The upper panel, Figure 1.1.3a shows a real example from 25 minutes of match duration of 

the distance between central defender and defensive central midfield (under-17 age group, 

unpublished data). Both middle panel (Figure 1.1.3b, a random time series from normal 

distribution) and lower panel (Figure 1.1.3c, a generated sine wave) were computed with 
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specific mean and variance. From visual inspection, the middle panel shows a signal that 

looks irregular/unpredictable, completely random. The lower panel shows a signal very 

regular/predictable. However, analysing the time series by quantification of the mean, SD and 

CV, all examples resulted in the same values (mean=19.5, SD=8.5, CV=0.44). Bringing this 

case to the area of performance analysis, and using the considered measures, it may lead to 

misinterpretations since different dyads of players might display the same final results. Yet, 

despite the fact that time series may present the same variability amplitude, the structure 

should vary because the players’ positioning dynamics is completely different. Thus, it seems 

mandatory to include complementary processing techniques that may overcome the 

limitations of the linear measures. Here, the ApEn (nonlinear) may play an important role in 

measuring the variability of time series. As can be seen in the Figure, and notwithstanding 

that the amount of variability is the same in three panels, the corresponding structure is 

different. This assumption is supported by the ApEn with 0.12 in distance between players, 

2.12 in random numbers and 0.04 in generated sine wave. 

 

 

Figure 1.1.3. Examples of linear and nonlinear measures of several time series with same time duration. Each 
panel displays the mean, standard deviation (SD), coefficient of variation (CV) and approximate entropy (ApEn). 
The panel was adapted from the work of Harbourne and Stergiou (2009). 

 

Regularity in teammates’ positioning dynamics through network approach 
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The Figure 1.1.4 depicts the level of regularity/predictability in the distance between players, 

expressed by the ApEn function, during a friendly match of 25 minutes’ duration (under-17 

age group, unpublished data). Taking into consideration the all-possible intra-team 

pairing/dyads formed by the outfield teammates, 45 dyads were considered for the analysis. 

The results were illustrated based on network approaches where the edges that link the players 

were weighted according to the regularity of the corresponding dynamic distance (the width 

of the edges grow exponentially with the decrease of ApEn values between dyads). The 

players were ranked based on ApEn average values to identify, for example, which player 

may be considered as a solid communication-teammate within team structure organization. 

For instance, the dyad formed by LCD and RCD presents the most regular positioning pattern, 

while RCM and CF shows the most unpredictable (less regular). Also, this approach may 

afford novel information about players’ specific position roles. In this sense, the DCM 

presented an unpredictable positioning behaviour within sectorial players (i.e. LCM and 

RCM), while the RCD and LCD showed a more predictable positioning. 

 

 

Figure 1.1.4. Visual representation of how regular/predictable is the dynamic distance from pairs of dyads 
among teammates. The nodes’ positions are represented by the player’s field position, while the size of each 
node represents the mean regularity of a player’s distance with nine other teammates. The edges represent the 
dynamic distance between teammates and the corresponding widths grow exponentially with the regularity. 
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This may provide a different paradigm to understand actual behaviour of players’ roles in 

team strategy (e.g. identifying players that act as an informational link between positioning 

sectors) and enables us to identify which intra-team sub-groups structures could present more 

stability across the game. Further information may be postulated based on absolute distances 

to understand how players share their space within teammates and how they interact to 

achieve common goals over the match. 
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1.2 Aim of the thesis 

The general aim of this study was to explore the determinants of collective movement 

behaviour in association football by using positioning-derived variables during both training 

and match environments. To fulfil this purpose, the data were collected from both training 

tasks and competitive scenarios and the participants were players from the age groups of 

under-15, under-17, under-19, professionals and amateur. Social network approaches, linear 

and non-linear processing techniques, time-motion, physiological and notational analysis 

were applied to explore the effects of several training conditions and match scenarios on 

collective engagement in adaptive movement behaviour. 
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1.3 Structure and outline of the thesis 

The present thesis encompasses a set of five original research studies, published in peer-

reviewed international journal with Thompson ISI Impact Factor©. The studies emerged from 

several research problems, both from training and match environments, where players’ 

positioning dynamics, technical, physical and physiological variables were empirically 

addressed to better understand the collective movement behaviour. 

 

Section 1 – General introduction 

The first section addresses the historic and contemporary theoretical approaches that form the 

foundations of collective movement behaviour, as well as an up-to-date insight about 

advanced processes used to collect positional data in team sports. The section ends with some 

examples of processing and visualizing tools. 

 

Section 2 – Training environment 

Study one aimed to compare the player positioning dynamics’ when manipulating the number 

of opponents and teammates during football SSG, played by professional and amateur 

players. The manipulation effects were tested using several positioning-derived variables such 

as effective playing space, distances from each player to the team centroid, distances from 

each player to the opponent team centroid, and the distance from each player to the nearest 

opponent. 

Study two aimed to identify how manipulation of pitch area-restrictions affects the collective 

tactical behaviour and players’ physical and physiological performances during football large-

sided games. Players’ positioning dynamics were used to compute several pitch-positioning 

variables and players’ physical performances. The outcomes were interpreted according to 

interactions within the physical and physiological performances, and consequently enabling a 

more holistic, complex and ecological evaluation. 

 

Section 3 – Match environment 

Study three aimed to explore how passing networks and positioning variables can be linked to 

the match outcome in youth elite association football. Here the strengths from both network 
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approach and positioning-derived variables were coupled to create an association between the 

dynamical tactical relations established among teammates and the environment, as well as 

with the in-game decision’ consequences. Understanding how youth football players base 

their game interactions may constitute a solid criterion for fine-tuning the training process 

and, ultimately, achieve better individual and team performances during competition. This 

approach incorporates a wide range of complex individual behaviours and explores how these 

may affect and be affected by the group structures. 

Study four aimed to identify the differences in time-motion, TRIMPMOD, body load and 

movement behaviour between defenders, midfielders and forwards, during an 11-a-side 

friendly football match. Here it was hypothesised that non-linear dynamical analysis can help 

to identify different inter-player coordination behaviours. Although important advances have 

been developed to help analyse performance in football match conditions, there are still 

difficulties in describing and integrating performance indicators from different dimensions 

(e.g. tactical and physiological). In this sense, this insight may provide additional information 

about movement behaviour of the players’ specific positions within well-described 

physiological demands.  

Study five aimed to identify the changes in EPS when considering sub-groups of 3-10 players. 

More specifically, the EPS of different sub-groups was calculated, measured in absolute 

values (m2), considering a progressively larger number of nearby players. The CV and 

regularity level of the EPS, as well as mean speed displacement and corresponding CV, were 

compared among various sized sub-groups. Although prior expectations suggest that a higher 

number of players will result in higher EPS values, the magnitude of changes in EPS and the 

optimal number of players in proximal interaction are unknown and remain to be explored. 

Thus, collectively considering how player displacements are coupled with those of 

neighbouring teammates, based on spatiotemporal dependence, and different levels of 

interaction may improve understanding of its effect on varying numbers of interacting players 

within team behaviours. 

 

Final remarks 

A general conclusions and practical implications of the thesis’ studies, as well as a summary 

future applications, were addressed in this section. 
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2 Training environment 
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2.1 Effects of emphasising opposition and cooperation on collective 

movement behaviour during football small-sided games 1 

 

2.1.1 Abstract 

Optimizing collective behaviour helps to increase performance in mutual tasks. In team sports 
settings, the (SSG) have been used as key context tools to stress out the players’ awareness 
about their in-game required behaviours. Research has mostly described these behaviours 
when confronting teams have the same number of players, disregarding the frequent situations 
of low and high inequality. This study compared the players’ positioning dynamics when 
manipulating the number of opponents and teammates during professional and amateur 
football SSG. The participants played 4v3, 4v5 and 4v7 games, where one team was 
confronted with low-superiority, low- and high-inferiority situations, and their opponents with 
low-, medium- and high-cooperation situations. Positional data were used to calculate 
effective playing space and distances from each player to: team centroid, opponent team 
centroid and nearest opponent. Outcomes suggested that increasing the number of opponents 
in professional teams resulted in moderate/large decrease in approximate entropy (ApEn) 
values to both distance to team and opponent team centroid (i.e. the variables presents higher 
regularity/predictability pattern). In low-cooperation game scenarios, the ApEn in amateurs’ 
tactical variables presented a moderate/large increase. The professional teams presented an 
increase in the distance to nearest opponent with the increase of the cooperation level. 
Increasing the number of opponents was effective to over-emphasise the need to use local 
information in the positioning decision-making process from professionals. Conversely, 
amateur’ still rely on external informational feedback. Increasing the cooperation promoted 
more regularity in spatial organisation in amateurs and emphasise their players’ local 
perceptions. 
Keyword: behavioural dynamics; inequality games; playing positioning. 

  

                                                
1 Gonçalves, B., Marcelino, R., Torres-Ronda, L., Torrents, C. & Sampaio, J. (2016). Effects 

of emphasising opposition and cooperation on collective movement behaviour during football 

small-sided games. Journal of Sports Sciences, 34(14), 1346-1354. 

http://www.tandfonline.com/doi/abs/10.1080/02640414.2016.1143111 
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2.1.2 Introduction 

Understanding how groups mediate their members’ movement behaviour to achieve a 

common goal has become a challenge in biological systems (Vicsek & Zafeiris, 2012). A 

breakthrough into this topic seems to be related to the identification of contexts in which 

group members increase their coordinative efforts to probe and anticipate the orientation of 

their neighbours (Kerr & Tindale, 2004; Morin, Caussin, Eloy, & Bartolo, 2015). In team 

sports settings, coordination can be expressed by the players’ ability to dynamically attune 

their positioning with each teammate, thus, the team members’ actions become 

interdependent (Folgado et al., 2014a). Reaching this collective behaviour requires a wide 

complex understanding of multi-social characteristics and interpersonal relations created 

within environment (Araújo, Davids, & Hristovski, 2006; Duarte, Araújo, Correia, & Davids, 

2012a). 

Advances in positional tracking systems have been increasing the performance interpretation 

from individual and collective perspective in football, through the collection of large amounts 

of data during competition and manipulated training scenarios (Abade, Gonçalves, Leite, & 

Sampaio, 2014; Castellano, Alvarez-Pastor, & Bradley, 2014). In general terms, these data are 

focused on quantifying the physical and physiological demands of the players when involved 

in real practice situations. However, available research consensually considers that these 

demands are dependent on team strategy and opponent behaviour, requiring performance to 

be analysed with a more ecological approach (Travassos et al., 2013a). In this sense, the 

identification of informational constraints that players use to regulate their game decisions 

from the perception-action cycles within the teams’ collaborative work principles, have been 

pointed out as a key factor to understanding the players interpersonal coordination patterns 

(Aguiar et al., 2015; Gonçalves, Figueira, Macãs, & Sampaio, 2014; Passos, Araújo, & 

Davids, 2013). Under these emergent behaviours, it seems consensual that spatio-temporal 

dynamics are continuously affected by players’ positioning and displacements and this leads 

to very frequent local numerical inequality in the matches. In fact, teams are consistently 

looking to primarily preserve defensive stability by having a numerical dominance closer to 

their own goal (Vilar et al., 2013). Although these situations are temporary in the matches, 

understanding how players interact requires a specific approach that considers the effects of 

manipulating the number of teammates (levels of cooperation) and the number of opponents 

(levels of opposition). 
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Increasing players’ tactical awareness under different dynamic scenarios, requires the 

coaching staffs to design and develop representative practice environments, i.e. ensuring that 

practice contains similar perceptual-motor relations to the competitive settings (Pinder, 

Davids, Renshaw, & Araujo, 2011). In this sense, the small-sided games (SSG) are being 

suggested as an excellent practice-tool to stress out the players’ decision-making and move 

towards a better  understanding of tactical performance (Davids et al., 2013). For example, the 

manipulation of game pace, status and team unbalance during SSG, allowed to identify how 

the collective pitch-positioning variables were powerful in discriminating performances 

(Sampaio et al., 2014). Differences in playing experience may also influence tactical 

behaviour, because older teams tend to present higher values of dispersion on the pitch 

(Folgado, Lemmink, Frencken, & Sampaio, 2014b). So, it seems that applied specific 

informational and structural constraints to SSG drills may emphasise the players’ breadth of 

attention and perceived-action process during the practice sessions (Travassos et al., 2014a). 

However, it still lacking knowledge about players and teams’ behaviours when confronting 

their performance into different levels of difficulty, e.g. playing in superiority and inferiority 

situations maintaining the same teammates. Also important, is how a team behaves when 

confronted to a large unbalance situation, and which information the players use to regulate 

their interpersonal behaviours with teammates and opponents to solve these context problems. 

In essence, applying adequate constraints during SSG designed tasks, may increase their 

representativeness and, consequently, enhance the in-game decisions behaviours. Within this 

tactical perspective, the players’ expertise have to be considered because professional players 

should be able to make better and faster decisions and anticipate game situations better than 

amateur players (Causer & Williams, 2012). While, evidences have been provided about 

differences between elite and amateur players concerned to their physical, physiological and 

technical profiles (Dellal, Hill-Haas, Lago-Penas, & Chamari, 2011), the knowledge related to 

how expertise affects tactical behaviour is still scarce. However, the relationship between 

players’ expertise and overall team performance could not be so obvious, since the collective 

outcomes of teams represents more than the sum of each individual contribution (Eccles, 

2010). Also, the available literature focused in team sports SSG mostly describes situations 

when confronting teams have the same number of players, therefore disregarding the frequent 

situations of low and high inequality (Vilar et al., 2014). Thus, this study is aimed to compare 

the player positioning dynamics when manipulating the number of opponents and teammates 

during football SSG played by professional and amateur players. More specifically, the 
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manipulation effects were tested using several positioning-derived variables such as effective 

playing space, distances from each player to the team centroid, distances from each player to 

the opponent team centroid, and the distance from each player to the nearest opponent. 

 

2.1.3 Methods 

Participants 

Twenty-two professionals (PRO; age: 25.6±4.9 years; stature: 180.5±4.3 cm; body mass: 

74.7±4.8 Kg; playing experience: 19.6±4.9 years, competing in the Spanish second league) 

and twenty-two amateur (AMA; age: 23.1±0.7 years; height: 179.6±6.1 cm; body mass: 

72.3±5.9 Kg) male football players participated in a cross-sectional study. The goalkeepers 

also participated in the protocol but were excluded from the data analysis. The PRO players 

were competing in the same team while the AMA players were students frequenting a football 

specialisation from a Sports Sciences undergraduate course. All players were informed about 

the research procedures, requirements, benefits and risks and their written consent was 

obtained before the study began. The investigation was approved by the local Institutional 

Research Ethics Committee and conformed to the recommendations of the Declaration of 

Helsinki. 

 

Design 

The head coaches divided the players into 8 balanced groups according to their physical, 

technical and tactical performances (2 teams of 4 PRO players; 2 teams of 4 AMA players; 2 

teams of 7 PRO players and 2 teams of 7 AMA players) (Sampaio et al., 2014). For the study 

purpose, the unbalance game situations were preferred selected as a control parameter to 

study players’ tactical behaviour. Thus, three SSG formats (4v3, 4v5 and 4v7, all teams with 

goalkeeper) were played twice confronting AMA vs. AMA and PRO vs. PRO in a 

randomized sequence, for a total of 24 situations. All game scenarios were separately 

analysed under the opposition and cooperation perspectives. Opposition-based perspective: 

the opponents’ constraint effect was analysed by comparing performances from the same four 

fixed players when confronted against 3, 5 and 7 opponents (simulating low-superiority 

(LWsup), low-inferiority (LWinf) and high-inferiority (HGinf), see Figure 2.1.1). Cooperation-

based perspective: the cooperation constraint effect was analysed by comparing performances 



Training environment 

 29 

from the same three fixed players when counting with none, 2 and 4 teammates (simulating 

low-cooperation (LWcoop), medium-cooperation (MDcoop) and high-cooperation (HGcoop), see 

Figure 2.1.1). 

 

 

Figure 2.1.1. Data analysis for the SSG scenarios considering the variation in the number of opponents and 
teammates. 

 

Procedures 

The testing session started with a 20-min warm-up based on low intensity running, ball 

possession and dynamic stretching exercises. After warm-up, the SSG was performed with a 

3-min period duration, interspersed with a 4-min of passive rest. All SSG formats were 

performed in a 40 × 30-meters’ natural turf pitch respecting the official football rules (the 

compliance with the offside rule was controlled by the coaches). To keep the high work-rate 

maintenance, coaches were only allowed to give verbal encouragement during the SSG 

situation. Several balls were placed around the pitch to increase the effective playing time. 

The session ended with a 10-min cool-down, which consisted of static stretching exercises. 
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Data collection and processing 

The positional data were captured using a 5Hz non-differential global positioning system 

(SPI-Pro, GPSports, Canberra, ACT, Australia). The devices were placed on the upper back 

of each player with an appropriate harness. The typical error of measurement is below 5% (in 

measuring the total distance covered) and from 5% to 10% during peak speed (Johnston et al., 

2012). To decrease measurement error and increase the validity and reliability of the system, 

the players used the same unit across all the game situations. 

The players’ tracking movement, i.e. latitude and longitude coordinates, were exported from 

the GPS units and computed using dedicated routines in Matlab® software (MathWorks, Inc., 

Massachusetts, USA) (for complete guidelines see Folgado et al. (2014a)). Complementary, 

each player’s positioning time series was smoothed using 2 frames moving average to reduce 

the tracking error noise. 

The positional data were then used to calculate the following tactical positioning variables: (i) 

effective playing space for each game scenario, calculated by computing the area (m2) of the 

smallest convex hull, i.e., the smallest region that contain all outfield players of both teams; 

(ii) absolute distances from each player to the team centroid (the team centroid as measured 

by the mean position from all outfield players) (DC); (iii) absolute distances from each player 

to the opponent team centroid (DOP); and (iv) the distance from each player to the nearest 

opponent (NearOP). Approximate entropy (ApEn) was used to assess regularity in all 

considered time-series variables and was previously used to identify regularity in players’ 

movement patterns (Duarte et al., 2012b; Gonçalves et al., 2014; Sampaio et al., 2014). For 

example, the ApEn values from DC/DOP variables may suggest that players’ decision-

making (positioning related) is more based on perceived information from their 

teammates/opponents. Also, the effective playing space and NearOP variables may provide 

functional information about team structures, team shapes and how players adapted their 

behaviour to the available open-space (Silva et al., 2014a). The values used to calculate ApEn 

were 1.0 to vector length (m) and 0.5 to the tolerance (r) (Pincus, 1991; Richman & 

Moorman, 2000; Stergiou et al., 2004). The ApEn results range between 0 and 2 (arbitrary 

units) and lower values represent more repeatable, regular, predictable sequences of data 

points. In a functional sense, lower ApEn values might indicate a higher regular and 
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predictable pattern in movements’ variations from the players positioning (i.e. reflects 

information processing regarding to the positioning decisions). 

 

Statistical Analysis 

A descriptive analysis was performed using mean and standard deviations. The comparisons 

among game scenarios were assessed via standardised mean differences, computed with 

pooled variance and respective 95% confidence intervals (Cumming, 2012; Hopkins, 

Marshall, Batterham, & Hanin, 2009). Thresholds for effect sizes (ES) statistics were 0.2, 

trivial; 0.6, small; 1.2, moderate; 2.0, large; and 2.0, very large (Hopkins et al., 2009). 

Differences in group means for both opposition and cooperation pairs of scenarios (4v3 vs 

4v5, 4v5 vs 4v7 and 4v3 vs 4v7) were expressed in percentage units with 95% confidence 

limits (CL). Smallest worthwhile differences were estimated from the standardized units 

multiplied by 0.2. Uncertainty in the true differences effects among the scenarios was 

assessed using non-clinical magnitude-based inferences. If the probabilities of the effect being 

substantially higher and lower were both >5%, the effect was reported as unclear; the effect 

was otherwise clear and reported as the magnitude of the observed value. The scale was as 

follows: 25 − 75%, possible; 75 − 95%, likely; 95 − 99%, very likely; >99%, most likely 

(Hopkins et al., 2009). 

 

2.1.4 Results 

The absolute values of the effective playing space increased with the number of players. The 

corresponding ApEn values decreased in the same way, i.e., the teams’ effective space 

increases and the regularity/predictability of the absolute area also increases (see Figure 

2.1.2). 

Differences for opposition analysis are presented in both Table 2.1.1 and Figure 2.1.3a (LWsup 

vs. LWinf), 3b (LWinf vs. HGinf) and 3c (LWsup vs. HGinf). In both PRO and AMA players, the 

differences of spatial team dispersion (i.e. absolute values) across the game scenarios were 

trivial/small in DC (differences in means: from minimum -7.1%, ±3.8%; mean, ±95% CL, to 

maximum -10.8%; ±10.8%) and DOP (from ~1% to 7%). However, when compared to 

playing in Hinf situation, the ApEn values in PRO teams’ positioning dynamics resulted in 

moderate/large differences with a very likely ~11-16% decrease in DC and a most likely ~10-
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13% decrease in DOP (see Table 2.1.1 and Figure 2.1.3b, 2.1.3c for complementary analysis). 

The AMA players showed higher team dispersions and higher ApEn values across the game 

scenarios; however, the corresponding variation (%) was lower compared to PRO players (see 

Table 2.1.1). Both PRO and AMA players decreased the ApEn values of DOP when the 

number of opponents increased (i.e. from playing in LWsup to HGinf). Concomitantly, as the 

number of opponents’ increases, the NearOP presented a most likely 21-34% decrease 

(large/very large effect) in absolute values to both PRO and AMA. Also, the corresponding 

ApEn values in this variable showed a very/most likely decrease when compared to the HGinf 

situation. 

Differences for cooperation analysis are presented in both Table 2.1.2 and Figure 2.1.3d-

2.1.3f (LWcoop vs. MDcoop, MDcoop vs. HGcoop, LWcoop vs. HGcoop, respectively). Results 

showed a large/very large effect in PRO teams’ dispersion (DC and DOP absolute values) 

when playing in LWcoop scenario (DC: most likely 37-46% less, DOP: very/most likely 19-

26% less). Also, when comparing MDcoop vs. HGcoop (Figure 2.1.3e), the DC presented a 

moderate effect with a likely 7.0%; ±9.5% increase, whereas the DOP presented a possible 

5.4%; ±8.5% increase with small/moderate effect. Conversely, the percent of ApEn values 

variation in PRO teams’ positioning for both DC and DOP was small. The AMA results 

showed a similar trend in absolute values of DC and DOP; however, the ApEn was quite 

different from that of PRO players, i.e., when the game scenarios were characterised by 

LWcoop, the ApEn in both DC and DOP presented a moderate/large effect (LWcoop vs. MDcoop: 

likely/very likely ~7-8% more, LWcoop vs. HGcoop: ~9-13% more, see Figure 2.1.3d and 3f and 

Table 2.1.2). Interesting, the PRO players presented a most likely 16-25% increase in the 

NearOP when playing with more teammates, i.e., compared to Lcoop scenario. Unclear results 

were shown to AMA players. 
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Figure 2.1.2. Effective playing space outcome for the SSG scenarios. Upper panels: professional players, lower 
panels: amateur players. The represented shapes correspond to an example of mean values for each scenario. 
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Table 2.1.1. Descriptive analysis for both professional and amateurs’ positional variables, when varying the 
number of opponents. 

Variable  Players 
Number of opponents (mean±SD) 

Difference in means (%; ±95% CL) 
Uncertainty in the true differences LWsup 

3 OPP 
LWinf 

5 OPP 
HGinf 

7 OPP 

Distance to centroid 

Absolute values 
(meters) 

PRO 
(n=16) 

6.9±0.8 7.1±1.1 6.6±1.5 
a) 1.2; ±10.0 b) -8.1; ±14.1 c) -6.9; ±12.0 

Unclear Unclear Unclear 

AMA 
(n=16) 

8.2±1.4 8.5±1.5 7.7±2.0 
a) 5.9; ±12.0 b) -10.8; ±10.8 c) -5.6; ±11.3 

Unclear Likely ↓ Unclear 

ApEn 
(arbitrary units) 

PRO 
(n=16) 

1.14±0.09 1.08±0.10 0.97±0.14 
a) -5.8; ±5.4 b) -10.8; ±6.5 c) -16.0; ±7.1 

Likely ↓ Very likely ↓ Very likely ↓ 

AMA 
(n=16) 

1.10±0.10 1.15±0.10 1.08±0.14 
a) 5.0; ±6.4 b) -7.2; ±8.8 c) -2.5; ±10.3 

Likely ↑ Very likely ↓ Unclear 

Distance to opponent centroid 

Absolute values 
(meters) 

PRO 
(n=16) 

8.2±0.9 8.2±1.4 8.2±1.7 
a) 0.4; ±11.0 b) -1.3; ±10.2 c) -0.8; ±14.2 

Unclear Unclear Unclear 

AMA 
(n=16) 

9.4±1.6 9.6±1.9 9.0±2.0 
a) 3.1; ±12.8 b) -7.1; ±13.0 c) -4.2; ±8,3 

Unclear Unclear Unclear 

ApEn 
(arbitrary units) 

PRO 
(n=16) 

1.29±0.11 1.23±0.09 1.11±0.08 
a) -4.4; ±6.4 b) -9.8; ±4.6 c) -13.7; ±5.3 

Unclear Most likely ↓ Most likely ↓ 

AMA 
(n=16) 

1.31±0.10 1.23±0.09 1.14±0.14 
a) -5.8; ±5.1 b) -7.7; ±6.8 c) -13.1; ±6.8 

Likely ↓ Very likely ↓ Most likely ↓ 

Distance to nearest opponent  

Absolute values 
(meters) 

PRO 
(n=16) 

5.9±0.7 4.6±0.5 4.0±0.5 
a) -21.4; ±5.3 b) -14.8; ±5.4 c) -33.0; ±6.0 

Most likely ↓ Most likely ↓ Most likely ↓ 

AMA 
(n=16) 

7.2±2.0 5.5±1.0 4.6±0.5 
a) -22.8; ±11.6 b) -15.3; ±9.1 c) -34.6; ±8.6 

Most likely ↓ Very likely ↓ Most likely ↓ 

ApEn 
(arbitrary units) 

PRO 
(n=16) 

1.41±0.07 1.35±0.09 1.29±0.07 
a) -4.0; ±3.9 b) -4.7; ±3.8 c) -8.6; ±3.3 

Likely ↓ Very likely ↓ Most likely ↓ 

AMA 
(n=16) 

1.41±0.07 1.38±0.08 1.32±0.07 
a) -2.5; ±4.2 b) -4.3; ±2.8 c) -6.8; ±4.6 

Unclear Very likely ↓ Very likely ↓ 

Note: Abbreviations and symbols: ApEn=approximate entropy; PRO=professional players; AMA=amateur 
players; LWsup=low-superiority; LWinf=low-inferiority; HGinf=high-inferiority; CL=confidence limits; 
↓=decrease; ↑=increase. Differences in means (%; ±95% CL) are identified as: a) LWsup vs LWinf; b) LWinf vs 
HGinf and c) LWsup vs HGinf. 
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Table 2.1.2. Descriptive analysis for both professional and amateurs’ positional variables, when varying the 
number of teammates. 

Variable Players 

Number of teammates (mean±SD) 
Difference in means (%; ±95% CL) 
Uncertainty in the true differences LWcoop 

none  
MDcoop 

2 TM 
HGcoop 

4 TM 

Distance to centroid 

Absolute values 
(meters) 

PRO 
(n=12) 

6.1±0.7 8.3±0.6 8.9±1.2 
a) 36.2; ±13.0 b) 7.0; ±9.5 c) 45.7; ±14.7 

Most likely ↑ Likely ↑ Most likely ↑ 

AMA 
(n=12) 6.9±0.8 7.9±1.8 9.3±1.5 

a) 12.3; ±17.1 b) 19.1; ±14.4 c) 33.8; ±17.5 

Likely ↑ Very likely ↑ Most likely ↑ 

ApEn  
(arbitrary units) 

PRO 
(n=12) 

1.10±0.11 1.15±0.14 1.09±0.10 
a) 4.4; ±12.8 b) -4.7; ±7,8 c) -0.5; ±9.6 

Unclear Unclear Unclear 

AMA 
(n=12) 

1.20±0.07 1.11±0.10 1.04±0.09 
a) -7.6; ±6.3 b) -6.0; ±7.5 c) -13.2; ±5.2 

Very likely ↓ Unclear Most likely ↓ 

Distance to opponent centroid 

Absolute values 
(meters) 

PRO 
(n=12) 7.5±0.8 9.1±1.4 9.6±1.6 

a) 19.2; ±13.3 b) 5.4; ±8.5 c) 25.6; ±17.1 

Very likely ↑ Possible ↑ Most likely ↑ 

AMA 
(n=12) 

8.6±1.2 8.4±2.5 9.7±2.3 
a) -4.8; ±14.4 b) 16.2; ±14.6 c) 10.7; ±14.4 

Unclear Very likely ↑ Likely ↑ 

ApEn  
(arbitrary units) 

PRO 
(n=12) 

1.30±0.06 1.28±0.10 1.23±0.09 
a) -1.7; ±5.2 b) -3.9; ±4.2 c) -5.5; ±5.3 

Unclear Likely ↓ Likely ↓ 

AMA 
(n=12) 

1.33±0.06 1.24±0.15 1.21±0.08 
a) -7.1; ±8.0 b) -2.3; ±7.9 c) -9.3; ±5.6 

Likely ↓ Unclear Very likely ↓ 

Distance to nearest opponent  

Absolute values 
(meters) 

PRO 
(n=12) 

4.8±0.4 5.6±0.7 6.1±1.0 
a) 16.0; ±9.8 b) 7.9; ±11.4 c) 25.2; ±17.5 

Most likely ↑ Unclear Most likely ↑ 

AMA 
(n=12) 

6.0±1.1 6.2±1.4 6.4±1.3 
a) 2.5; ±14.5 b) 3.5; ±17.8 c) 6.1; ±14.3 

Unclear Unclear Unclear 

ApEn 
(arbitrary units) 

PRO 
(n=12) 

1.39±0.07 1.36±0.09 1.30±0.09 
a) -1.6; ±4.1 b) -4.8; ±1.6 c) -6.3; ±4.4 

Unclear Most likely ↓ Very likely ↓ 

AMA 
(n=12) 

1.43±0.09 1.36±0.11 1.32±0.11 
a) -5.3; ±4.1 b) -3.1; ±8.1 c) -8.3; ±7.0 

Very likely ↓ Unclear Very likely ↓ 

Note: Abbreviations and symbols: TM=teammates; ApEn=approximate entropy; PRO=professional players; 
AMA=amateur players; LWcoop=low-cooperation; MDcoop=medium-cooperation; HGcoop=high-cooperation; 
CL=confidence limits; ↓=decrease; ↑=increase. Differences in means (%; ±95% CL) are identified as: a) LWcoop 
vs MDcoop, b) MDcoop vs HGcoop and c) LWcoop vs HGcoop. 
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Figure 2.1.3. Standardized (Cohen) differences in positional variables according to the opponents (left panel; a, 
b, c) and cooperative (right panels; d, e, f) analysis. Error bars indicate uncertainty in the true mean changes 
with 95 % confidence intervals. Abbreviations: ApEn=approximate entropy; DC=distance to centroid; 
DOP=distance to opponent centroid; NearOP=distance to nearest opponent; PRO=professional players; 
AMA=amateur players; LWsup=low-superiority; LWinf=low-inferiority; HGinf=high-inferiority; LWcoop=low-
cooperation; MDcoop=medium-cooperation; HGcoop=high-cooperation.  
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2.1.5 Discussion 

This study aimed to compare the player positioning dynamics’ when manipulating the number 

of opponents and teammates during football SSG played by PRO and AMA. The players’ 

positional data were used to calculate absolute and ApEn values from several tactical 

positioning-derived variables. From the collective behaviour understanding, when the DC 

(distance from each player to the team centroid) and DOP (distance from each player to the 

opponent team centroid) increase, the inter-teammates’ and inter-opponents’ average 

distances also increase. Consequently, the teams’ spatial dispersion becomes higher and 

changes local informational constraints that determine individual decisions and team 

behaviour (Sampaio et al., 2014). The analysed SSG scenarios suggest that varying the 

number of the opponents (opposition based effect) might be appropriate to improve 

professional collective tactical performance by increasing team-related functional adaptations, 

whereas manipulating the number of teammates (cooperation based effect) might emphasise 

the AMA players’ local perceptions. When considering the SSG scenarios, as hypothesised, 

the effective playing space increased with the increase in number of players and become more 

regular/predictable. 

The effect of different number of players on collective movement during football 2-, 3-, 4- 

and 5-a-side game scenarios has been recently examined (Aguiar et al., 2015). This study 

suggested that increasing the number of players in teams (especially in 4- and 5-a-side) is 

related to higher teammate-related and self-organised behaviour and higher predictability in 

positional inter-team coordination. The current study extends these outcomes by considering 

the opposition/cooperation effects and the unbalanced situations according to different 

expertise levels. 

It is well known that team sports are regulated by interdependent network structures 

embedded within the environment, that dynamically influence the team functionality, overall 

outcome performance and individual affective experiences (Evans, Eys, & Wolf, 2013; 

Evans, Eys, & Bruner, 2012). These relational structures, understood as task interaction 

among teammates during practice, will produce different interdependence perceptions when 

placed in situations of positive interdependence (teammates with teammates) or into a 

negatively interdependent situation (teammates with opponents) (Evans & Eys, 2015). In the 

current study, the results from DC and DOP could be assumed as representative of positive 

and negative interdependency, respectively. Therefore, the manipulation of the number of 
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opponents and the number of teammates in SSG will likely result in different collective 

behaviours, due to players’ perceptions, and posterior actions. These insights should be 

attended during the design of training tasks, especially when seeking to manipulate the 

unbalance constraints. 

The positioning and deciding actions are suggested as key factors to differentiate players’ 

expertise (Kannekens, Elferink-Gemser, & Visscher, 2011), therefore, is not surprising that 

AMA (amateur) showed higher team dispersions and less regular positioning. Additionally, 

PRO (professional) players exhibited higher regularity in displacements with the increasing 

number of opponents, probably because they anticipate better the need to optimise collective 

decision-making and also recall better pre-structured tactical behaviours (Sampaio et al., 

2014). Also, increasing the number of overall players may reduce the individual speed 

displacements and, therefore, the learning process to dynamically adjust position to the 

teammates becomes easier, mainly to higher expert players (Sampaio & Maçãs, 2012). In this 

sense, manipulating the number of opponents, especially in high-inferiority scenarios, may be 

effective to over-emphasize local information that regulates decision-making promoting more 

team-related functional adaptations and coordination. Based on key pedagogical principles 

that encourage learners and coaches to search and acquire functional play behaviour, the 

applied constraints focused on modification-exaggeration of the tactical problems 

demonstrated to be effective in establishing functional action opportunities and providing 

relevant learning environments (Tan, Chow, & Davids, 2012). However, coaches should be 

aware that AMA players seem to rely on external informational feedback, or additional game 

constraints to facilitate the team auto-organization, as can be speculated by their ApEn values 

(less regular positioning patterns). Also, based on the lack of expertise, the AMA results may 

indicate a reduced perceptual attuning that leads to a more unpredictable positioning 

behaviour. 

Expert and non-expert football players use different neural mechanisms when facing 

incomplete and incongruent perceptual information environments (Makris & Urgesi, 2014). In 

fact, neurophysiological and neuroimaging research has shown that experts outperformed 

novices with regards to predicting the actions’ outcome because they present superior 

perceptual abilities in reading the body kinematics (Tomeo, Cesari, Aglioti, & Urgesi, 2013). 

Although speculative, the present study shows that differentiation between PRO and AMA 

players seems to happen also at the players’ positional displacements domain, throughout 
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their anticipatory actions of the opponents’ behaviours. This information is strongly well 

related to the NearOP (distance from each player to the nearest opponent) when varying the 

cooperation situation, because AMA players showed fewer skills to maintain adequate 

distances to the nearest opponents. 

The DOP results also allowed identifying interesting trends of functional behaviour when 

related to the NearOP, since both PRO and AMA displacements were more regular (lower 

ApEn values) as the number of opponents increased and NearOP decreased. From the 

functional perspective, more regularity in DOP may be linked to improved decisions 

emphasised in opponents’ positioning information. This emergent inter-player behaviour 

suggests that decision focus in the opponents’ positioning increased along with their 

increasing number. In fact, it is likely that players become more coupled with the opponents, 

trying to anticipate their movements and to find functional collective solutions (Duarte et al., 

2012b). Also, when playing against a higher number of opponents, the time one team spends 

defending should be higher. This may contribute to a more regular positioning behaviour 

when considering the proximity of opponents. 

The spatial team dispersion increased with cooperation context in both PRO and AMA. 

However, AMA presented a moderate/large decrease in players’ displacement ApEn values 

when playing HGcoop (high-cooperation) context compared to LWcoop (low-cooperation) 

situations. It seems that increases in cooperation, may promote regularity/predictability in 

spatial organization in AMA teams. In fact, increasing the number of teammates is necessarily 

linked to the self-organization process, based on individual roles within team organization 

(Passos et al., 2013). Thus, the players’ perception and action under these SSG conditions 

could facilitate and simplify the learning process to adapt positioning to task demands 

(Davids et al., 2013; Travassos et al., 2013a) and potentiate their implicit learning through 

avoiding the need of explicit instructions (Tan et al., 2012). Accordingly, all game situations 

were performed in the same pitch size, so it seems likely that high-intensity actions, that are 

naturally more irregular, were less frequent with a higher density of players in the pitch. 

Despite the increase in effective playing space to AMA players, the trend in NearOP results 

was unclear, when the cooperative teammates increased. Again, the PRO teams could be more 

effective when playing against fewer opponents, exploiting unpredictable behaviours to attack 

and disrupt the opponents’ organisation. One may also speculate that the studied superiority 
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could not be sufficient to provide AMA teams with an adequate stimulus to be more irregular 

and to solve the tactical problem. 

Interestingly, the PRO players’ behaviours showed that, despite increasing the number of 

cooperative teammates, the variation in players’ regularity positioning was trivial and small. It 

seems that informational constraints for positioning used by PRO players’ does not influence 

the spatial team structure. These players presented a most likely increase in the NearOP, 

suggesting that occupation of available open-space to play aiming to breaking opponents’ 

structure organization was more effective. The effective playing space may be used as a 

collective tactical structure variable, whereas the NearOP may indicate the level of efficiency 

in the individual contribution to the teams’ organisation. 

Nevertheless, further studies on this topic can extend the research problem by manipulating 

the pitch dimensions, which were preserved across scenarios to control for other dependent 

effects and obtain an emphasised focus on unbalance situations. 
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2.2 Effects of pitch area-restrictions on tactical behaviour, physical and 

physiological performances in football large-sided games 2 

 

2.2.1 Abstract 

The aim of this study was to identify how pitch area-restrictions affects the tactical behaviour, 
physical and physiological performances of players during football large-sided games. A 10 
vs. 9 large-sided game was performed under three experimental conditions: (i) restricted-
spacing, the pitch was divided into specific areas where players were assigned and they 
should not leave it; (ii) contiguous-spacing, the pitch was divided into specific areas where 
the players were only allowed to move to a neighbouring one; (iii) free-spacing, the players 
had no restrictions in space occupation. The positional data were used to compute players’ 
spatial exploration index and also the distance, coefficient of variation, approximate entropy 
and frequency of near-in-phase displacements synchronization of players’ dyads formed by 
the outfield teammates. Players’ physical and physiological performances were assessed by 
the distance covered at different speed categories, game pace and heart rate. Most likely 
higher values were found in players’ spatial exploration index under free-spacing conditions. 
The synchronization between dyads’ displacements showed higher values for contiguous-
spacing and free-spacing conditions. In contrast, for the jogging and running intensity zones, 
restricted-spacing demanded a moderate effect and most likely decrease compared to other 
scenarios (~20-50% to jogging and ~60-90% to running). Overall, the effects of limiting 
players’ spatial exploration greatly impaired the co-adaptation between teammates’ 
positioning while decreasing the physical and physiological performances. These results 
allow for a better understanding of players’ decision-making process according to specific 
task rules and can be relevant to enrich practice task design, such that coaches acknowledge 
the differential effect by using specific pitch-position areas restrictions.  
Keywords: behavioural dynamics; intra-team dyads; synchronization; time-motion. 

  

                                                
2 Gonçalves, B., Esteves, P., Folgado, H., Ric, A., Torrents, C., & Sampaio, J. (2017). Effects 

of Pitch Area-Restrictions on Tactical Behavior, Physical, and Physiological Performances in 

Soccer Large-Sided Games. Journal of Strength and Conditioning Research, 31(9), 2398-

2408. 

http://journals.lww.com/nsca-jscr/Abstract/publishahead/Effects_of_pitch_area_restrictions_on_tactical.96242.aspx 
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2.2.2 Introduction 

Small and large-sided games have been progressively recognized as an important training 

resource in team sports (Halouani, Chtourou, Gabbett, Chaouachi, & Chamari, 2014). These 

training drills opened up the possibility for the coach to manipulate tactical-related variables 

and promote functional collective behaviours and specific external and internal workload 

demands (Abrantes, Nunes, Maçãs, Leite, & Sampaio, 2012; Casamichana, Castellano, & 

Dellal, 2013; Torres-Ronda et al., 2015). These manipulations of the practice environments 

afford the players to express goal-directed behaviours which, in turn, are bounded by task and 

strategic constraints (Davids, Araújo, & Seifert, 2015). 

It is worth nothing how practice design may improve the transferability of players’ behaviours 

between training and competition. Previous research has suggested that training tasks should 

promote the dependence between the player and the performance context observed during 

competition (Travassos et al., 2013a). Accordingly, players’ behaviour should be considered 

in close reciprocity with the evolving context so functional decisions may take place upon the 

information available to be picked-up (Pinder et al., 2011). Such approach to practice design 

is considerably dependent on the informational constraints deemed representative of the 

competitive performance environment. 

Small-sided games (SSG) research can help to better understand the effects of informational 

constraints on coordination patterns, both at intra and inter-team levels of relationship (Aguiar 

et al., 2015; Travassos et al., 2014a). These different levels of relationship express the 

dynamics of interpersonal coordination established between agents, both within teammates 

and between opponents bounded by ongoing changes in the performance environment (Duarte 

et al., 2012c). In association football, several positioning derived-variables such as centroid 

estimation, teams’ dispersion/contraction indexes and outfield dyads’ relationship have been 

used to disclose the effect of relevant constraints on collective behaviours in SSGs’. One of 

such example is the number of players in the task where by increasing the number of players 

(4- and 5-a-side SSG) appeared to enhance the predictability of team positional organization 

(Aguiar et al., 2015) and also the variability and specificity of cardiovascular demands 

(Aguiar, Botelho, Gonçalves, & Sampaio, 2013) compared to a lesser number of players (2- 

and 3-a-side SSG). External instructions imposed to the task have also proven to change 

collective behaviour and physical demands since a detrimental effect of game pace (i.e. slow 

pacing game) was depicted as a result of a coaches’ instruction removal (Sampaio et al., 
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2014). Another good example of a relevant constraint to consider is task spatial referents. It is 

well documented that players adapt their displacement trajectories according to given spatial 

referents such as target location in futsal (Vilar et al., 2012b) or the basket positioning in 

basketball (Leite et al., 2014). The study of the manipulation of spatial referents, such as pitch 

task dimensions (Silva et al., 2014a) or the number of targets available to score (Travassos et 

al., 2014a) has also received much attention from the literature. These experiments generally 

show that inter-team adaptations on the spatiotemporal relationships between players and on 

preferential pitch exploration, tend to occur as a result of changing these spatial referents. At 

the same time, the physical and physiological demands of several task constraints have been 

well described in literature (Hill-Haas et al., 2011). 

On the initial phases of the learning process individuals tend to freeze their degrees of 

freedom in order to take advantage of a stable context to achieve a task goal (Edwards, 2010), 

but as the learning process proceeds the exploration of different behaviours allows for greater 

movement possibilities. Similarly, coaches should manipulate the tasks constraints in order to 

change the players’ possibilities of action, and consequently promote higher-level 

performances. For instance, constraining players’ space of intervention during the training 

tasks may amplify the information that should be attended for effective decisions. Research is 

very scarce in describing these effects on players’ spatio-temporal relationships during 

practice, however, this issue merits a closer look considering that high-level football 

performances seems to be related to optimized intra-team movement synchronizations 

(Folgado et al., 2014a; Folgado et al., 2015). 

Large-sided games (LSG) appear to be a useful mean to understand the players’ performance 

in competitive representative environments despite being a relatively unpopular topic in the 

literature (Castellano, Puente, Echeazarra, & Casamichana, 2015; Dellal et al., 2012; Owen, 

Wong, McKenna, & Dellal, 2011). The opportunity to address players’ tactical, physical and 

physiological demands under LSG performances could provide with relevant and novel 

information on the impact of these specific task constraints and, in turn, optimize the training 

process. Adding together, more knowledge is needed regarding the analysis of player’s 

limitation in exploring certain pitch-areas during LSG. Thus, the aim of this study was to 

identify how manipulations based on the pitch area-restrictions affects the collective tactical 

behaviour and players’ physical and physiological performances during football LSG. 
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2.2.3 Methods 

Experimental Approach to the Problem 

A cross-sectional field study was used consisting in a 10 vs. 9 LSG performed by professional 

players under three experimental conditions: (i) restricted-spacing; (ii) contiguous-spacing 

and; (iii) free-spacing. The players’ positional displacements were used to compute several 

pitch-positioning variables (tactical perspective). Players’ physical and physiological 

performances were measured by the distance covered at different speed categories, game pace 

and heart rate. The outcomes can be immediately interpreted in interaction within the physical 

and physiological performances, and consequently enabling a more holistic and ecological 

evaluation. 

 

Subjects 

Nineteen professional male football outfield players (age: 25.1±4.1 years; playing experience: 

18.8±5.3 years; height: 178.6±6.9 cm; body mass 72.0±6.3 kg) participated in this cross-

sectional study. The goalkeepers also participated in the protocol but were excluded from the 

data analysis. All participants were part of the same team competing in the Spanish second B 

division. At the time that the study was conducted, the frequency of football practice sessions 

ranged from 5 to 6 times a week, ~90 minutes per session (included constrained small/large-

sided games focused on the team tactical principles and physical-conditioning stimuli), with 

an official match during the weekend. All players were informed about the research 

procedures, requirements, benefits and risks and their written consent was obtained before the 

study began. The investigation was approved by the local Institutional Research Ethics 

Committee and conformed to the recommendations of the Declaration of Helsinki. 

 

Experimental task 

Participants were divided into two teams, one constituted by one goalkeeper and 10 outfield 

players, and one constituted by 9 outfield players. The head coach used subjective evaluation 

to select the best 19 players and assigned them to two balanced teams using specific 

positional roles and physical, technical and tactical levels (see Casamichana and Castellano 

(2010)). A 10 vs. 9 large-sided game was played twice in two different moments and under 

three experimental scenarios: (i) restricted-spacing, the pitch was divided into nine playing 
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areas where players were assigned according to their specific playing position and not 

allowed to move out during the game, exception made to the ball carrier and to the 2 lateral 

defenders from the 10 player team (see Figure 2.2.1i); (ii) contiguous-spacing, the pitch was 

divided into nine playing areas where any player (but only one at the same time) was allowed 

to move to a neighbouring area (see Figure 2.2.1ii); (iii) free-spacing, players had no 

restriction in space occupation (see Figure 2.2.1iii). The design of the playing areas was based 

on guidelines provided by the head coach and from available research (Di Salvo et al., 2007; 

Vilar et al., 2013).  

The tactical purpose of this LSG was for the 10 players play out from the back to develop the 

initial/first construction phase and move the ball into a target player located on a specific area 

(see shaded area, Figure 2.2.1i, 2.2.1ii and 2.2.1iii). Conversely, the other team intended to 

recover the ball possession and shot at goal. This unbalanced LSG situation was used to 

amplify the identification of the free player by the team in superiority. Additionally, playing 

in superiority boosts players’ confidence for a more elaborate style of play, and consequently, 

helped to better achieve high levels of team coordination and spatial awareness. Each LSG 

game was played with official football rules with one exception, independently of the team 

that achieved their respective task goal, a corner kick or a throw-in was always awarded to the 

team with 10 players to re-start the game (to emphasize the main tactical LSG goal). This task 

was played on a natural turf pitch with 58.5×64 meters.  
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Figure 2.2.1. Exemplar frame of the experimental task conditions for player movement possibilities. Upper panel 
represents the restricted-spacing, the pitch was divided into nine playing areas where players were assigned 
according to their specific playing position and not allowed to move out during the game, exception made to the 
two lateral defenders from the 10 player team (i); middle panel, represents contiguous-spacing, the pitch was 
divided into nine playing areas where any player (but only one for each team) was allowed to move to a 
neighbouring area (ii); and lower panel, represents free-spacing,  where players had no restrictions in space 
occupation (iii).  
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Procedures 

The testing session started with a 20-min warm-up composed of low intensity running, ball 

possession workout and dynamic stretching exercises. After the warm-up, the three LSG 

scenarios were played twice in two different data collection bouts in a randomized sequence, 

for a total of six situations with a 5-min period duration each, interspersed with a 3-min of 

passive planned rest. For the second data gathering bout, the club head coach reorganized the 

teams by re-assigning players in both teams’ such that they could all experience both tactical 

conditions. To keep a stable work-rate level, coaches were only allowed to give verbal 

encouragement during the LSG situation. The session ended with a 10-min cool-down, which 

consisted of static stretching exercises. 

 

Pitch-positioning derived-variables 

Players’ positional data over time was captured using a 5Hz non-differential global 

positioning system (SPI-Pro, GPSports, Canberra, ACT, Australia). The devices were placed 

on the upper back of each player with an appropriate harness. The geodetic coordinates were 

exported from the GPS units and computed using dedicated routines in Matlab® (The 

MathWorks Inc., Natick, Massachusetts, USA) according to previous data corrections 

guidelines (Folgado et al., 2014a). Each players’ positioning time series was smoothed using a 

two-points moving average to reduce the tracking error noise. 

The distance covered at different movement speed categories and the game pace (i.e. mean 

speed for each player in each scenario) were measured as physical performance indicators. 

The following categories were used: walking (0.0 - 3.5 km/h); jogging (3.6 - 14.3 km/h); 

running (14.4 - 19.8 km/h); and sprinting (>19.9 km/h). The heart rate values were recorded 

through short-range radio telemetry (1 Hz, Polar Team Sports System, Polar Electro Oy, 

Kempele, Finland) and integrated in the GPS units across the games. Data analysed consisted 

of using the average beats per minute for each game scenario. 

The proposed spatial exploration index (SEI) algorithm was obtained for each player by 

calculating his mean pitch position, computing the distance from each positioning time-series 

to the mean position and, finally, computing the mean value from all the obtained distances. 

The SEI is a novel candidate variable to explain the differences in players’ pitch exploration 
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according to the designed game scenarios, where higher values might be associated to players 

who are covering more space during the game situations. 

Taking into consideration the all-possible intra-team dyads formed by the outfield teammates 

(45 dyads for the team with 10 players and 36 dyads for the team with 9 players), the data 

were used to process the following variables: (i) distance between players’, expressed by the 

absolute values (m); (ii) variability in the distance between players’, expressed by the 

coefficient of variation (CV); (iii) predictability in the distance between players’, expressed 

by the approximate entropy (ApEn); (iv) frequency of near-in-phase synchronization of 

longitudinal and lateral displacements of players’ dyads, expressed in time %. 

ApEn technique was used to assess regularity or predictability of the time series 

correspondent to the distance between players’ (predictability of the intra-team dyads 

positioning). Input values for computations were 2.0 to the vector length (m) and 0.2 standard 

deviations to the tolerance factor (r) (Stergiou et al., 2004). The outcome range between 0 and 

2 (arbitrary units) and lower values represented more repeatable, regular, predictable and less 

chaotic sequences of data points (Pincus, 1991; Stergiou et al., 2004). From a processing 

approach, ApEn expresses the probability that the configuration of one segment of data in a 

time series will allow the prediction of the configuration of another segment of the time series 

a certain distance apart (Harbourne & Stergiou, 2009). This technique identifies if players’ 

displacement trajectories express a regular and predictable pattern which may, in turn, provide 

information regarding their tactical behaviour (Duarte et al., 2013b; Gonçalves et al., 2014; 

Sampaio et al., 2014). 

The Hilbert Transform (Palut & Zanone, 2005) was used to compute the relative phase of the 

time series correspondent to the longitudinal and lateral displacements of all dyads. Near-in-

phase synchronization (i.e. % of time spent between -30º to 30º of relative phase) was used to 

access players’ interpersonal coordination. This method has been recently proposed to better 

inform on the dynamics of coordination between dyads in effective performance contexts 

(Folgado et al., 2014a; Folgado et al., 2015). 

 

Statistical Analysis 

Magnitude-based inferences and precision of estimation was employed aiming to avoid the 

shortcomings of research approaches supported by the null-hypothesis significance testing 
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(Batterham & Hopkins, 2006). Prior to the scenario comparisons (i.e. restricted-spacing vs 

contiguous-spacing, restricted-spacing vs free-spacing and contiguous-spacing vs free-

spacing), all processed variables were log-transformed to reduce the non-uniformity of error. 

A descriptive analysis was performed using mean and standard deviations for each variable 

(the mean shown is the back-transformed mean of the log transform). The comparisons 

among game scenarios were assessed via standardized mean differences, computed with 

pooled variance and respective 90% confidence intervals (Hopkins et al., 2009). Thresholds 

for effect sizes statistics were 0.2, trivial; 0.6, small; 1.2, moderate; 2.0, large; and >2.0, very 

large (Hopkins et al., 2009). Differences in means for both pairs of scenarios were also 

expressed and graphically represented in percentage units with 90% confidence limits (CL). 

The effect was reported as unclear if the CL overlapped the thresholds for smallest 

worthwhile changes, which were computed from the standardized units multiplied by 0.2. 

Magnitudes of clear effects were described according to the following scale: 25-75%, 

possible; 75-95%, likely; 95-99%, very likely; >99%, most likely (Hopkins et al., 2009). 

 

2.2.4 Results 

Figure 2.2.2 provides results from the SEI obtained in one of the bouts played. Concerning all 

bouts, the free-spacing condition presented most likely higher values compared to contiguous 

(10 players’ team - mean; ±90 confidence limits, 38.3%; ±9.6%, large effect; 9 players team - 

50.3%; ±12.6%, large effect) and restricted-spacing conditions (10 players’ team - 65.3%; 

±15.9%, very large effect; 9 players team - 85.2%; ±25.4%, very large effect). Also, there was 

a very likely increase in SEI in contiguous-spacing compared with restricted-spacing. 
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Figure 2.2.2. Spatial exploration index example for one bout of the LSG scenarios. The circumferences 
representations were created based on individual index values, used as radius. The letters represent players mean 
position across three conditions; mean±std index was reported for each player (inside of the circumferences) as 
well as team mean (presented on the left side of each pitch representation). 

 

The synchronization between players’ dyads longitudinal displacements, showed most likely 

higher values (~65%; ±~13%, large to 10 players’ team; ~48%; ±~11, moderate/large to 9 

players’ team) for contiguous-spacing and free-spacing conditions than for restricted-spacing 

(see Table 2.2.1 and Figure 2.2.3, panel a, b, d, e). Moreover, when comparing contiguous-
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spacing vs. free-spacing, the longitudinal synchronization presents likely trivial changes for 

the team with 10 players and a small decrease (-9.0%; ±7.9%) for the team with 9 players. 

Different trends were noted for lateral synchronization of players’ dyads. While dyads from 

team with 10 players presented a very/most likely increase in synchronization when playing 

in both contiguous (38.5%; ±18.6%) and free-spacing (54.7%; ±20.1%) condition compared 

to restricted-spacing; dyads from team with 9 players showed a likely increase in 

synchronization values in free-spacing compared to both restricted-spacing (16.2%; ±11.9%) 

and contiguous-spacing (16.4%; ±10.4%) (see Table 2.2.1 and Figure 2.2.3). 

Table 2.2.2 presents the outcome of comparisons among considered physical/physiological 

LSG constraints variables. The restricted-spacing scenario, for both teams, showed a very 

likely/most likely increase in distance covered during walking intensity zone compared to 

contiguous and free-spacing (see Table 2.2.2 and Figure 2.2.3, panel a, b, d, e). Also, when 

playing under the free-spacing condition, the 9 players’ team decreased 23.1%; ±8.3% of 

distance covered in walking intensity compared to contiguous-spacing (moderate effect, see 

Figure 2.2.3, panel f). Conversely, regarding the jogging and running intensity zones, 

restricted-spacing demanded to all players a moderate most likely decrease compared to other 

scenarios (variation range from ~20 to 50% to Jogging and from ~60 to 90% to Running). The 

distance covered in sprinting zone showed possible/likely increase when comparing free-

spacing with contiguous and restricted-spacing scenarios, with moderate effect to the 9 

players’ team. The Game pace and average BPM presented the same trend. The outcomes 

increase as the pitch area-restrictions decreased and ranged from possible to most likely 

small/moderate/large changes (see Table 2.2.2 and Figure 2.2.3). 
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Table 2.2.1. Descriptive tactical analysis (mean±SD). Difference in means and uncertainty in the true differences 
comparisons among considered LSG scenarios to both teams. 

Variables 
LSG scenarios Difference in means (%; ±90% CL) 

Uncertainty in the true differences 

Restricted Contiguous Free (a) (b) (c) 

DISTANCE BETWEEN PLAYERS 

Absolute values (meters) 

10 players’ team 29.0±11.8 27.1±10.7 26.5±9.6 -6.0; ±2.0 
likely tri 

-7.2; ±1.7 
possible ↓ 

-1.2; ±2.8 
most likely tri 

9 players’ team 25.8±10.6 26.1±10.1 24.3±8.8 2.0; ±3.2 
most likely tri 

-4.2; ±4.3 
likely tri 

-6.1; ±4.9 
possible ↓ 

Coefficient of variation (a.u.) 

10 players’ team 0.23±0.07 0.28±0.08 0.30±0.08 21.7; ±4.8 
most likely ↑ 

31.9; ±4.9 
most likely ↑ 

8.4; ±4.1 
likely ↑ 

9 players’ team 0.25±0.08 0.30±0.08 0.31±0.08 20.1; ±4.8 
most likely ↑ 

28.7; ±7.3 
most likely ↑ 

7.1; ±5.7 
possible ↑ 

Approximate entropy (a.u.) 

10 players’ team 0.18±0.04 0.16±0.04 0.15±0.04 -7.4; ±3.7 
likely ↓ 

-12.1; ±4.0 
most likely ↓ 

-5.0; ±4.4 
possible ↓ 

9 players’ team 0.17±0.04 0.15±0.03 0.16±0.04 -6.9; ±4.3 
likely ↓ 

-4.6; ±4.8 
possible ↓ 

2.5; ±5.1 
possible ↑ 

NEAR-IN-PHASE SYNCHRONIZATION 

Longitudinal displacements (time %) 

10 players’ team 25.4±9.6 42.3±14.8 40.0±12.7 68.9; ±12.8 
most likely ↑ 

62.4; ±13.9 
most likely ↑ 

-3.9; ±8.0 
likely tri 

9 players’ team 29.8±10.3 43.9±10.6 42.0±11.8 52.5; ±10.6 
most likely ↑ 

43.5; ±10.5 
most likely ↑ 

-5.9; ±7.0 
possible ↓ 

Lateral displacements (time %) 

10 players’ team 23.0±13.9 29.5±16.2 30.6±13.6 38.5; ±18.6 
very likely ↑ 

54.7; ±20.0 
most likely ↑ 

11.6; ±9.1 
possible ↑ 

9 players’ team 29.3±12.1 29.2±12.0 33.9±13.3 -0.2; ±8.3 
likely tri 

16.2; ±11.9 
likely ↑ 

16.4; ±10.7 
likely ↑ 

Note: CL=confidence limits; ↑=increase; ↓=decrease; tri=trivial. Comparisons among LSG scenarios are 
identified as: (a) Restricted-spacing vs Contiguous-spacing; (b) Restricted-spacing vs Free-spacing and (c) 
Contiguous-spacing vs Free-spacing. 
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Table 2.2.2. Descriptive physical and physiological analysis (mean±SD). Difference in means and uncertainty in 
the true differences comparisons among considered LSG scenarios to both teams. 

Variables 
LSG scenarios Difference in means (%; ±90% CL) 

Uncertainty in the true differences 

Restricted Contiguous Free (a) (b) (c) 

DISTANCE COVERED (meters) 

Walking (< 3.5 km/h)  

10 players’ team 61.2±22.2 48.1±12.3 42.3±12.3 -18.7; ±7.2 
very likely ↓ 

-28.8; ±7.6 
most likely ↓ 

-12.4; ±7.1 
likely ↓ 

9 players’ team 61.4±24.5 47.8±16.7 36.6±11.5 -19.8; ±6.1 
most likely ↓ 

-38.3; ±8.4 
most likely ↓ 

-23.1; ±8.3 
most likely ↓ 

Jogging (3.6-14.3 km/h) 

10 players’ team 322.3±109.4 372.5±89.4 408.6±57.2 19.1; ±8.2 
very likely ↑ 

34.5; ±17.8 
most likely ↑ 

12.9; ±11.3 
likely ↑ 

9 players’ team 304.4±112.6 373.0±96.2 435.3±63.8 27.5; ±11.8 
most likely ↑ 

52.9; ±23.3 
most likely ↑ 

19.9; ±12.4 
very likely ↑ 

Running (14.4-19.8 km/h) 

10 players’ team 43.9±20.1 65.7±25.6 75.3±30.4 63.1; ±40.3 
very likely ↑ 

89.6; ±50.4 
most likely ↑ 

16.3; ±24.1 
possible ↑ 

9 players’ team 55.1±45.8 81.2±25.1 79.9±35.0 93.9; ±64.0 
most likely ↑ 

81.5; ±71.2 
very likely ↑ 

-6.4; ±23.6 
unclear 

Sprinting (>19.9 km/h) 

10 players’ team 16.0±10.2 18.5±10.3 23.0±12.3 34.7; ±57.3 
possible ↑ 

59.6; ±72.2 
likely ↑ 

18.5; ±30.1 
possible ↑ 

9 players’ team 17.6±11.2 22.1±15.5 31.3±18.5 1.2; ±64.2 
unclear 

80.8; ±86.4 
likely ↑ 

78.7; ±86.8 
likely ↑ 

GAME PACE (km/h) 

10 players’ team 5.3±1.3 6.0±1.2 6.6±0.7 14.5; ±6.0 
most likely ↑ 

28.9; ±12.9 
most likely ↑ 

12.6; ±11.2 
likely ↑ 

9 players’ team 5.2±1.6 6.2±1.2 7.0±0.7 23.4; ±8.9 
most likely ↑ 

40.2; ±15.9 
most likely ↑ 

13.5; ±10.2 
likely ↑ 

HR (average BPM) 

10 players’ team 142.1±16.0 145.3±19.0 151.9±13.8 2.1; ±3.1 
possible ↑ 

7.2; ±3.2 
very likely ↑ 

5.0; ±3.3 
likely ↑ 

9 players’ team 145.6±12.4 156.3±14.5 156.9±11.6 7.3; ±2.6 
most likely ↑ 

7.9; ±3.5 
most likely ↑ 

0.6; ±4.4 
unclear 

Note: CL=confidence limits; ↑=increase; ↓=decrease; tri=trivial. Comparisons among LSG scenarios are 
identified as: (a) Restricted-spacing vs Contiguous-spacing; (b) Restricted-spacing vs Free-spacing and (c) 
Contiguous-spacing vs Free-spacing. 
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Figure 2.2.3. Standardized (Cohen) differences in tactical and physical/physiological variables according to the 
10 players’ team (left panel; a, b, c) and 9 players’ team (right panels; d, e, f) analysis. Error bars indicate 
uncertainty in the true mean changes with 90 % confidence intervals. Abbreviations: m=meters; CV=coefficient 
of variation; ApEn=approximate entropy; Long=longitudinal; Lat=lateral; synchro=synchronization. 
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2.2.5 Discussion 

This study aimed to identify how manipulations based on the pitch area-restrictions affects 

both tactical behaviour, physical and physiological performances during football LSG. 

Several positional derived-variables were computed by considering the dynamical players’ 

displacements over the pitch, through the SEI computation, and by considering all-possible 

intra-team dyads formed by the outfield players and compared across different scenarios. 

Overall, there were notable differences between the restricted-spacing condition in relation to 

contiguous-spacing and free-spacing conditions in the way that players explore the pitch and 

guide their behaviour within the environment dynamics’. Thus, the differences both in the 

variability of distance and synchronization between players’ dyads displacements seems 

justified. Concomitantly, the overall volume of players’ external exertion increased along 

with the decreases of spacing restrictions. 

The three different conditions showed clear tendencies about the players’ spatial exploration, 

as presented in Figure 2.2.2. The pitch restrictions decreased the SEI, showing that players 

covered less space during the game situations and consequently, explored less the available 

space. Also, the amount of distance covered while walking increased, with players spending 

less effort from a physical and physiological point of view. However, contrary to the 

expectations, there were no differences between experimental conditions (restricted-spacing, 

contiguous-spacing and free-spacing) on the absolute distance between dyads of both teams. 

These results suggest the existence of a structural stability in players’ performance of both 

team’s despite of the restriction prescribed on players’ pitch position. Possibly, spatial 

constraints during LSG performance may have emphasized greater stability in players’ 

interpersonal distance in keeping with team structural shape.  

The analysis of the variability of the distance between players constituting the dyads returned 

lower values for restricted-spacing pitch-position than for free-spacing condition. Variability 

of behaviour, accessed through processing variables, has been viewed as an important means 

to understand players’ ability to explore the environment opportunities for action (Davids, 

Glazier, Araujo, & Bartlett, 2003). Accordingly, the increase of variability of the distance 

between players may reflect the individual necessity of players to be fine-tuned to the 

dynamic performing environments and generate adaptive behaviours in relation to their 

teammates (Seifert, Button, & Davids, 2013; Stergiou, Yu, & Kyvelidou, 2013). It is worth 

noting that the observed increase of variability of the distance between players from 



Training environment 

 56 

restricted-spacing to free-spacing condition was associated with a concomitant increase of the 

predictability of the distance between players, especially in the team with 10 players. Adding 

the players’ distance analysis, these results highlight that despite maintaining a similar 

distance, players’ behavioural relations emerging during the LSG situation were functionally 

different. By limiting players’ position to a given area of pitch (i.e. restricted-spacing pitch-

areas) the possibilities to dynamically co-adapt to the positioning of teammates decreased, 

conferring less variability and predictability in players’ behaviour. Considering the fact that 

the team with 10 players aimed to develop the initial/first construction phase and move the 

ball into a target area the specific goals of the task may have shaped the interpersonal 

relations by contributing to a less unpredictable pattern. Apparently, using a target area with a 

perception-orientated purpose may stimulate the development of more consistent team 

behaviours as a result of the amplification of the possibilities of interaction between 

teammates and task environment (Travassos et al., 2014a). The overall insight seems linked to 

the players SEI, since there was an evident decreased in higher restrictions scenarios. The 

players’ exploratory tactical behaviour tends to be attracted to specific pitch zones according, 

for example, to the numerical relationship between teams engaged in small-sided games (Ric 

et al., 2016a). Also, as proposed by Gibson (1979), the environment information used as 

background to players actions is not just underpinned with perceived possibilities to move, 

but also with the necessity of moving to better perceive. This behaviour seems to have 

demanded an increase in distance covered, mainly at jogging and running intensity zones. As 

consequence, the players’ speed increased (reflected in game pace), likely reflecting 

adaptations to the game dynamics. Therefore, it seems that the players’ space scanning ability 

was compromised under contiguous and restricted constraints. 

In the present study, it was shown that synchronization values of players’ longitudinal 

displacements increase from restricted-spacing to free-spacing conditions. This tendency 

strengthens the detrimental effect of restricted-spacing pitch condition depicted in the distance 

between dyads. The restriction on players’ displacements may have impaired interpersonal 

synchronization probably due to an interference on the continuous search for spatiotemporal 

information to guide interaction within teammates. Both contiguous-spacing and free-spacing 

LSGs presented similar longitudinal synchronization values. This last result brings up the 

possibility that contiguous-spacing condition, where players were only allowed to move to a 

nearby area, does not pose a sufficiently strong condition to differentiate this task from the 

free-spacing condition. In fact, previous research has alluded that players’ coordinative 
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relations may become facilitated when inter-player roles are similar and distances are smaller 

(Gonçalves et al., 2014). In this sense, the possibility to share a nearby area with teammates at 

some point may promote an overall movement synchronization. 

For lateral synchronization, the performance of both teams was dissimilar. For the team with 

10 players, in both contiguous-spacing and free-spacing conditions there was higher 

synchronization values of players’ lateral displacements than in restricted-spacing condition. 

Conversely, the team with 9 players presented larger synchronization values when playing in 

free-spacing LSG’s compared to both restricted-spacing and contiguous-spacing. It is worth 

noting that synchronization impairment was most evident for restricted and contiguous 

condition in the 9 players’ team that aimed to interrupt the opponents’ initial/first construction 

phase and move the ball to the target area. This outcome has direct implications in how 

players deal with the specific game situations since the changes in lateral displacements is 

suggested to be related to players’ movements, for example, after opponents sideways passing 

(Frencken et al., 2012). The team oscillation movements and the intention to recover the ball 

possession and shot at goal may be related with a strong increase distance covered in 

sprinting, when exposed to a non-spacing restrictions scenario (~80% higher). Also, these 

constraints may impair the team’ need of reducing the width pitch spaces when are defending 

(Travassos et al., 2012a) and consequently, decrease the chance of achieve a given tactical 

goal. Overall, an enhancement of the synchronization between players’ movements was 

noticed as the level of restriction of players’ moments decreased. The limited range of 

variability caused by the restriction of movement between pitch-areas may have affected 

behavioural stability (Duarte et al., 2012a). 

From the workload viewpoint, using pitch area-restrictions may be useful to manage the 

physical and physiological stimulus while highlighting specific positioning role demands and 

maintaining the tactical focus. These outcomes may help coaches to better plan the short- and 

mid-term schedules by optimizing training loads during the practice sessions. In fact, 

appropriate weekly stimuli is well-related to recovery strategies and fatigue prevention 

(Coutinho et al., 2015). In the present study, the pitch area-restriction drastically decreased 

the physical and physiological parameters, especially in the restricted-spacing scenario. 

Therefore, there are considerable effects on the emergence of behavioural patterns and 

physical-physiological responses that should be considered from a coaching perspective. 
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3.1 Exploring team passing networks and player movement dynamics in 

youth association football 3 

 

3.1.1 Abstract 

Understanding how youth football players base their match interactions may constitute a solid 
criterion for fine-tuning the training process and, ultimately, to achieve better individual and 
team performances during competition. The present study aims to explore how passing 
networks and positioning variables can be linked to the match outcome in youth elite 
association football. The participants included 44 male elite players from under-15 and under-
17 age groups. A passing network approach within positioning-derived variables was 
computed to identify the contributions of individual players for the overall team behaviour 
outcome during a simulated match. Results suggested that lower team passing dependency for 
a given player (expressed by lower betweenness network centrality scores) and high intra-
team well-connected passing relations (expressed by higher closeness network centrality 
scores) were related to better outcomes. The correlation between the dyads’ positioning 
regularity and the passing density showed a most likely higher correlation in under-15 
(moderate effect), indicating a possible more dependence of the ball position rather than in the 
under-17 teams (small/unclear effects). Overall, this study emphasizes the potential of 
coupling notational analyses with spatio-temporal relations to produce a more functional and 
holistic understanding of teams’ sports performance. Also, the social network analysis 
allowed to reveal novel key determinants of collective performance. 

Keywords: passing networks; teammates dyads; collective behaviour; performance analysis. 
  

                                                
3 Gonçalves, B., Coutinho, D., Santos, S., Lago-Penas, C., Jiménez, S., & Sampaio, J. (2017). 

Exploring Team Passing Networks and Player Movement Dynamics in Youth Association 

Football. PLoS One, 12(1), e0171156. 

http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0171156 
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3.1.2 Introduction 

The assessment of performance determinants plays an important role in sports sciences, since 

the derived information will contribute to improve and expand the coaching process. 

Notational analysis has been presented as powerful framework to produce valid and reliable 

description of teams’ performance (Carling et al., 2009; Carling, Williams, & Reilly, 2005; 

Hughes & Franks, 2007). For example, variables such as the number of shots and successful 

passes have been used to describe why some teams are more successful than others in 

association football (Castellano et al., 2012; Lago-Penas et al., 2010; Lago-Penas et al., 2011; 

Mike & Ian, 2005). These previous studies reported that teams who present better values for 

the considered performance indicators may increase the opportunity to score and, ultimately, 

to win the matches. 

Recently, the passing variables have been used to create social networks that represent 

relationships established by the teammates, with the aim to understand how the collective 

performance may be optimized (Duch, Waitzman, & Amaral, 2010; Fewell, Armbruster, 

Ingraham, Petersen, & Waters, 2012; Grund, 2012; Lusher, Robins, & Kremer, 2010). 

Yamamoto and Yokoyama (2011) showed that stochastically switched dynamics of the 

players throughout the match is mainly based on the team’ ability to self-organize according 

to the teammates’ behaviours. Cintia and colleagues (2015) showed how data-driven approach 

may present a big potential to accurately predict the team success. Indeed, the authors 

demonstrated that a complex systems’ view on football passing data has the potential of 

revealing hidden behaviours and patterns. Within this scope, the use of network centrality 

algorithms computations could help to find the most influential players contributing to team 

performance and understand how the information is diffused (Batool & Niazi, 2014; López 

Peña & Touchette, 2012). For example, teams with better performance outcome are associated 

with lower centralization, i.e., there is a lower dependency of the team from specific players 

(Grund, 2012). Similarly, López Peña and Touchette (2012) demonstrated that winning teams 

presented lower betweenness scores, i.e., higher fluidity of the ball exchanging dynamics 

between teammates. However, the abovementioned studies are exclusively focused on elite 

teams, therefore, there is a lack of studies describing how passing networks can provide 

information in youth developmental age groups. Such information may afford important 

insights to elaborate normative behaviour models of collaborative work according to the 

different development stages. Also, it allows to understand if the team network distribution is 
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sustained by the offensive principles, which in turn help coaches to guide their intervention. 

Moreover, it may help to identify the key players involved during the offensive process and to 

describe their predominance of linkages within team positioning strategy at different levels of 

analysis (Clemente, Couceiro, Martins, & Mendes, 2014; Gama et al., 2014). 

Although insightful information can be derived from the previous mentioned performance 

indicators and passing networks, the method only provides a discrete description of players’ 

behaviours. These studies’ outcomes are most likely based on consequences of performance, 

and therefore, the information about performances’ causes are very residual because it is 

given only a partial picture of the team’s behaviour. Thus, the notational analysis provide 

insufficient information to explain why and how players and teams regulate their performance 

in space and time to achieve a common goal (Travassos et al., 2013b). In this sense, the 

players’ positioning in the pitch emerged recently as one of the key determinants of football 

performance (Kannekens et al., 2011; Memmert et al., 2016), once its linked to the players’ 

spatio-temporal relationships in respect of the collective principles of play. In fact, 

positioning-derived variables are now being widely used to measure the tactical performance 

while maintaining situational and sequential match characteristics (Duarte et al., 2013a; 

Gonçalves et al., 2014). These studies use frequently non-linear parameters, such as 

Approximate Entropy (ApEn), to identify the players’ movement regularity behaviour (Duarte 

et al., 2012b; Gonçalves et al., 2014; Sampaio et al., 2014). For example, Gonçalves and 

colleagues (Gonçalves et al., 2014) used the ApEn computations to identify that players’ 

positions are related to each position-specific centroid (defenders, midfielders or forwards) 

during a simulated 11-a-side association football match. Other positioning-derived variables 

such as teammates dyads positioning synchronization, absolute distance and distance 

variability (Folgado et al., 2014a; Gonçalves et al., 2017), Voronoi diagrams computations 

(Fonseca et al., 2012), major ranges positioning within distances of team centroids to goals 

and distances between the teams' opposing line-forces (Silva et al., 2014b), team stretch index 

and speed of spread (Ric et al., 2016b), have been used to help measuring football tactical 

behaviour. 

Considering the couple of the strengths from both network approach and positioning-derived 

variables, it may be possible to create an association between the dynamical tactical relations 

stablished among teammates and the environment, as well as with the in-match decision’ 

consequences. Following this insight, the present study aims to explore how passing networks 
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and positioning variables can be linked to the match outcome in youth elite association 

football. Understanding how youth football players base their match interactions may 

constitute a solid criterion for fine-tuning the training process and, ultimately, to achieve 

better individual and team performances during competition. Considering that tactical 

knowledge is learned and refined, it is essential to formulate comprehensive training 

processes for youth athletes (Rein & Memmert, 2016). This approach incorporates a wide 

range of complex individual behaviours and explores how these may affect and be affected by 

the group structures. Concomitantly, it may afford a holistic overview from the team 

performance as a systemic unit of analysis, while take into consideration the qualities of 

individuals in the team. 

 

3.1.3 Methods 

Participants 

The participants were 44 male elite young Portuguese association football players from under-

15 and under-17 age groups (U15: n=22, age 13.9±0.3 years, height 1.69±0.07 m, weight 

59.1±5.4 kg and playing experience 5.3±1.6 years; U17: n=22, age 15.7±0.5 years, height 

1.75±0.05 m, weight 66.4±3.5 kg and playing experience 7.4±1.3 years). The players were 

part of the same sports club and both age groups were competing in the national 

championship. The goalkeepers’ positioning it is very restricted to a specific area and their 

positioning dynamics are different from the outfield players. For this reason, the goalkeepers 

participated in the study but were excluded from the analysis. All participants, their parents, 

and the teams’ supervisors were informed about the research procedures, requirements, 

benefits and risks, and their written consent was obtained before the study began. The study 

protocol was approved and followed the guidelines stated by the Ethics Committee of the 

Research Centre for Sport Sciences, Health and Human Development, based at Vila Real 

(Portugal) and conformed to the recommendations of the Declaration of Helsinki. 

 

Procedures 

Before the beginning of each session, players were outfitted with a 5Hz non-differential 

global positioning system (SPI-ProX, GPSports, Canberra, ACT, Australia) to record the 

dynamical positional data. The validity and reliability of these devices has already been 
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inspected by independent verifications. The typical error of measurement is below 5% when 

accounting for measurement of the total distance covered, and between 5% to 10% during 

peak speed (Johnston et al., 2012). 

The testing session consisted of two friendly football matches; one for the U15 and one for 

the U17, and both age groups followed the same protocol procedures. All players performed a 

15-min standard warm-up consisting of a ball-possessing and dynamic stretching. 

Subsequently, two 11-a-side teams played a 50-min match (two periods of 25 min, 

interspersed by 10 min of passive recovery) on a 106×65 m artificial turf pitch, with official 

football rules. The total match duration was purposely manipulated to prevent the effects of 

fatigue in the studied variables (Mohr, Krustrup, & Bangsbo, 2003). It was indented to 

maintain the functional dependence between the player and performance context at the 

maximum potential. Both U15 and U17 head coaches distributed the players into two 

balanced teams according to the players’ pitch positions, physical performances and 

participation in competitive official matches (Gonçalves et al., 2014). Teams structure was a 

1-4-3-3 formation, comprising 1 goalkeeper, 4 defenders, 3 central midfielders and 3 

forwards, with these players assuming the standard behaviour of these positional roles (Di 

Salvo et al., 2007; Gonçalves et al., 2014). The session ended with a 10-min standardised 

cool-down, which consisted of low intensity running and static stretching exercises. 

The matches were recorded with a standard digital camera (Sony CX625 Handycam®) 

located at ~15 m lateral/above of the pitch centre. The video files were downloaded to a 

computer and the number of successful passes performed between all possible outfield 

teammates dyads (45 teammates dyads with bidirectional possibility of pass=90 dyads) and 

the number of shots were notated for each team. Also, the teams’ efficacy (efficacy=number 

of goals * 100 / number of shots) were reported to measure the team performance outcome. 

These performance indicators were gathered by two experience researchers in performance 

analysis and data reliability was inspected by retesting 15% of the sample one week later. The 

inter-class correlation coefficients were high (ICC > 0.94) (O'Donoghue, 2010). 

 

Passing network characterization 

All networks representations and centrality based measures were calculated using 

Cytoscape® v3.1.1 (Cytoscape; Shannon et al., 2003) with CentiScaPe2.1 plugin (Saito et al., 

2012; Scardoni, Petterlini, & Laudanna, 2009). The software allowed to develop the teams’ 
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passing networks, thus, the nodes represent players and connecting edges, were weighted 

exponentially according to the number of successfully passes performed between them. 

Afterwards, to identify the influence of a given player performance in a team-passing 

dynamic during match, the network centrality measures were computed for directed networks, 

which considers the direction of the pass, i.e., given two players A and B, it is possible that 

there are no passes (paths) between them during the match, or there is a pass (path) from node 

A and B but not from node B to node A. The closeness and betweenness centrality scores of 

the players within teams’ passing networks representation were computed and represented. 

These centrality measures were calculated based on the adjacency matrix where, say v and w, 

represents the number of passes from player v to player w. Also, the number of passes 

introduced in the matrix was used to measure the strength of a directed edge in the passing 

network and also to define a notion of geodesic distance (dist(v,w) - the length of the shortest 

path from player v to player w) (Freeman, 1978; López Peña & Touchette, 2012; Scardoni et 

al., 2009). Finally, the networks were shaped according to specific players positioning on the 

pitch illustration. 

 

Closeness centrality 

A closeness score indicates how easy it is for a player to be connected with teammates (by 

passing relation) and, therefore, that player is requested by the team as a target to pass the 

ball. Thus, it quantifies the proximity of how close is such player to his peers (Clemente, 

Martins, & Mendes, 2016). Closeness centrality is defined as the inverse of the farness, where 

higher values assume a positive meaning in the node proximity (Batool & Niazi, 2014; Duch 

et al., 2010; Freeman, 1978). It is calculated by computing the shortest path between the node 

v and all other nodes, and then calculating the summa. Once this value is obtained, its 

reciprocal is calculated (see Scardoni et al. (2009) for complementary mathematical 

information): 

!"#$%&%$$	 ( = 	
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Betweenness centrality 
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A player with higher betweenness scores is crucial to maintain team passing connections by 

acting as a connecting bridge. Also, low scores and spread across certain players may be 

related with well-balanced passing strategy and less specific players’ dependence (Clemente, 

Couceiro, Martins, & Mendes, 2015; López Peña & Touchette, 2012). Betweenness centrality 

quantifies the occurrences that a node acts as a bridge along the geodesic path between other 

nodes (Batool & Niazi, 2014; Freeman, 1978). It is calculated based on couple of nodes (v 

and w, for instance) counting the total numbers of geodesic paths linking v and w and the 

number of those paths that intersect a node n (see Scardoni et al. (2009) for complementary 

mathematical information): 
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=6:	,s	the	number	of	shortest	paths	from	node	$	to	node	- 

=6: ( 	is	the	number	of	shortest	paths	from	node	$	to	node	-	passing	for	node	( 

 

Positioning relations 

The positional coordinates from the players, i.e. latitude and longitude, were exported from 

the GPS units and computed using dedicated routines in Matlab® (MathWorks, Inc., 

Massachusetts, USA) according to previous data filtering guidelines (Folgado et al., 2014a). 

The obtained data was then used to calculate the distance between all possible dyads of 

outfield teammates (total of 45 dyads). Afterwards, the approximate entropy technique 

(ApEn) was performed to assess regularity in each one of the 45 dyads distances time series 

(regularity of the intra-team dyads positioning) (Gonçalves et al., 2017). The outcome range 

between 0 and 2 (arbitrary units) and lower values represented more repeatable, regular, 

predictable and less chaotic sequences of data points (Pincus, 1991; Stergiou et al., 2004). 

From a processing approach, the ApEn expresses the probability that the configuration of one 

segment of data in a time series allows the prediction of the configuration of another segment 

of the time series from a certain distance apart (Harbourne & Stergiou, 2009). In a practical 

perspective, this technique identifies if players’ dyads displacement trajectories express a 

regular and predictable pattern which may, in turn, provide information regarding their 

tactical behaviour (Gonçalves, Marcelino, Torres-Ronda, Torrents, & Sampaio, 2016; 

Sampaio & Maçãs, 2012). Afterwards, the players’ dominant region was obtained by the 
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dynamic Voronoi cell computation, also using routines built in Matlab® (Fonseca et al., 

2012). For each player, the mean area from entire match and corresponding coefficient of 

variation (CV) were computed and represented. 

 

Data analysis 

A two-step cluster with log-likelihood as the distance measure and Schwartz’s Bayesian 

criterion was performed to classify the regularity in teammates dyads’ positioning (i.e. all 

ApEn dyads values) for each team. The analysis classified the dyads positioning into higher, 

medium and lower regularity. The number of shots, number of passes, closeness centrality 

and betweenness centrality values were compared between teams via standardized mean 

differences, computed with pooled variance and respective 90% confidence intervals 

(Hopkins et al., 2009). Thresholds for effect size statistics were 0.2, trivial; 0.6, small; 1.2, 

moderate; 2.0, large; and >2.0, very large (Hopkins et al., 2009). Smallest worthwhile 

differences were estimated from the standardized units multiplied by 0.2. Uncertainty in the 

true differences of the scenarios was assessed using non-clinical magnitude-based inferences 

with a specific statistical spreadsheet (Hopkins, 2007b). Magnitudes of clear effects were 

described according to the following scale: 25-75%, possible; 75-95%, likely; 95-99%, very 

likely; .99%, most likely (Hopkins et al., 2009). The relationship between the number of 

passes performed and the positioning regularity values (across dyads) were assessed with 

Pearson’s product moment (r) and the following criteria used to interpret the magnitude of the 

correlation measures: ≤0.1, trivial; >0.1-0.3, small; >0.3-0.5, moderate; >0.5-0.7, large; >0.7-

0.9, very large; and >0.9-1.0, almost perfect (Hopkins et al., 2009). If the 90% CI overlapped 

positive and negative values, the magnitudes were considered unclear (Hopkins, 2007a). The 

two-step cluster analysis as well as Pearson’s product moment were carried in SPSS (IBM 

Corporation, USA). 

 

3.1.4 Results 

Teams were classified into lower and higher performance using the number of shots and 

teams’ efficacy. For the U15 match, the observed differences showed unclear tendencies in 

the number of shots, closeness centrality and betweenness centrality (team A, efficacy=7.1%; 

Team B, efficacy=10.1%). However, there was a small difference in the number of passes 
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(34.4%; ±27.3%: mean difference %, ±90% confidence limits, likely), with higher values for 

the higher performance team. In the U17 match, the higher performance team (team A, 

efficacy=33.3%) presented a moderate difference in the number of shots (94.0%; ±69.9%, 

very likely), number of passes (43.7%; ±28.0%, very likely), closeness (8.6%; ±4.9%, very 

likely) and betweenness (-41.2%; ±29.8%, likely) than the opponents (team B, 

efficacy=14.3%) (see Figure 3.1.1). 

 

 

Figure 3.1.1. Between-teams’ differences for both age group analyses. Right side of the graph means higher 
values to the higher performance team in the match (U15 team A and U17 team A), left side more to lower 
performance team 

 

Figure 3.1.2 and 3.1.3 present the overall representation from passing network and positioning 

relations established for each team. This visualization allows comparing the intra-team 

passing relation and the dyads’ level of regularity during the match. Concerning the U15 team 

with lower performance (team B), the defence central midfielder (DCM) presented higher 

importance in the network regarding both the closeness and the betweenness measures (Figure 

3.1.2a, right networks), as well as the lateral central midfielder (LCM) of the lower 
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performance team in U17 (Figure 3.1.3a, right network). However, in U17, the higher 

performance team presented higher centrality values distributed among the DCM, LCM and 

the right central midfielder (RCM) (Figure 3.1.3a, left networks). The cluster analysis showed 

that higher regularity in intra-team dyads positioning was mainly observed in defensive and 

midfield sectors and within the nearer teammates. Also, both central defenders and centre 

forwards presented higher individual area available to play and less variability, as expressed 

respectively by their Voronoi cells and their coefficient of variation (see Figure 3.1.2b and 

3.1.3b). 

 

 

Figure 3.1.2. Visual representation from U15 match analysis. Upper panel, (a) passing network: nodes’ positions 
are represented by the player’s field position, sized according to the closeness centrality, and collared based on 
betweenness scores. The width of the edges grows exponentially with the number of passes successfully 
performed between two teammates and the colour density increase. Lower panel, (b) positioning: presents the 
dyads’ regularity classification; the regularity relations are represented based on cluster analysis. The nodes are 
collared according individual area and sized according to the corresponding CV. 
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Figure 3.1.3. Visual representation from U17 match analysis. Upper panel, (a) passing network: nodes’ positions 
are represented by the player’s field position, sized according to the closeness centrality, and collared based on 
betweenness scores. The width of the edges grows exponentially with the number of passes successfully 
performed between two teammates and the colour density increase. Lower panel, (b) positioning: presents the 
dyads’ regularity classification; the regularity relations are represented based on cluster analysis. The nodes are 
collared according individual area and sized according to the corresponding CV. 

 

The relationship between the number of successful passes and the positioning regularity 

values is presented in Figure 3.1.4. There was a most likely negative moderate correlation 

between the number of passes and dyads’ positioning regularity for U15 match (team A: r=-

0.44 [90 % CI, -0.29; -0.58], team B: -0.38 [-0.22; -0.52]). For the U17 match, the team A 

presented a likely negative small correlation, but the team B correlation was unclear (-0.02 [-

0.20; 0.15]). In both matches, the correlation increased (in negative way) to the team who 

presented higher performance. 
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Figure 3.1.4. Teams’ correlation coefficient (with 90 % confidence intervals) between the numbers of 
successfully passes performed and the positioning regularity values across dyads. Shaded area represents unclear 
correlation. 

 

3.1.5 Discussion 

This study aimed to explore how passing networks and positioning variables can be linked to 

the match outcome in youth elite association football. The findings may provide insights to 

understand the reasons underpinning successful performances. It is suggested that lower 

passing dependency for a given player (lower betweenness scores) and higher intra-team well-

connected passing relations (higher closeness scores) may optimize team performance. 
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The betweenness and closeness variables have been used previously to identify the 

importance and connectedness between players (Grund, 2012; López Peña & Touchette, 

2012). In this study, an increase in the number of shots and passes as the closeness values 

increase and the betweenness values decrease has been found. Therefore, it is likely that a 

team lower betweenness may indicate a higher ability to maintain the ball flow, with less 

dependency on specific players (López Peña & Touchette, 2012). Teams that are more 

dependent on specific players’ may be more easily blocked, since they show a lower balanced 

passing strategy distribution (Grund, 2016). As so, teams with higher closeness and lower 

betweenness scores are more connected and seem to be less depending on the effort of a few 

players to pass the ball around (López Peña & Touchette, 2012; Lusher et al., 2010). 

The findings of the current study also suggest that the team that presented higher passing 

density (i.e. number of passes successfully performed) achieved more successful shots. These 

results are in line with the available literature, showing that more goals are likely to be scored 

by teams with higher passing rate (Grund, 2016). It seems relevant for coaches to be aware of 

how dependable they are from specific players and, also, the preferred passing teammates for 

each player and playing position. In this sense, by identifying players that are less required 

during the match, coaches could design training tasks to improve their technical-tactical skills 

and overcome the team’s dependency of specific players. In addition, this approach could also 

help to identify the level of experience and adherence to the match tactical principles from the 

studied teams, as the U17 teams presented a higher passing density and closeness scores than 

the U15 teams, showing a more balanced distribution of the network. Additionally, the 

interdependence of behaviours is commonly accepted as one of the most relevant 

characteristics of the complex adaptive systems (Ramos-Villagrasa, Navarro, & García-

Izquierdo, 2012). Since these systems are considered as a group of independent individuals 

that act through synergies, the interdependence in team sports can be understood as a group of 

players (team) that need to cooperate to achieve shared goals (Cummings & Blumberg, 1987). 

Thus, the observable behaviours are extremely contextual-dependent (Kozlowski & Bell, 

2003) and consequently, the players’ decisions are dynamically constrained by the teammates 

and opponents (Evans & Eys, 2015). Adding together, the team’s strong dependence on 

specific players will influence negatively the overall performance. In fact, it was already 

shown that the difference between teams’ performance it is related in the way of how their 

members interact between them (Grund, 2012). Thus, if a team has a key player, it is likely 
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that the match dynamics it is supported on the actions of that player, letting the team more 

vulnerable and dependent. 

There is a lack of studies supporting coaches’ decisions when related to youth tactical 

principles. The available research is focused on identifying which learning environment may 

better help to develop the players' specific characteristics (Phillips, Davids, Renshaw, & 

Portus, 2010; Unnithan, White, Georgiou, Iga, & Drust, 2012). In the current study, we 

intended to understand how the regularity positioning between teammates may be correlated 

with the number of passes performed. The positioning data can be used to measure tactical 

behaviour in football (Sampaio & Maçãs, 2012), since the players’ displacement behaviours 

may explain the level of intra-teams’ synchronization and coupling relations (Folgado et al., 

2014a; Gonçalves et al., 2014). Current findings identify higher regularity in positioning with 

the nearest teammates, mainly in defence/midfield pitch sectors. Apparently, the level of 

interpersonal coordination is influenced by the distance between players (Folgado et al., 

2014a), therefore, it is likely that the players are more coupled with the players with similar 

tactical roles (Gonçalves et al., 2014). Gama and colleagues (2016) showed that teammates’ 

behaviour interactions tended to appear during the offensive phase and mainly organised in 

the central and lateral areas of the pitch. Also, there seems to be a clear influence of 

opponents’ behaviour strategy to remove the most influence players from the central positions 

of the passing network (Cotta, Mora, Merelo, & Merelo-Molina, 2013) and also to maintain 

the balance from attacker-defender dyads positioning in all in-match situations (Clemente, 

Couceiro, Martins, Dias, & Mendes, 2013). Thus, the players’ behaviour is constrained by 

several variables, such the environmental information, the position of the teammates, the 

opponents, the goals, and the ball (Folgado et al., 2014a; Gonçalves et al., 2014; McGarry et 

al., 2002). The results from this study identified a correlation between the dyads’ positioning 

regularity and the passing density. This evidence was stronger in the U15 match, and 

highlights that players’ positioning are more dependent on the ball position than the U17 

teams. It is possible that due to the higher match knowledge, the U17 age group attuned more 

their position with teammates and opponents and less by the ball location. Interestingly, the 

correlation differences in both U17 teams could be related with the more robust values of 

closeness and lower of betweenness, comparatively to the U15 teams. This evidence might 

suggest that when the level of team dependency of specific players is lower, it is more likely 

that players positioning become coupled and less random, as it could happen in teams that 

adapt their position according to the best players’ actions. Also, it seems that the increase in 
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the number of passes among both higher U15 and U17 teams strengthens the previous 

correlation since it is easier to maintain the positional regularity (Clemente et al., 2015). 

Nevertheless, further studies on this topic can extend the research by addressing several 

relevant questions. For example, there is a lack of information regarding to official youth 

matches since the positioning tracking systems have been used only in senior professional 

teams. This study intended to overcome this issue, however, formal competitive environments 

should be used in future studies to provide a step forward insight. The present exploratory 

data-approach should also be applied to a wide range of contextual variables, such as match 

status, different teams’ tactical formations, playing home vs. playing away, etc. These 

different contexts may afford different collective behaviours understanding which, in turn, 

will enrich the performance programs development. 
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3.2 Effect of player position on movement behaviour, physical and 

physiological performances during an 11-a-side football match 4 

 

3.2.1 Abstract 

The aim of this study was to identify differences in time-motion, modified training impulse, 
body load and movement behaviour between defenders, midfielders and forwards, during an 
11-a-side simulated football match. Twenty elite youth male footballers from the same squad 
participated in this study (age: 18.1±0.7 years old, body mass: 70.5±4.3 kg, height: 1.8±0.3 m 
and playing experience: 9.4±1.3 years). All data were collected using GPS units (SPI-Pro, 
GPSports, Canberra, Australia). The movement behaviour was measured with kinematic data, 
used to calculate position-specific centroids (defenders, midfielders and forwards), and 
processed with non-linear statistical procedures (approximate entropy and relative phase). 
There were significant effects and interactions in all variables across the players’ positions. 
The results showed that displacements of all players (defenders, midfielders and forwards) 
were nearer and more coordinated with their own position-specific centroids than with the 
other centroids. However, this coupling effect was stronger in midfield players and weaker in 
forwards. All players’ dynamical positioning showed more irregularity when related to the 
forwards’ centroid, as a consequence of their need to be less predictable when playing. The 
time-motion and physiological variables showed lower activity in forward players. Adding 
together, the results may contribute to a better understanding of players’ specific 
performances and football complexity. 

Keywords: complex systems, dynamical systems, association football 

  

                                                
4 Gonçalves, B., Figueira, B., Maçãs, V. & Sampaio, J. (2014). Effect of players’ specific 

position during an 11-a-side simulated football game. Journal of Sports Sciences, 32(2), 191-

199. 

http://www.tandfonline.com/doi/abs/10.1080/02640414.2013.816761#.Uk1zUYZwp8E 
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3.2.2 Introduction  

The quantification of physical demands in team sports was always seen as a key to 

programme accurate conditioning plans and ensure optimal conditions for competition 

(Rebelo et al., 2012; Stagno et al., 2007). In football, most of the available research is focused 

on describing the movement patterns during training (Barbero-Alvarez, Coutts, Granda, 

Barbero-Alvarez, & Castagna, 2010; Dellal et al., 2012; Krustrup et al., 2005) and 

competition (Carling & Dupont, 2011; Di Salvo et al., 2007; Lago et al., 2010). These studies 

allowed developing different performance profiles according to the playing positions by 

describing distance covered at several different speed ranges. For example, the midfield 

players cover higher total distance during the matches (Bradley, Di Mascio, Peart, Olsen, & 

Sheldon, 2010; Di Salvo et al., 2007) and present shorter recovery bouts, with less time spent 

in very low levels of activity (Orendurff et al., 2010). The defenders’ profile presents both 

high and low intensities closer to the team average and fewer bouts near to the maximum 

values. Finally, the forwards’ workload is described as exhibiting long-duration recovery 

bouts and fewer high-intensity duration bouts (Orendurff et al., 2010). 

The heart rate (HR) values can also provide relevant data to quantify players’ physical 

demands (Bangsbo, Mohr, & Krustrup, 2006; Brito, Krustrup, & Rebelo, 2012; Jeong, Reilly, 

Morton, Bae, & Drust, 2011), because of its relationship with oxygen consumption (Castagna, 

Impellizzeri, Chaouachi, Bordon, & Manzi, 2011; Jeong et al., 2011; Little & Willlams, 

2007). Recent research suggests that young footballers experience decreases in blood lactate 

concentrations, HR and rating of perceived exertion during the second half of match play, 

when compared to the first half (Aslan et al., 2012). For each playing position, different 

external workloads promote similar HR responses; however, averaging the HR values may be 

less accurate to differentiate between high intensity and exercise above maximal (Rebelo et 

al., 2012; Stagno et al., 2007). Therefore, it is likely that HR values, during intermittent 

exercise, are accurately quantified by weighting HR using the relationship between fractional 

elevation in HR and blood lactate concentrations, such as that considered in the modified 

training impulse (TRIMPMOD) (Akubat & Abt, 2011; Rebelo et al., 2012; Stagno et al., 2007). 

Other studies compared running velocities and HR values with blood lactate concentrations, 

but no differences were found between playing positions (Guner, Kunduracioglu, & Ulkar, 

2006; Guner, Kunduracioglu, Ulkar, & Ergen, 2005). Nevertheless, elite midfielders present 
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higher maximal HR values than defenders and forwards (Sporis, Jukic, Ostojic, & Milanovic, 

2009).  

The footballers’ time-motion profiles present high variability as the match progresses 

(Bradley et al., 2010; Di Salvo et al., 2007; Orendurff et al., 2010), probably due to the 

tactical-dominant nature of the match and to their complex and dynamical properties (Bar-

Yam, 2003; Davids, Araújo, & Shuttleworth, 2005; Glazier, 2010). In fact, the players’ 

workload can be seen as a consequence of the ecological constraints imposed on the players’ 

cognitive performance process (Araújo et al., 2006). Therefore, variables such as distance run, 

time spent in various categories of movement and HR profiles are dependent on the team 

strategy. Also, using this ecological approach, the players’ and teams’ behaviours are 

intended to be examined in interaction with the environment (Davids et al., 2003; Grehaigne 

et al., 1997), aiming to describe the emergent match patterns (Vilar, Araújo, Davids, & 

Button, 2012a) and preserve the sequential and situational character of match events. 

Interestingly, one of the key determinants of football performance is team positioning and 

distribution in the playing pitch (Duffield, Reid, Baker, & Spratford, 2010; Kannekens et al., 

2011), because it reflects collective decision-making and players’ coordination in respect of 

the team principles of play. In this sense, one of the most important tasks to accomplish is the 

identification of tactical variables that can better capture emergent behaviour (Bourbousson, 

Seve, & McGarry, 2010a, 2010b; Duarte et al., 2012a). It has been suggested that tactical 

behaviour in football can be measured by using the distance between players and the team 

centroid (Frencken et al., 2012). Therefore, such data may provide key information about the 

players’ and about intra-team coordination processes (Sampaio & Maçãs, 2012). In fact, the 

team centroid is a variable already described as important in football small-sided games 

(Duarte et al., 2012c; Frencken, Lemmink, Delleman, & Visscher, 2011), in a way to 

understand how players interact to create single emergent team behaviour. However, at the 

macro level (11-a-side match) the team centroid may exhibit very low variability and 

discriminative power (Frencken et al., 2012), therefore, it is likely that position specific 

centroids may capture the players’ tactical behaviour more accurately. Operationally, several 

signal-processing techniques (e.g. relative phase) can be used to describe and quantify spatial 

and temporal synchronization between two oscillating agents (Bourbousson et al., 2010b; 

Kurz & Stergiou, 2004), such as to understand how player and position specific centroid 

mutually influence each other during the match.  
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Although important advances have been developed to help analysing performance in football 

match conditions, there are still difficulties in describing and integrating performance 

indicators from different dimensions (e.g. tactical and physiological). In this sense, this 

insight may provide additional information about movement behaviour of the players’ 

specific positions within well-described physiological demands. Therefore, the aim of this 

study was to identify the differences in time-motion, TRIMPMOD, body load and movement 

behaviour between defenders, midfielders and forwards, during an 11-a-side simulated 

football match. First, we hypothesised that non-linear dynamical analysis can help to identify 

different inter-player coordination behaviours. A second hypothesis was that an 11-a-side 

simulated football match brings different physical, physiological and tactical demands among 

defenders, midfielders and forwards. 

 

3.2.3 Methods 

Participants 

Twenty-two male football players from the same team (age: 18.1±0.7 years old, body mass: 

70.5±4.3 kg, height: 1.8±0.3 m and playing experience: 9.4±1.3 years) playing at the elite 

youth level in Portugal participated in this study. The goalkeepers participated in the match, 

but were excluded from the analysis. All the players and their parents were informed about 

the research procedures, requirements, benefits and risks, and their written consent was 

obtained before the study began. Despite this, they were free to withdraw from the study at 

any time without any penalty. The study protocol followed the guidelines stated in the 

Declaration of Helsinki and was approved by the Ethics Committee of the Research Centre 

for Sports Sciences, Health and Human Development, Vila Real, Portugal. 

 

Procedures 

All the players performed a 20-min standard warm- up consisting of running, stretching and 

ball-possessing exercises. Following this period, the participants simulated a match during 

two periods of 25 min, interspersed by 10 min of passive recovery. This duration was 

deliberately manipulated to prevent the effects of fatigue in the study variables (Mohr et al., 

2003). The coach distributed the players in two balanced teams according with the ability of 

passing, ball control, match sense, players’ positions, physical performances and participation 
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in competitive official matches (Aguiar et al., 2013; Hill-Haas et al., 2011). Two 11-a-side 

teams played the match on an official-size natural turf pitch (105 × 70 m), with official 

football rules. It was asked that both teams be organised in the same team formation, 

comprising 4 defenders, 3 central midfielders and 3 forwards (4-3-3), with these players 

assuming the standard behaviour of these positional roles (Di Salvo et al., 2007). The session 

ended with a 10-min standardised cool-down, which consisted of jogging and stretching 

exercises. 

 

Time-Motion 

Data for all players from the two teams were collected at 5 Hz using GPS units (SPI-Pro, 

GPSports, Canberra, Australia) placed into appropriate harnesses that place the device in the 

upper back of each player. The SPI-Pro units allow to accurately measure the players 

positioning and to calculate the distance covered at different velocities (Coutts & Duffield, 

2010; Duffield et al., 2010; Johnston et al., 2012). The distance covered was measured in six 

speed zones: zone 1 (0.0-6.9 km/h); zone 2 (7.0-9.9 km/h); zone 3 (10.0-12.9 km/h); zone 4 

(13.0-15.9 km/h); zone 5 (16.0-17.9 km/h); and zone 6 (sprinting: ≥18.0 km/h) (Hill-Haas, 

Rowsell, Coutts, & Dawson, 2008). 

 

TRIMPMOD 

HR data were collected via short-range radio telemetry (Polar Team Sports System, Polar 

Electro Oy, Finland) and integrated in the GPS unit’s system. The TRIMPMOD was obtained 

by multiplying the time spent in five different HR zones by a weighting factors previously 

obtained for team sport players (Stagno et al., 2007): zone 1 (65%-71% HRmax)*1.25; zone 2 

(72%-78% HRmax)*1.71; zone 3 (79%-85% HRmax)*2.54; zone 4 (86%-92% HRmax)*3.61; 

zone 5: (93%-100% HRmax)*5.16. The HRmax values were obtained in a specific 

familiarization session by performing the Yo-Yo intermittent recovery level 2 test (Bangsbo, 

Iaia, & Krustrup, 2008; Krustrup et al., 2006). 

 

Body Load 
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The body load was measured using a 100Hz accelerometer coupled to the GPS devices, 

providing values of acceleration and deceleration measures in lateral movements (x-axis), 

frontal/back movements (y-axis) and vertical jump (z-axis). The body load was calculated by 

using equation 1: 

5#+N	"#O+ = ((OPQ	:RSTU − OPQ	:RS)W + (OPN	:RSTU − OPN	:RS)W + (OPY	:RSTU − OPY	:RS)W) 

 

where acx, acy and acz are the values of acceleration captured in the three different planes of 

orthogonal system (Casamichana, Castellano, & Castagna, 2012; Cunniffe, Proctor, Baker, & 

Davies, 2009; Montgomery, Pyne, & Minahan, 2010). The results were divided by a scaling 

factor of 100, in order to simplify its use. These accumulated values of body load were 

normalized to minutes of play. 

 

Positional Variables 

Three position-specific centroids were calculated for each team, using the dynamic positional 

data: defender centroid, as the mean position from the four defenders; midfielder centroid, as 

the mean position from the three midfielders; and forward centroid, as the mean position from 

the three forwards. Also, the absolute distances from each player to each of the three centroids 

(defender, midfielder and forwards) were calculated. Each player contributes with information 

(data) to the computation of his centroid. The dynamical relations between position-specific 

centroids were performed for both lateral and longitudinal directions (pitch-wide and length, 

respectively). 

 

Positional data processing 

Approximate entropy (ApEn) was used to assess regularity in the players’ dynamic positional 

data (Sampaio & Maçãs, 2012) and applied to the gathered positional variables. The ApEn 

algorithm is used in non-linear time-series by measuring the logarithm likelihood that runs 

from patterns that are close (within r) to m contiguous observations and remain close (with 

the same tolerance wide r) on subsequent incremental comparisons (Duclos, Burnet, Schmied, 

& Rossi-Durand, 2008; Pincus, 1991; Pincus & Goldberger, 1994). The values used to 

calculate ApEn were 1.0 to vector length (m) and 0.5 to the tolerance (r) (Richman & 
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Moorman, 2000; Stergiou et al., 2004). The results range between 0 and 2 (arbitrary units) 

and lower values represent more repeatable, regular, predictable and less chaotic sequences of 

data points (Pincus, 1991). In a functional sense, higher ApEn values represent higher 

irregularity in movements’ variations from the players with considered position-specific 

centroid (i.e. informational constraints for decision-making and action).  

The relative phase calculation was calculated by using a Hilbert transform (Palut & Zanone, 

2005) to access teams’ inter-specific centroids coordination patterns (i.e. centroid/centroid). 

The obtained results are expressed in angles where the values close to 0º means that the two 

oscillating agents are in synchrony (in-phase pattern) and values close to 180º means that the 

two oscillating agents are in asynchronous patterns of coordination (anti-phase pattern). The 

phase shifts (from -360 to 0º to 360) observed in both directions represent the same relation 

and are attributed to an inserted or missing cycle in one of the two signals being compared. 

These calculations were done in Matlab® (The Math-Works Inc., Natik, MA). 

 

Data analysis 

Two mixed general linear models were used to identify differences in the distance covered 

and TRIMPMOD zones (repeated measures factors) according to players’ specific position. 

The differences in total body load, body load per minute, distance from each player to team 

centroid and respective ApEn were tested using a one-way ANOVA. Pairwise differences 

were assessed with Bonferroni post-hoc test. All data sets were tested for each statistical 

technique corresponding assumptions. These calculations were done using SPSS Software 

(version 18.0, Chicago, IL, USA). The statistical significance was maintained at 5%. 

 

3.2.4 Results 

The total distance covered during the match was similar for all players 

(defenders=2925±261m, midfielders=3061±377m, forwards 2750±350m, F(2,37)=2.7 p=.077, 

η2=.13). However, there was a significant difference in distance covered at the considered 

speed zones (F(5,185)=497.2, p<.001, η2=.93), with distance decreasing with the increase in 

speed (see Figure 3.2.1). Also, there was a significant interaction with players’ position 

(F(10,185)=8.9, p<.001, η2=.33), with differences in distance covered at speeds below 13.0 

Km/h (see Figure 3.2.1). 
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TRIMPMOD values showed a significant effect of the zones (F(4,145)=132.5, p<.001, η2=.78) 

with the players presenting higher values above 93%HRmax. There was also an interaction 

with players’ position (F(8,148)=4.1, p<.05, η2=.18), in which the forwards spent less time in 

above 93%HRmax (see Table 3.2.1). The results of the total body load and body load per 

minute are also present in Table 3.2.1. There were differences in both variables between 

playing positions (F(2,37)=5.2, p<.01, η2=.22) with the forwards exhibiting lower body load 

values (defenders: 332.1±42.6; midfielders: 365.5±61.7 and forwards: 299.0±48.7). 
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Figure 3.2.1. The variation of distance covered at the considered speed zones. Statistical significant differences 
are between: (dm) defenders and midfielders; (df) defenders and forwards; (mf) midfielders and forwards. 
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Table 3.2.1. Comparison of TRIMPMOD and body load across playing positions. 

Variables Defenders Midfielders Forwards Post-hoc 

TRIMPMOD (a.u.)     

Zone 1 (65%-71% HRmax) 0.4±0.5 0.5±0.6 1.7±1.9 df,mf 

Zone 2 (72%-78% HRmax) 1.9±1.8 2.7±3.0 4.8±3.5 df 

Zone 3 (79%-85% HRmax) 9.9±7.1 10.9±6.1 13.4±3.3 - 

Zone 4 (86%-92% HRmax) 30.9±5.0 29.3±7.5 31.4±10.5 - 

Zone 5 (93%-100% HRmax) 56.1±22.0 53.5±23.2 33.2±12.2 df,mf 

Total body load (a.u.) 332.1±42.6 365.5±61.7 299.0±48.7 mf 

Body load min-1 (a.u.) 13.3±1.7 14.6±2.5 12.0±1.9 mf 

Note: Statistical significant differences are between: (df) defenders and forwards; (mf) midfielders and 
forwards. 

 

The Figure 3.2.2 presents the average distances obtained by the GPS devices, as well as the 

ApEn values. The results showed that all players were nearer and more coordinated with their 

own position-specific centroid (see in Figure 3.2.2a for defenders, 3.2.2e for midfielders and 

3.2.2i for forwards), with significant differences to the defenders (distance: F(2,37)=36.0, 

p<.001, η2=.72, ApEn: F(2,37)=58.9, p<.001, η2=.79), midfielders (distance: F(2,37)=161.2, 

p<.001, η2=.90, ApEn: F(2,37)=74.2, p<.001, η2=.80) and forwards (distance: F(2,37)=58.1, 

p<.001, η2=.76, ApEn: F(2,37)=38.0, p<.001, η2=.65). These results were particularly evident 

for midfielders with significant differences to the distance values (F(2,37)=6.2 p<0.05, η2=.43). 

In addition, the results showed very similar distances to the midfield centroid, but higher 

ApEn values in the distance from the forwards (3.2.2b and 3.2.2h). Conversely, there was 

more irregularity when relating the distances to the forwards’ centroid (3.2.2c and 3.2.2f). The 

results showed an increase in irregularity associated with the change of position-specific 

centroid (defenders to midfielders, midfielders to forwards), with lower irregularity between 

defenders and midfielders. 

The Figure 3.2.3 presents the coordination of both team position-specific centroids oscillating 

movements in lateral (upper panel) and longitudinal (lower panel) directions. The results 

showed stronger in-phase attractions in lateral (see in Figure 3.2.3a, 3.2.3c and 3.2.3e) than in 

longitudinal direction (see in Figure 3.2.3b, 3.2.3d and 3.2.3f). Also, the relative phase results 

between defenders and forwards team centroids showed a higher variability in both latitude 

and longitudinal displacement (see in Figure 3.2.3e and 3.2.3f, respectively).  
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Figure 3.2.2. Representation of distances (m) and ApEn values from defenders (n=4), midfielders (n=3) and 
forwards (n=3) to each centroid (defender, midfielder and forwards). The arrows a, b and c represent the 
defenders’ relations to centroids; the arrows d, e and f represent the midfielders’ relations to centroids; the 
arrows g, h and i represent the forwards’ relations to centroids. 

 

 

Figure 3.2.3. Relative phase of couple position-specific centroids’ oscillating movements from both teams in 
lateral (upper panel; a, c and e represent relations between the different pairs of players) and longitudinal (lower 
panel; b, d and f represent relations between the different pairs of players) directions. 
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3.2.5 Discussion  

The present study aimed to identify the differences in time-motion, TRIMPMOD, body load 

and movement behaviour between defenders, midfielders and forwards, during a single 11-a-

side simulated football match. According to the results from positional variables, all players 

(defenders, midfielders and forwards) were nearer and presented higher regularity in 

movement variations with their position-specific centroid (see Figure 3.2.2). This emergent 

coordination behaviour may suggest that players’ positioning is mainly influenced by their 

position-specific centroid, probably because the decision-making process and inter-player 

coordination becomes facilitated when inter-player roles are similar and distances smaller. 

Previous research has shown that decision-making in sports contests, takes place in a 

landscape of different informational constraints as potential task solutions (Davids, Button, 

Araujo, Renshaw, & Hristovski, 2006; Duarte et al., 2012c). The players search to be coupled 

continuously with informational constraints for decision-making and action that may provide 

stable and functional task solutions. Therefore, the position-specific centroid can be a strong 

indicator of decision-making process, because the players are more attuned to sources of 

information that specify goal achievement and the selected option can be an opportunity for 

action (Warren, 2006). The presence of a stronger information constraints does not eliminate 

the influence of other information (Davids & Araújo, 2010; Sampaio & Maçãs, 2012), i.e., at 

several moments of the match the defenders positioning can be affected by the midfielders or 

forwards centroid, providing for several other possibilities within a wider dynamic landscape 

of action possibilities. 

This position-specific coupling was stronger in midfield players, who presented the lower 

values of distance and irregularity (ApEn). Recent research showed that elite midfielders 

reached very high-scores in positioning and deciding tactical skills (Kannekens et al., 2011; 

Sampaio & Maçãs, 2012). The main role of these players is to control the pitch’s centre by 

effective inter-player spacing. In fact, this is considered the “core” of the pitch and probably a 

key determinant of the match. An optimal distribution of the midfielders in the pitch may 

allow to improve quality of play, especially when carrying the ball (Wade, 1997), and also 

increases the passing possibilities to all directions. A more efficient and regular coordination 

between midfielders and both defenders and forwards may allow, on one hand, a quicker 

positional recovery after losing the ball possession and, on the other hand, a higher number of 

possibilities to score. The current results were gathered with high-level junior players that 
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train and compete together. Thus, it may be expected that they exhibit high levels of inter-

player coordination, as the results have shown. However, measuring how players are coupled 

with their position-specific centroid may also provide additional knowledge in low-ranked 

teams or in monitoring progression during preseason in teams with less familiarised players.  

The players’ dynamical positioning also showed more irregularity when related to the 

forwards’ centroid. These results may provide additional insights into the measurement of 

principles of play (Wade, 1997). In fact, the forward players have the goal to create open 

space in offense, either for them to receive the ball in scoring opportunities or for other 

teammates, when the defenders are covering their trajectories and preventing them from 

receiving the ball. Therefore, it seems that the high irregularity in the forwards’ centroid in 

current results may be a consequence of this continuous attempt to create unpredictable 

situations and surprise the opponent defensive players (Duarte et al., 2012b). Actions like 

sprint running may be linked and emphasised by the coaches to this offensive process of 

creating open-space and being unpredictable. Such information should be considered when 

planning and monitoring performance. 

This increase in irregularity on the offensive pitch is also seen in inter-centroids coordination, 

as measured by relative phase (see Figure 3.2.3). In fact, the results suggest stronger 

coordination dynamics between defenders and midfielders, probably because the players 

understand the risks of irregularity in the defensive pitch. The presented data seem to be 

linked to the need of being more coordinated in the proximity to defensive zones (Headrick et 

al., 2012) and trying to reduce open spaces and consequent opportunities to score by the 

opponents (Duarte et al., 2012c). The forwards coupling with any other centroid is not as 

strong by the already presented reasons. The stronger in-phase attractions identified in lateral 

direction seem to be related with the need of reducing the spaces when defending and to 

occupy in a synchronized balance the lateral corridors between sectors when attacking 

(Travassos et al., 2012a). Also, the lateral team displacements are considered the greatest 

destabilizing factors of the opponents’ organization, since the critical match periods appear to 

be associated with changes in lateral distance between teams (Frencken et al., 2012). Very 

similar dynamical descriptions are already available in basketball, but results showed a high 

synchronization between team centroids in the longitudinal plane of the pitch (Bourbousson et 

al., 2010b). 



Match environment 

 89 

The total distance covered during the match was similar for all players; however, there were 

differences among playing positions in partial distances according to the speed zones. The 

forwards presented less distance covered at speed zones below 13.0 Km/h with exception to 

zone 1 (0-6.9 Km/h). Results available in recent research showed that forward players 

presented higher values in walking zone (0-6.0 Km/h), jogging (6.1-8.0 Km/h) and low-

intensity running (8.1-12.0 Km/h) (Aslan et al., 2012). Other studies (Guner et al., 2006; 

Guner et al., 2005) have also found that midfielders cover higher distance at medium 

intensities. In fact, these time-motion variables help to confirm the previous discussion carried 

by positional variables. For the case of forward players, the need to deceive the defence is 

probably best achieved by sudden changes in speed and direction of running, supporting the 

finding of higher irregularity in these players’ movements. Thus, these high-intensity efforts 

can only be successful if interspersed with frequent low-intensity runs, which can increase the 

covered distance in zone 1 as identified in the current results. In the case of the midfielders, 

the increased covered distances at medium intensities (zone 2 and 3), may be related with the 

need to link between both defensive and offensive process, as previously reported. The lower 

average and standard deviations in distance to centroid helps to confirm this idea. 

The available research using TRIMPMOD and body load in football 11-a-side matches is very 

scarce and conducted under methodological procedures that refrains any possible contrast. 

The TRIMPMOD presented higher values at the zone 5 (above 93% HRmax), but was low to the 

forwards, confirming their low physiological demands, due to the tactical-dominant tasks 

already described. The results of body load variables exhibited lower values to the forwards 

and similar values to defenders and midfielders. Recent research has compared physical 

demands of football friendly matches and small-sided games (Casamichana et al., 2012) and 

the results showed similar body load per minute in friendly matches (13.5±1.5), however, no 

distinction was made according to players positions. 
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3.3 Changes in effective playing space when considering sub-groups of 3 to 

10 players in professional football matches 5 

 

3.3.1 Abstract 

Success in soccer is much dependent on how players and teams create and restrict space and 
time. In match situations, players constitute small sub-groups to improve their collective 
synchronization and achievement of specific goals. This study aimed to identify changes in 
the effective playing space (EPS, defined as the smallest polygonal area delimited by the 
peripheral outfield players) when considering sub-groups of 3 to 10 players. Twenty outfield 
professional players participated in this study. The EPS, its regularity pattern (measured by 
the approximate entropy), coefficient of variation and players’ mean speed were calculated for 
sub-groups of 3, 4, 5, 6, 7, 8, 9 and 10 players, considering the smallest inter-player distance 
as the criterion. The EPS presented a most likely increase with a higher number of players, 
especially considering the transition from 3 to 4 players (~440% of variation, very large). As 
the EPS increased with the number of players, the correspondent regularity presented a trend 
of a most likely increase (from EPS3 vs. EPS4: ~25%, very large; to EPS9 vs. EPS10: ~11%, 
moderate). The mean speed results suggest that players may achieve different states of 
collective coordination, mainly between ~6 to 8 km.h-1. Overall, three different match 
scenarios should require additional attention when aiming to design more match transferable 
tasks: i) transition from EPS3 to EPS4; ii) transition from EPS4 up to EPS8; and iii) transition 
from EPS8 to EPS9. These results help to understand match self-organized behaviours and, 
consequently, allow to optimize task characteristics in practice sessions. 
Keywords: speed; variability; regularity; positioning. 

  

                                                
5 Gonçalves, B., Folgado, H., Coutinho, D., Marcelino, R., Wong, D., Leite, N., & Sampaio, 

J. (In press). Changes in effective playing space when considering sub-groups of 3 to 10 

players in professional football matches. Journal of Human Kinetics. 
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3.3.2 Introduction 

The study of collective behaviour has contributed to an understanding of how individuals, in 

their natural environment are constrained by the influence of others’ decisions (Clemente et 

al., 2013; Vicsek & Zafeiris, 2012). In team sports, players use local information sources, 

such as teammates positioning, to achieve dynamic self-organized behaviours (Duarte et al., 

2012a; Leite et al., 2014). In order to achieve high-level performances with these behaviours, 

team members organize themselves into different sized sub-groups. The interactions of these 

sub-systems must then become a basis of information throughout various shared networks for 

a successful system (Grehaigne & Godbout, 2013; Grehaigne et al., 1997). 

In football, an understanding of emergent behavioural patterns relies upon the use of player 

positioning in interaction with teammates and opponents (Davids et al., 2003; McGarry et al., 

2002; Moura, Santana, Vieira, Santiago, & Cunha, 2015). With this approach, players’ pitch 

coordinates permit researchers to link positioning decisions and actions with team strategy 

and tactics, maintaining proper attention to situational and sequential match characteristics. 

Thus, research to date has focused on developing pitch-positioning performance indicators, 

treating team organization as a consequence of functional constraints of the environment scale 

(Araújo et al., 2006; Duarte et al., 2013a). Consequently, the daily challenge for the coaches’ 

intervention is to identify and replicate the essential informational input of performance 

environments within simulated scenarios (Dicks, Davids, & Button, 2009). It is intended that 

practice may promote the emergence of specific behaviours and how this knowledge can 

optimize transferability of players’ behaviour between training drills and competition 

(Travassos et al., 2012b). 

Team sports performance should be understood in terms of space-time interaction dynamics 

that are mediated by environmental information (Folgado et al., 2014a). Accordingly, the 

assessment of collective behavioural trends should be related to match dynamics, where the 

players’ interactions are guided by space, time and speed. For example, players are likely to 

increase their movement synchronization and match pace when the available space increased, 

whereas the opposite happens when the available space is limited (Gonçalves et al., 2017). 

Moreover, when players’ roles are similar and their pitch distances are smaller, their 

synchronization is probably facilitated (Gonçalves et al., 2014). Therefore, the manipulation 

of simple boundary conditions, such as available playing space, can foster team engagement 

in adaptive behaviour and improve performance. Based on the information perceived by the 
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players, different teams’ structures will emerge, which can be measured by the teams’ 

effective playing space (EPS). The EPS is defined as the smallest polygonal area delimited by 

the peripheral outfield players that provides information about the surface area that is being 

effectively covered. Concomitantly, the number of players involved in the task will demand 

continuous team-related behaviour so that a higher number of players demands higher 

positional organization (Aguiar et al., 2015). Accordingly, organization of the optimal 

position requires players to use different displacement speeds in both competition (Folgado et 

al., 2014a; Folgado et al., 2015) and training scenarios (Sampaio et al., 2014). These dynamic 

positioning behaviours lead to different time dependent configurations that reflect team 

specific tactical concepts (Jager & Schollhorn, 2012). Moreover, a better understanding of 

these sub-units’ behaviour may be achieved when the variability in their structures is 

considered, which can be measured through the coefficient of variation (CV) and the 

regularity level of the EPS. These variables may represent the adaptability of collective 

behaviour according to the number of players involved in the different sub-units (Gonçalves 

et al., 2017; Travassos et al., 2012b). Thus, collectively considering how player displacements 

are coupled with those of neighbouring teammates, based on spatiotemporal dependence and 

different levels of interaction may improve the understanding of the effect on varying 

numbers of interacting players within team behaviours. Accordingly, this study aimed to 

identify changes in the effective playing space (EPS) when considering sub-groups of 3-10 

players during football matches. More specifically, we calculated the EPS of different sub-

groups, measured in absolute values (m2), considering a progressively larger number of 

nearby players. The CV and regularity level of the EPS were compared among various sized 

sub-groups. Finally, the mean speed displacement from each sub-group and corresponding 

CV were also compared. Although prior expectations suggested that a higher number of 

players would result in higher EPS values, the magnitude of changes in EPS and the optimal 

number of players in proximal interaction are unknown and remain to be explored. 

 

3.3.3 Methods 

Participants 

Twenty outfield football players from a Portuguese first league team participated in this study 

(age, 24.8±3.9 y; professional playing experience, 7.1±4.0 y). The club technical staff 

provided a formal authorization and all players were instructed about the protocol and 
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informed that they could withdraw from the study at any time. All players expressed verbal 

consent to participate. The investigation was approved by the local Institutional Research 

Ethics Committee and conformed to the recommendations of the Declaration of Helsinki. 

 

Design and data collection 

The study was carried in the preseason period and all players were frequently substituted at 

half time. Thus, to ensure a constant team formation between the analysed matches (GK-4-4-

2), only the first half of each match was used in the analysis. During the collected first halves 

no player was substituted. The sample was constituted by a total of six matches, played on 

official-size natural turf pitches, following the official football rules. The positional data from 

each outfield player were collected using a 5 Hz non-differential GPS device (SPI Pro, 

GPSports, Canberra, Australia). The raw data, i.e. latitude and longitude coordinates, were 

exported from the GPS units and computed using dedicated routines in Matlab® software 

(The MathWorks, Inc., Massachusetts, United States) (for complete data filter guidelines, see 

Folgado et al. (2014a)). During data collection, the number of satellites connected with each 

device was 8.4±0.8. 

 

Positional variables and processing techniques 

For each match, the EPS (defined by the smallest polygonal area delimited by the peripheral 

players) was dynamically calculated for sub-groups of 3, 4, 5, 6, 7, 8, 9 and 10 players, using 

the smallest inter-player distance as the selection criterion. For example, the EPS from the 

sub-group of 3 players was constituted by the smallest polygonal area delimited by the 3 

players who were nearer to each other (see Figure 1 for a visual representation). The results 

from these partial EPS situations were calculated in absolute values (area: m2) and also 

considered the amount of regularity (measured by the approximate entropy, ApEn). Mean 

displacement speed (km.h-1) of the players who formed each partial EPS was also 

dynamically calculated. The coefficient of variation (CV) was calculated for each match, for 

absolute values of EPS and mean displacement speed. 
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Figure 3.3.1. Frame example of the smallest polygonal areas delimited by outfield players who were nearer to 
each other. The grey arrow means the team’s attack direction. Abbreviations: EPS=effective playing space. 

 

The ApEn technique is a non-linear procedure that has been used in several studies to identify 

the amount of uncertainty regarding the order of an output signal (i.e. regularity in players’ 

movement patterns). Imputed values of a vector’s length (m) was 2 and the tolerance (r) was 

0.2 standard deviations (Pincus, 1991; Yentes et al., 2013). The outcome values range 

between 0 and 2 (arbitrary units) and lower values represent more repeatable, regular, 

predictable and less chaotic sequences of data points. From a processing approach, ApEn 

expresses the regularity that the configuration of one segment of data in a time series will 

allow the prediction of the configuration of another segment of the time series a certain 

distance apart (Harbourne & Stergiou, 2009; Pincus, Gladstone, & Ehrenkranz, 1991). From a 

practical understanding, this technique permits to identify if players’ displacement trajectories 

express a regular and predictable pattern which may, in turn, provide information regarding 

their tactical behaviour (Gonçalves et al., 2014; Sampaio et al., 2014; Silva et al., 2016). For 
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instance, an EPS time-series with lower ApEn values may suggest a higher regular variation 

over time in the occupied area. All processing techniques were computed using dedicated 

routines in Matlab® software (The MathWorks, Inc., Massachusetts, United States). 

 

Statistical Analysis  

Magnitude-based inferences and precision of estimation were used to analyse the data 

(Batterham & Hopkins, 2006; Buchheit, 2016). Prior to the comparisons, all processed 

variables were log-transformed to reduce the non-uniformity of error. A descriptive analysis 

was performed using mean and standard deviations for the EPS variables, i.e. absolute values, 

ApEn and mean speed displacements (the presented mean is the back-transformed mean of 

the log transform). Differences between sub-groups (EPS3 vs. EPS4; EPS4 vs. EPS5; EPS5 

vs. EPS6; EPS6 vs. EPS7; EPS7 vs. EPS8; EPS8 vs. EPS9; EPS9 vs. EPS10) were expressed 

in percentage units with 95% confidence limits. Smallest worthwhile differences were 

estimated from the standardized units multiplied by 0.2. Uncertainty in the true differences of 

the scenarios was assessed using non-clinical magnitude-based inferences (Hopkins et al., 

2009). Also, the sub-group comparisons were assessed via standardized mean differences and 

respective 95% confidence intervals. Thresholds for effect sizes statistics were 0.2, trivial; 

0.6, small; 1.2, moderate; 2.0, large; and >2.0, very large (Cumming, 2012; Hopkins et al., 

2009). 

 

3.3.4 Results 

Tables 3.3.1 and 3.3.2 present both descriptive and statistical analysis of the partial EPS and 

the sub-group comparisons (percentage of variation, uncertainty in the true differences and 

standardized Cohen units). The EPS (absolute values) presented a most likely increase with an 

increasing number of players. These differences ranged from 442% (95% confidence 

intervals: 412 to 472%) in EPS3 vs. EPS4 to 35% (33 to 37%) in EPS9 vs. EPS10. The CV 

results presented a most likely decrease across comparison (from EPS3 vs. EPS4: difference: -

36% (-37 to -35%); to EPS9 vs. EPS10: -9% (-10 to 8%)) with magnitudes ranging from 

moderate to very large. The EPS10 was 897.3±60.5 m2 (mean±SD) with 0.39±0.05 of the CV. 

There were two different trends in this variable: the transition from 3 to 4 players presented a 

very large decrease in the CV values, -36.0% (-37 to -31%); and the transition from 8 to 9 and 
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9 to 10 players presented an increase in % variation from the previous trend. In other words, 

the variability in the surface area occupied by the players decreased more when considering 

more than 8 players (since CV presented an increase in % variation). 

As the EPS increased with the number of players, the ApEn presented a most likely 

decreasing trend (from EPS3 vs. EPS4: difference: -25% (-29 to -21%), very large magnitude; 

to EPS9 vs. EPS10: -11% (-14 to -8%), moderate magnitude), i.e. the occupied surface area 

became more regular (Tables 3.3.1 and 3.3.2). 

The mean displacement speed for each sub-group showed trivial/small differences from EPS3 

vs. EPS4 to EPS7 vs. EPS8 sub-group comparison (from EPS3: 7.1±0.2 km.h-1; to EPS8: 

7.0±0.2 km.h-1). However, when considering EPS8 vs. EPS9 comparison, the results 

presented a most likely -3% (-4 to -2%) decrease, with a moderate magnitude effect. When 

considering 10 players (EPS9 vs. EPS10), a likely trivial difference was identified. The 

correspondent CV results showed a most likely moderate -6% (-9 to -4%) decrease from 

EPS3 to EPS4, and small/trivial effect in the remaining comparisons (Tables 3.3.1 and 3.3.2). 

 

Table 3.3.1. Descriptive analysis for the sub-group comparisons. 

Variables EPS3 EPS4 EPS5 EPS6 EPS7 EPS8 EPS9 EPS10 

Absolute values  
Mean±SD 
(m2) 11.6±0.8 62.9±4.9 136.3±11.0 232.0±17.1 348.9±25.4 488.0±39.3 664.7±53.2 897.3±60.5 

Pitch % of 
free space 99.8% 99.1% 98.1% 96.8% 95.1% 93.2% 90.7% 87.4% 

CV±SD 1.06±0.06 0.68±0.04 0.58±0.04 0.53±0.04 0.50±0.05 0.46±0.05 0.43±0.05 0.39±0.05 

Regularity (ApEn) 
Mean±SD 
(a.u.) 0.37±0.05 0.28±0.04 0.22±0.03 0.18±0.03 0.16±0.02 0.13±0.02 0.12±0.02 0.10±0.02 

Mean speed displacements 

Mean±SD 
(a.u.) 7.1±0.2 7.1±0.3 7.1±0.2 7.0±0.3 7.0±0.4 7.0±0.2 6.8±0.2 6.8±0.4 

CV±SD 0.63±0.04 0.59±0.04 0.57±0.04 0.55±0.04 0.53±0.04 0.52±0.05 0.52±0.04 0.51±0.04 

Note: Abbreviations and symbols: EPS=effective playing space; ApEn=approximate entropy; CV=coefficient of 
variation. 
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Table 3.3.2. Descriptive statistics for sub-group comparisons. 

Variables 
EPS3 

Vs 
EPS4 

EPS4 
vs 

EPS5 

EPS5 
Vs 

EPS6 

EPS6 
vs 

EPS7 

EPS7 
vs 

EPS8 

EPS8 
vs 

EPS9 

EPS9 
vs 

EPS10 

Absolute values  

Mean±SD (m2) 

Sub-group 
comparisons 

441.8; ±30.0 
Most likely ↑ 

116.8; ±1.8 
Most likely ↑ 

70.2; ±1.5 
Most likely ↑ 

50.4; ±1.3 
Most likely ↑ 

39.8; ±1.2 
Most likely ↑ 

36.2; ±0.7 
Most likely ↑ 

35.1; ±2.0 
Most likely ↑ 

Standardized 
units 

18.93; ±0.62 
Very large 

8.67; ±0.09 
Very large 

5.96; ±0.10 
Very large 

4.58; ±0.10 
Very large 

3.76; ±0.10 
Very large 

3.46; ±0.06 
Very large 

3.37; ±0.16 
Very large 

CV±SD 

Sub-group 
comparisons 

-36.0; ±1.1 
Most likely ↓ 

-13.7; ±2.3 
Most likely ↓ 

-8.9; ±1.3 
Most likely ↓ 

-7.0; ±1.9 
Most likely ↓ 

-6.4; ±0.6 
Most likely ↓ 

-6.7; ±2.4 
Most likely ↓ 

-9.2; ±0.9 
Most likely ↓ 

Standardized 
units 

-4.17; ±0.17 
Very large 

-1.38; ±0.25 
Large 

-0.87; ±0.13 
Moderate 

-0.68; ±0.19 
Moderate 

-0.62; ±0.06 
Moderate 

-0.64; ±0.24 
Moderate 

-0.9; ±0.1 
Moderate 

Regularity (ApEn) 

Mean±SD (a.u.) 

Sub-group 
comparisons 

-25.5; ±3.9 
Most likely ↑ 

-21.1; ±2.8 
Most likely ↑ 

-17.1; ±2.3 
Most likely ↑ 

-14.6; ±3.9 
Most likely ↑ 

-14.9; ±2.8 
Most likely ↑ 

-13.1; ±1.5 
Most likely ↑ 

-11.0; ±3.1 
Most likely ↑ 

Standardized 
units 

-1.76; ±0.31 
Large 

-1.42; ±0.21 
Large 

-1.12; ±0.16 
Moderate 

-0.94; ±0.27 
Moderate 

-0.96; ±0.19 
Moderate 

-0.84; ±0.10 
Moderate 

-0.7; ±0.2 
Moderate 

Mean speed displacements 

Mean±SD (a.u.) 

Sub-group 
comparisons 

0.9; ±1.0 
Possibly ↑ 

-0.5; ±0.6 
Possibly ↓ 

-0.6; ±0.7 
Possibly ↓ 

-0.5; ±0.5 
Likely trivial 

-0.8; ±0.7 
Possibly ↓ 

-2.9; ±0.7 
Most likely ↓ 

0.4; ±0.9 
Likely trivial 

Standardized 
units 

0.21; ±0.24 
Small 

-0.13; ±0.15 
Trivial 

-0.15; ±0.16 
Trivial 

-0.13; ±0.13 
Trivial 

-0.19; ±0.16 
Trivial 

-0.71; ±0.18 
Moderate 

0.10; ±0.21 
Small 

CV±SD 

Sub-group 
comparisons 

-6.4; ±2.4 
Most likely ↓ 

-3.8; ±1.3 
Most likely ↓ 

-3.4; ±1.8 
Very likely ↓ 

-3.1; ±1.5 
Very likely ↓ 

-1.9; ±07 
Likely ↓ 

-0.3; ±1.7 
Likely trivial 

-2.2; ±2.2 
Possible ↓ 

Standardized 
units 

-0.70; ±0.27 
Moderate 

-0.41; ±0.14 
Small 

-0.37; ±0.20 
Small 

-0.33; ±0.17 
Small 

-0.19; ±0.07 
Trivial 

-0.03; ±0.18 
Trivial 

-0.19; ±0.18 
Trivial 

Note: Abbreviations and symbols: EPS=effective playing space; ApEn=approximate entropy; CV=coefficient of 
variation; ↓=decrease; ↑=increase. Sub-group comparisons are expressed in %; ±95% confidence limits and 
respective standardized differences are expressed in Cohen d; ±95% confidence limits. 

 

Figure 3.3.2 presents a graphical overview of the analysed variables for each of the six 

matches. The corresponding results showed strong inter-match stability in performance across 

all matches. The results show an increase in absolute EPS values with an increase in the 

number of players (Figure 3.3.2a), a decrease in the correspondent ApEn values (i.e. 

increasing regularity) (Figure 3.3.2b) and the mean displacement speed ranging from ~6-8 

km.h-1 (Figure 3.3.2c). 
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Figure 3.3.2. Graphical descriptive overview from each of the six-preseason matches variables. Abbreviations: 
EPS=effective playing space; ApEn=approximate entropy.  
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3.3.5 Discussion 

This study aimed to identify changes in the effective playing space (EPS) when considering 

sub-groups of 3 to 10 players in football matches. As expected, the results showed that 

increasing the number of players leads to a higher EPS. However, additional findings allowed 

to identify that the transitions from 3 to 4 and 8 to 9 players were particularly different from 

other EPS situations. In the EPS10 that considers all outfield players, the covered area was 

~900 m2. The mean speed results showed that players might achieve different states of 

collective coordination. Furthermore, there were very tenuous match-to-match changes in all 

variables. 

The players’ movements and actions generate local information which ultimately influences 

the teammates and opponents behaviour (Passos et al., 2013). These spatiotemporal 

relationships are presented as essential-on-field constraints for coupling their behaviours and 

achieving functional coordination patterns (Duarte et al., 2013a; Gonçalves et al., 2014). 

However, knowledge about key variables that determine this optimal coordination during 

competition is still very scarce, especially when considering team players based on nearest 

relationships. Therefore, findings of the current study can provide valuable clues for training 

optimization, specifically for designing more transferable tasks to competition (Travassos et 

al., 2013b; Travassos et al., 2012b). In this sense, the current results confirmed that a higher 

number of players resulted in higher EPS values. It is interesting and unknown that the 

transition from 3 to 4 sub-group presented a higher variation in EPS differences (around 

~440%) and this was also the sub-group with a higher CV. In addition, despite the ApEn 

values decreased with the increase of the number of players, the EPS3 vs. EPS4 comparison 

showed higher magnitude values (very large). Analysing match relationships from a 

geometrical perspective and considering the EPS constituted by 3 nearest teammates, each 

individual displacement will necessarily change the absolute values of the occupied space and 

will promote higher variability. In terms of the EPS constituted by more than 3 nearer 

teammates (e.g. see Figure 3.3.1, 8 nearer players), it may occur that individual displacement 

from the players inside of the formed area would not influence the EPS. Accordingly, recent 

research showed that 3-a-side small-sided games could be used to improve the 

unpredictability of behaviour as these scenarios presented higher irregularity of players’ 

positional behaviour (Aguiar et al., 2015). Another possibility is linked with the positioning of 

the 3 nearest players. Given the fact that in the current study there is a limitation of not having 
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measured the ball location, it may be possible, although hypothetical, that the 3 nearest 

players were the players closer to the ball. In these situations, the teams aim to maintain 

stability in local sub-systems while defending and creating instability during the offensive 

process (Vilar et al., 2013). Thus, this higher variation could be linked with the different aims 

in offensive and defensive match situations. That is, the defending teams aim to maintain 

stability in local sub-systems, as opposed to desired high-variability in positioning during the 

offensive phase. For coaching applications, it may be suggested that field dimensions should 

be optimized to enable players to attune their behaviour with environmental cues. For 

example, a ~12 m2 effective field space seems to enhance players’ perceptions for action 

when involving 3 teammates. Also, coaches should vary this field dimension, considering that 

within this configuration, EPS might vary ~100% (CV=1.06±0.06). Thus, coaches should 

promote training situations that control players’ positioning while defending, and free them 

when regaining ball possession. 

An additional key result is the potential value from the absolute EPS, which may add 

meaningful information to increase transference from training tasks to competition. In fact, 

several studies have designed specific practice protocols where space available for players to 

develop their behaviours is proportional to the full-sized match (for review see (Hill-Haas et 

al., 2011)). For example, Fradua and colleagues (2012) recommended individual playing 

areas ranging from 65 to 110 m2 for training tactical aspects when the aim was to increase 

full-size representative demands. On the other side, a recent study demonstrated how field 

dimension and skill level constrained the covered EPS when playing 4-a-side small-sided 

game (Silva et al., 2014a). The results showed that the EPS (from national-level players) 

ranged from 121.16±24.55m2 in a small field to 251.2±46.33 m2 in a large field. However, an 

EPS of 4 players captured during a SSG might be very different from the EPS of 4 players 

captured during an 11-a-side match. For instance, in the current study, the EPS formed by the 

4 nearest teammates was ~60 m2. Apparently, players used higher EPS values during SSG 

when compared to official matches, which strongly highlights how player’s behaviour is 

constrained by all the remaining teammates and opponents. Another interesting finding is 

related to the EPS10 since it was showed that players normally used a small part of the pitch, 

~900 m2 (with ~0.40 CV), that represented ~13% of the official 105 x 68 m pitch dimensions 

(pitch % of free space based on EPS mean values=~87%, Table 1). Using the full-pitch size as 

the reference to the individual playing area may lead to a decrease in the training effect of 



Match environment 

 102 

tactical aspects of the match, especially in the spatiotemporal information perceived by 

teammates. 

A consistent trend in the obtained performance profiles was identified across the six analysed 

matches, either in the positioning variables or in the mean speed. It has been argued that 

complementary relationship between players’ displacement speed and their movement 

direction would provide useful insights for coaches (Folgado et al., 2014a; Sampaio et al., 

2014; Travassos, Vilar, Araújo, & McGarry, 2014b). This approach may optimize coaches’ 

external instructions, aiming to constraint the environmental task and players’ performance. 

From the present approach, there was a trivial variation in mean displacement speed identified 

from 3 to 8 players’ sub-groups. This outcome should be well interpreted, since players’ 

displacement presented a range of variability in displacement speed when they still 

maintained synchronization behaviours (specially in EPS3). However, this trend slightly 

changed when the sub-group was constituted by more than 8 players. From this point, the 

mean displacement speed presented a most likely decrease and this outcome was 

complemented by the decrease in variability from the surface area when considering more 

than 8 players. The decreasing influences of the 9th and 10th players in the behavioural 

variables (ApEn and Speed) may be related to the lower activity involvement within match 

strategy due to the longer distance to the ball and a lower activity profile. Nonetheless, 

players’ displacement speed around ~6 to 8 km.h-1 (CV=~0.5 a.u.) is required to promote 

collective functional behaviours. However, coaches should increase speed variability to 

promote widely adaptive and representative dynamical environments, for example, by using 

external instructions imposed to the task (Sampaio et al., 2014). 
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4 Final Remarks
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4.1 Conclusions and practical implications of the thesis’ studies 

Five original studies were designed and conducted using a common methodological approach. 

The outcomes allowed to identify theoretical and methodological considerations with several 

practical-application possibilities. 

 

4.1.1 Study 1 – SSG: unbalance scenarios in training environment 

Effects of emphasising opposition and cooperation on collective movement behaviour 

during football small-sided games 

The first study intended to use the players’ positioning dynamics, in a data-driven approach, 

to understand the effect of manipulating the number of opponents and teammates on 

collective movement behaviour during football SSG, played by both professional and amateur 

players. As overall conclusion, the study showed that the manipulation of the number of 

opponents may be effective to over-emphasise the use of the local information by the players 

to support the dynamics of the positional decision-making process. The specific highlights 

were: 

• manipulation of the number of opponents may promote team-related auto-organisation 

behaviours of professional players, especially when playing in higher-inferiority 

situations; 

• teammates seem to dynamically adapt their positioning based on the demands of the 

task and environmental information. As practical applications, these scenarios could 

be used to improve the design of defensive learning tasks with the aim of emphasising 

the concentration (staying compact in most vulnerable areas) and balance (working 

closely together) principles of play; 

• amateur players seem to still rely on external feedback to control the optimal distances 

underlying the team tactical organisation in the different game scenarios; 

• the lower experience level of the amateur players may reduce the perceptual tuning 

that leads to a more unpredictable positioning behaviour. Here, the tasks could 

possibly include additional constraints to facilitate the team auto-organisation, e.g. by 

dividing the pitch into corridors and sectors to guide their space-time decisions; 

• the increase in the number of teammates, may promote regularity in spatial 

organisation in less expert teams. Thus, the players’ perception and action under these 
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SSG constraints could facilitate and simplify the learning process to adapt positioning 

according to the task demands. In fact, increasing the number of teammates may help 

players to better understand their individual game role and, consequently, how to act 

collectively. This information could be used, as practical implication, to improve the 

offensive positional organisation (e.g. inter-sectorial relations: 2 full-backs+2 

midfielders+3 forwards, in a 7 teammates team); 

• Overall, varying the number of both opponents and teammates might be used to obtain 

different effects in the level of teams’ collaborative work and may help coaches to 

recognise how this manipulation influences the transferability of players’ behaviours 

between practice and game environments. 

 

4.1.2 Study 2 – LSG: pitch area-restrictions in training environment 

Effects of pitch area-restrictions on tactical behaviour, physical and physiological 

performances in football large-sided games 

The second study intended to use the players’ positioning dynamics as a data-driven 

approach, as well as time-motion and physiological variables, to explore how the 

manipulation of pitch area-restrictions affects the collective movement behaviour and players’ 

physical and physiological performances during football LSG. As overall conclusion, the 

study showed that limiting players’ spatial exploration to a given pitch-position area greatly 

impacted the co-adaption between teammates. The specific highlights were: 

• the free-spacing scenario appeared as an optimal solution to promote the 

synchronization of players’ positioning dynamical displacements and the predictability 

of interpersonal distances, while increasing the physical and the physiological 

demands; 

• considering the similarity of tactical results between contiguous-spacing and free-

spacing situations, coaches’ may obtain similar team-behavioural effects in practice, 

while eliciting different physical and physiological demands. These results support a 

particularly important practical application, as they enable coaches to choose from 

different exercise possibilities that promote similar tactical behaviour; 

• the search for effective collective solutions is presumably linked to players’ ability to 

explore local interactions, based on spatiotemporal-related information of teammates’ 
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positioning. In this particular case, considering the professional players, performers 

seem to benefit from attuning to teammates’ positioning, rather than focusing on task-

area constraints. However, it should also be noted that restricted-spacing scenarios, 

can also contribute to increase the focus on tactical micro responses (e.g. 1x1 

situations, short-distance passing…) while playing a LSG, despite the lower physical 

and physiological demands; 

• These results may assume a major relevance for practice task design, whereas it 

provides information to coaches about the differential effect of restricting or 

amplifying player’s displacement possibilities as well as their physical-physiological 

responses using specific pitch-position areas. 

 

4.1.3 Study 3 – Teammate dyads positioning in match environment 

Exploring team passing networks and player movement dynamics in youth association 

football 

The third study intended to explore how passing networks and players’ positioning dynamics 

can be linked to the match outcome in youth elite footballers (U15 and U17 age group). The 

study showed that modelling network procedures allowed to identify different team’s passing 

dynamics structures and presented a visualisation method to represent the obtained structures. 

Consequently, it seems easy to identify the players with most important roles in the passing 

networks allowing coaches to understand: (i) the demanded informational constraints that 

shape the players’ passing decisions; (ii) which players are being over-solicited during 

competition; (iii) weaknesses in the team specific positions, based on lower teammates 

passing relations. Coaches of youth age groups may use the information provided to improve 

their training tasks sessions and to optimize the design of representative situations, where the 

passing lines are more diffused and unpredictable. The main study highlights were: 

• a lower passing dependency for a given player and higher intra-team well-connected 

passing relations may optimize team performance; 

• regarding the correlation between the regularity of teammates’ dyadic positioning and 

the passing density, a higher correlation was found in U15 indicating a possibly higher 

dependence of the ball position than in the U17 teams. 
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• an emphasis on the potential of coupling notational analyses with spatio-temporal 

relations to produce a more functional and holistic understanding of teams’ sports 

performance; 

The main findings have several implications for the training process design, particularly by 

helping to identify the major features of youth football teams’ behavioural dynamics. Also, 

this study extends the base of scientific knowledge related to the power of social network 

analysis approach, by providing novel insight into group-structures performance. Within, the 

overall groups’ outcome is strongly related with the interdependence from teammates and the 

way they dynamically co-adapt their complex task-roles. 

 

4.1.4 Study 4 – Team sectorial positioning in match environment 

Effect of player position on movement behaviour, physical and physiological 

performances during an 11-a-side football match 

The fourth study intended to explore effect of player specific position on collective movement 

behaviour by using the players’ positioning dynamics, time-motion and physiological 

variables in a data-driven approach. As overall conclusion, the results from a single match 

using a specific team formation (4-3-3) allowed to identify meaningful effects and 

interactions in all variables across the players’ positions. The specific highlights were: 

• all players (defenders, midfielders and forwards) were nearer and more regular with 

their own position-specific centroid positioning, which may suggest this variable as an 

important information constraint for decision-making and action in further studies; 

• this coupling effect was stronger in midfield players and weaker in forwards, probably 

explained by their specific roles during the match; 

• all players’ positioning dynamics showed more irregularity when related to the 

forwards’ centroid, as a consequence of their need to be less predictable when playing; 

• the results showed a superior in-phase level of coordination in both team centroids’ 

oscillating movements in the lateral direction over the longitudinal one; 

• the time-motion and physiological variables helped to explain these trends and 

contributed to a better understanding of the tactical requirements imposed on players 

as a function of their specific roles; 
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With the expected forthcoming technological advances, coaches and performance analysts 

will have these variables processed in real time, enabling to accurately measure the players’ 

movement behaviour within each specific position. In addition, these data can be immediately 

interpreted in interaction with the physical and physiological performances, also enabling 

inter-match comparisons and, therefore, a more holistic, valid and complex evaluation. 

 

4.1.5 Study 5 – Team structures positioning in match environment 

Changes in effective playing space when considering sub-groups of 3 to 10 players in 

professional football matches 

The fifth study intended to identify the changes in EPS when considering positioning 

dynamics of sub-groups of 3-10 players in a data-driven approach. Players’ communication 

during the football matches requires the development of specific space and time interactions. 

As overall conclusion, the study allowed the identification of how the increase in the number 

of players influenced both regularity and absolute values of EPS areas. Thus, results of this 

study highlight: 

• the results revealed three match scenarios that seem to be very different and should 

require additional attention in designing competition-transferable tasks: transition 

from EPS3 to EPS4; ii) transition from EPS4 up to EPS8; and iii) transition from 

EPS8 to EPS9; 

• different spaces should be used when considering tasks with a lower level of 

interactions (e.g. teams with 3 and 4 players) due to a higher variation in EPS; 

• tasks using more players (teams with 8 to 10 players) should contemplate more stable 

spaces (lower EPS variation); 

• the mean speed results suggest that players achieved stable states of collective 

positioning coordination when the value reached the level of ~6 to 8 km.h-1; 

• these results help to understand match self-organized behaviours and, consequently, 

facilitate the optimisation of task characteristics in practice sessions. 
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4.2 Summary of the thesis and future applications 

The explosion of tracking systems during the recent years have produced large datasets of 

players’ trajectories, allowing a huge boost of research across sport science and training areas. 

However, the big data issues, as well as the lack of key research questions or the techniques to 

use to address them, have provided several limitations in using this information to generate 

empirical applications for performance. Therefore, the aim of this thesis was to explore the 

power of players’ positioning dynamics to afford a complex holistic overview of the 

collective movement behaviour in association football, during both training and match 

environments performance. Several positioning-derived variables were used to understand the 

complex dynamical interactions generated among teammates, opponents and the context. 

Within, other performance dimensions such as the physical, physiological and technical 

demands were considered to better understand the overall performance landscape. 

Table 4.2.1. may be seen as an overview from the thesis’ studies. The main idea was to show 

how player’ positioning can be incorporated in a complex approach, where different 

dimension of analysis may complement each other to identify functional rules that underlie 

the collective movement behaviour. Accordingly, both training and match environment 

should be integrated into the approach to better understand how collective movement 

behaviour emerge under different boundary conditions. The possibilities may range from 

micro level of analysis – by measuring the individual dynamic contributions to the team 

performance; meso level of analysis – by measuring the dynamic teams’ structures as well as 

understand the dynamic teams’ confrontations; to macro level of analysis – by considering all 

players as a dynamic unit. The overall information is intended to provide valuable clues for 

training optimisation, specifically for designing more transferable tasks to the competition. 

Future applications in controlling players’ performance during training and competition might 

benefit from the introduction of these complex approaches within proprietary software in 

complement of physical and physiological parameters. For example, the software could 

provide important information for coaches, such as the mean distance between the defensive 

sector players, as well as their regularity, helping to provide more accurate feedback, both 

during the match and training. More recently, the tracking systems have also developed the 

recording of the ball position and this step may open-up a new knowledge window, improving 

the assessment of tactical match dynamics towards a more holistic and complex points of 

view. 
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Table 4.2.1. Overview of the current thesis’ studies. 

Study Boundary conditions Level of the Analysis Category of the variables 
Processing techniques 

Insights to collective movement behaviour 
Linear Nonlinear 

I 
Training 

SSG 
Micro/Meso Positioning-derived Mean; SD ApEn 

emphasising opposition and cooperation may be 

effective to over-emphasise the use of the local 

information by the players to support the dynamics of 

the positional decision-making process 

II 
Training 

LSG 
Micro/Meso 

Positioning-derived; Time-

motion; Physiological 
Mean; SD; CV 

ApEn; Relative 

phase 

limiting players’ spatial exploration to a given pitch-

position area greatly impacted the co-adaption 

between teammates 

III 
Match 

U15 and U17 
Micro/Meso 

Positioning-derived; 

Notational; Network 
Mean; SD; CV ApEn; Network 

lower passing dependency for a given player and 

higher intra-team well-connected passing relations 

may optimize team performance; U15 showed a 

possibly higher dependence of the ball position than in 

the U17 teams 

IV 
Match 

U19 
Micro/Meso 

Positioning-derived; Time-

motion; Physiological 
Mean; SD 

ApEn; Relative 

phase 

all players were nearer and more regular with their 

own position-specific centroid positioning; all players’ 

positioning dynamics showed more irregularity when 

related to the forwards’ centroid 

V 
Match 

Professionals 
Meso/Macro 

Positioning-derived; Time-

motion 
Mean; SD; CV ApEn 

three match scenarios should require additional 

attention in designing competition-transferable tasks: 

transition from EPS3 to EPS4; ii) transition from EPS4 

up to EPS8; and iii) transition from EPS8 to EPS9 

 



 

 113 

 

5 References



 

 



References 

 115 

Abade, E. A., Gonçalves, B. V., Leite, N. M., & Sampaio, J. E. (2014). Time-motion and 
physiological profile of football training sessions performed by under-15, under-17 
and under-19 elite Portuguese players. International Journal of Sports Physiology and 
Performance, 9(3), 463-470. 

Abrantes, C. I., Nunes, M. I., Maçãs, V. M., Leite, N. M., & Sampaio, J. E. (2012). Effects of 
the Number of Players and Game Type Constraints on Heart Rate, Rating of Perceived 
Exertion, and Technical Actions of Small-Sided Soccer Games. Journal of Strength 
and Conditioning Research, 26(4), 976-981. 

Aguiar, M., Botelho, G., Gonçalves, B., & Sampaio, J. (2013). Physiological responses and 
activity profiles of football small-sided games. Journal of Strength and Conditioning 
Research, 27(5), 1287-1294. 

Aguiar, M., Gonçalves, B., Botelho, G., Lemmink, K., & Sampaio, J. (2015). Footballers' 
movement behaviour during 2-, 3-, 4- and 5-a-side small-sided games. Journal of 
Sports Sciences, 33(12), 1259-1266. 

Akubat, I., & Abt, G. (2011). Intermittent exercise alters the heart rate-blood lactate 
relationship used for calculating the training impulse (TRIMP) in team sport players. 
Journal of Science and Medicine in Sport, 14(3), 249-253. 

Araújo, D., Davids, K., & Hristovski, R. (2006). The ecological dynamics of decision making 
in sport. Psychology of Sport and Exercise, 7(6), 653-676. 

Aslan, A., Acikada, C., Guvenc, A., Goren, H., Hazir, T., & Ozkara, A. (2012). Metabolic 
demands of match performance in young soccer players. Journal of Sports Science 
and Medicine, 11(1), 170-179. 

Aughey, R. J. (2011). Applications of GPS Technologies to Field Sports. International 
Journal of Sports Physiology and Performance, 6(3), 295-310. 

Bangsbo, J., Iaia, F. M., & Krustrup, P. (2008). The yo-yo intermittent recovery test - a useful 
tool for evaluation of physical performance in intermittent sports. Sports Medicine, 
38(1), 37-51. 

Bangsbo, J., Mohr, M., & Krustrup, P. (2006). Physical and metabolic demands of training 
and match-play in the elite football player. Journal of Sports Sciences, 24(7), 665-674. 

Bar-Yam, Y. (2003). Complex Systems insights to building effective teams. International 
Journal of Computer Science in Sport, 2(1), 8-15. 

Barbero-Alvarez, J. C., Coutts, A., Granda, J., Barbero-Alvarez, V., & Castagna, C. (2010). 
The validity and reliability of a global positioning satellite system device to assess 
speed and repeated sprint ability (RSA) in athletes. Journal of Science and Medicine 
in Sport, 13(2), 232-235. 

Barris, S., & Button, C. (2008). A review of vision-based motion analysis in sport. Sports 
Medicine, 38(12), 1025-1043. 

Batool, K., & Niazi, M. A. (2014). Towards a methodology for validation of centrality 
measures in complex networks. PloS One, 9(4), e90283. 

Batterham, A. M., & Hopkins, W. G. (2006). Making Meaningful Inferences About 
Magnitudes. International Journal of Sports Physiology and Performance, 1(1), 50-
57. 

Bourbousson, J., Seve, C., & McGarry, T. (2010a). Space-time coordination dynamics in 
basketball: Part 1. Intra- and inter-couplings among player dyads. Journal of Sports 
Sciences, 28(3), 339-347. 

Bourbousson, J., Seve, C., & McGarry, T. (2010b). Space-time coordination dynamics in 
basketball: Part 2. The interaction between the two teams. Journal of Sports Sciences, 
28(3), 349-358. 



References 

 116 

Bradley, P. S., Di Mascio, M., Peart, D., Olsen, P., & Sheldon, B. (2010). High-Intensity 
Activity Profiles of Elite Soccer Players at Different Performance Levels. Journal of 
Strength and Conditioning Research, 24(9), 2343-2351. 

Brito, J., Krustrup, P., & Rebelo, A. (2012). The influence of the playing surface on the 
exercise intensity of small-sided recreational soccer games. Human Movement 
Science. 

Buchheit, M. (2016). The Numbers Will Love You Back in Return-I Promise. International 
Journal of Sports Physiology and Performance, 11(4), 551-554. 

Carling, C., & Dupont, G. (2011). Are declines in physical performance associated with a 
reduction in skill-related performance during professional soccer match-play? Journal 
of Sports Sciences, 29(1), 63-71. 

Carling, C., Reilly, T., & Williams, A. M. (2009). Performance Assessment for Field Sports. 
London and New York: Routledge. 

Carling, C., Williams, A. M., & Reilly, T. (2005). Handbook of soccer match analysis : a 
systematic approach to improving performance. London; New York: Routledge. 

Casamichana, D., & Castellano, J. (2010). Time-motion, heart rate, perceptual and motor 
behaviour demands in small-sides soccer games: Effects of pitch size. Journal of 
Sports Sciences, 28(14), 1615-1623. 

Casamichana, D., Castellano, J., & Castagna, C. (2012). Comparing the physical demands of 
friendly matches and small-sided games in semiprofessional soccer players. Journal of 
Strength and Conditioning Research. 

Casamichana, D., Castellano, J., & Dellal, A. (2013). Influence of Different Training Regimes 
on Physical and Physiological Demands During Small-Sided Soccer Games: 
Continuous vs. Intermittent Format. Journal of Strength and Conditioning Research, 
27(3), 690-697. 

Castagna, C., Impellizzeri, F. M., Chaouachi, A., Bordon, C., & Manzi, V. (2011). Effect of 
training intensity distribution on aerobic fitness variables in elite soccer players: a case 
study. Journal of Strength and Conditioning Research, 25(1), 66-71. 

Castellano, J., Alvarez-Pastor, D., & Bradley, P. S. (2014). Evaluation of research using 
computerised tracking systems (Amisco and Prozone) to analyse physical performance 
in elite soccer: a systematic review. Sports Medicine, 44(5), 701-712. 

Castellano, J., Casamichana, D., Calleja-Gonzalez, J., San Roman, J., & Ostojic, S. M. 
(2011). Reliability and accuracy of 10 Hz GPS devices for short-distance exercise. 
Journal of Sports Science and Medicine, 10(1), 233-234. 

Castellano, J., Casamichana, D., & Lago, C. (2012). The use of match statistics that 
discriminate between successful and unsuccessful soccer teams. Journal of Human 
Kinetics, 31, 139-147. 

Castellano, J., Puente, A., Echeazarra, I., & Casamichana, D. (2015). Influence of the Number 
of Players and the Relative Pitch Area per Player on Heart Rate and Physical Demands 
in Youth Soccer. Journal of Strength and Conditioning Research, 29(6), 1683-1691. 

Causer, J., & Williams, A. M. (2012). Professional expertise. In P. Lanzer (Ed.), Catheter-
based Cardiovascular Interventions – Knowledge-based Approach. NY: Springer. 

Cintia, P., Giannotti, F., Pappalardo, L., Pedreschi, D., & Malvaldi, M. (2015, 19-21 Oct. 
2015). The harsh rule of the goals: Data-driven performance indicators for football 
teams. Paper presented at the 2015 IEEE International Conference on Data Science 
and Advanced Analytics (DSAA). 

Clemente, F. M., Couceiro, M. S., Martins, F. M., & Mendes, R. S. (2015). Using network 
metrics in soccer: a macro-analysis. Journal of Human Kinetics, 45, 123-134. 



References 

 117 

Clemente, F. M., Couceiro, M. S., Martins, F. M. L., Dias, G., & Mendes, R. (2013). 
Interpersonal Dynamics: 1v1 Sub-Phase at Sub-18 Football Players. Journal of 
Human Kinetics, 36, 179-189. 

Clemente, F. M., Couceiro, M. S., Martins, F. M. L., & Mendes, R. S. (2014). Using network 
metrics to investigate football team players' connections: A pilot study. Motriz: 
Revista de Educação Física, 20, 262-271. 

Clemente, F. M., Martins, F. M. L., & Mendes, R. S. (2016). Introduction Social Network 
Analysis Applied to Team Sports Analysis (pp. 1-5). Cham: Springer International 
Publishing. 

Cotta, C., Mora, A. M., Merelo, J. J., & Merelo-Molina, C. (2013). A network analysis of the 
2010 FIFA world cup champion team play. Journal of Systems Science & Complexity, 
26(1), 21-42. 

Coutinho, D., Gonçalves, B., Figueira, B., Abade, E., Marcelino, R., & Sampaio, J. (2015). 
Typical weekly workload of under 15, under 17, and under 19 elite Portuguese 
football players. Journal of Sports Sciences, 33(12), 1229-1237. 

Coutts, A. J., & Duffield, R. (2010). Validity and reliability of GPS devices for measuring 
movement demands of team sports. Journal of Science and Medicine in Sport, 13(1), 
133-135. 

Cumming, G. (2012). Understanding the New Statistics: Effect Sizes, Confidence Intervals, 
and Meta-Analysis: Routledge, Taylor & Francis Group. 

Cummings, T., & Blumberg, M. (1987). Advanced manufacturing technology and work 
design The human side of advanced manufacturing technology (Vol. 37, pp. 60). 

Cummins, C., Orr, R., O'Connor, H., & West, C. (2013). Global positioning systems (GPS) 
and microtechnology sensors in team sports: a systematic review. Sports Medicine, 
43(10), 1025-1042. 

Cunniffe, B., Proctor, W., Baker, J. S., & Davies, B. (2009). An evaluation of the 
physiological demands of elite rugby union using global positioning system tracking 
software. Journal of Strength and Conditioning Research, 23(4), 1195-1203. 

Cytoscape. 2016, from www.cytoscape.org 
Davids, K., & Araújo, D. (2010). The concept of ‘Organismic Asymmetry’ in sport science. 

Journal of Science and Medicine in Sport, 13(6), 633-640. 
Davids, K., Araujo, D., Correia, V., & Vilar, L. (2013). How small-sided and conditioned 

games enhance acquisition of movement and decision-making skills. Exercise and 
Sport Sciences Reviews, 41(3), 154-161. 

Davids, K., Araújo, D., & Seifert, L. (2015). Expert performance in sport: an ecological 
dynamics perspective. In J. Baker & D. Farrow (Eds.), Routledge Handbook of Sport 
Expertise (pp. 130–144). Abingdon: Taylor & Francis. 

Davids, K., Araújo, D., & Shuttleworth, R. (2005). Applications of dynamical systems theory 
to football. Science and football V, 537-550. 

Davids, K., Button, C., Araujo, D., Renshaw, I., & Hristovski, R. (2006). Movement models 
from sports provide representative task constraints for studying adaptive behavior in 
human movement systems. Adaptive Behavior, 14(1), 73-95. 

Davids, K., Glazier, P., Araujo, D., & Bartlett, R. (2003). Movement systems as dynamical 
systems: The functional role of variability and its implications for sports medicine. 
Sports Medicine, 33(4), 245-260. 

Dellal, A., Hill-Haas, S., Lago-Penas, C., & Chamari, K. (2011). Small-sided games in 
soccer: amateur vs. professional players' physiological responses, physical, and 
technical activities. Journal of Strength and Conditioning Research, 25(9), 2371-2381. 



References 

 118 

Dellal, A., Owen, A., Wong, D. P., Krustrup, P., Van Exsel, M., & Mallo, J. (2012). 
Technical and physical demands of small vs. large sided games in relation to playing 
position in elite soccer. Human Movement Science, 31(4), 957-969. 

Di Salvo, V., Baron, R., Tschan, H., Calderon Montero, F. J., Bachl, N., & Pigozzi, F. (2007). 
Performance characteristics according to playing position in elite soccer. International 
Journal of Sports Medicine, 28(3), 222-227. 

Di Salvo, V., Collins, A., McNeill, B., & Cardinale, M. (2006). Validation of Prozone ®: A 
new video-based performance analysis system. International Journal of Performance 
Analysis in Sport, 6(1), 108-119. 

Dicks, M., Davids, K., & Button, C. (2009). Representative task designs for the study of 
perception and action in sport. International Journal of Sport Psychology, 40(4), 506-
524. 

Duarte, R., Araújo, D., Correia, V., & Davids, K. (2012a). Sports teams as superorganisms: 
Implications of sociobiological models of behaviour for research and practice in team 
sports performance analysis. Sports Medicine, 42(8), 633-642. 

Duarte, R., Araújo, D., Correia, V., Davids, K., Marques, P., & Richardson, M. (2013a). 
Competing together: Assessing the dynamics of team–team and player–team 
synchrony in professional association football. Human Movement Science, 32(4), 555-
566. 

Duarte, R., Araujo, D., Davids, K., Travassos, B., Gazimba, V., & Sampaio, J. (2012b). 
Interpersonal coordination tendencies shape 1-vs-1 sub-phase performance outcomes 
in youth soccer. Journal of Sports Sciences, 30(9), 871-877. 

Duarte, R., Araujo, D., Folgado, H., Esteves, P., Marques, P., & Davids, K. (2013b). 
Capturing complex, non-linear team behaviours during competitive football 
performance. Journal of Systems Science & Complexity, 26(1), 62-72. 

Duarte, R., Araujo, D., Freire, L., Folgado, H., Fernandes, O., & Davids, K. (2012c). Intra- 
and inter-group coordination patterns reveal collective behaviors of football players 
near the scoring zone. Human Movement Science, 31(6), 1639-1651. 

Duch, J., Waitzman, J. S., & Amaral, L. A. (2010). Quantifying the performance of individual 
players in a team activity. PloS One, 5(6), e10937. 

Duclos, Y., Burnet, H., Schmied, A., & Rossi-Durand, C. (2008). Approximate entropy of 
motoneuron firing patterns during a motor preparation task. Journal of Neuroscience 
Methods, 172(2), 231-235. 

Duffield, R., Reid, M., Baker, J., & Spratford, W. (2010). Accuracy and reliability of GPS 
devices for measurement of movement patterns in confined spaces for court-based 
sports. Journal of Science and Medicine in Sport, 13(5), 523-525. 

Eccles, D. (2010). The coordination of labour in sports teams. International Review of Sport 
and Exercise Psychology, 3(2), 154-170. 

Edwards, W. H. (2010). Motor Learning and Control: From Theory to Practice. Belmont, 
CA: Cengage Learning. 

Evans, B., Eys, M., & Wolf, S. (2013). Exploring the Nature of Interpersonal Influence in 
Elite Individual Sport Teams. Journal of Applied Sport Psychology, 25(4), 448-462. 

Evans, M. B., & Eys, M. A. (2015). Collective goals and shared tasks: Interdependence 
structure and perceptions of individual sport team environments. Scandinavian 
Journal of Medicine and Science in Sports, 25(1), e139-e148. 

Evans, M. B., Eys, M. A., & Bruner, M. W. (2012). Seeing the “we” in “me” sports: The need 
to consider individual sport team environments. Canadian Psychology/Psychologie 
canadienne, 53(4), 301-308. 



References 

 119 

Fernandes, O., Folgado, H., Duarte, R., & Malta, P. (2010). Validation of the tool for applied 
and contextual time-series observation. International Journal of Sport Psychology, 41, 
63-64. 

Fewell, J. H., Armbruster, D., Ingraham, J., Petersen, A., & Waters, J. S. (2012). Basketball 
Teams as Strategic Networks. PloS One, 7(11). 

Folgado, H., Duarte, R., Fernandes, O., & Sampaio, J. (2014a). Competing with Lower Level 
Opponents Decreases Intra-Team Movement Synchronization and Time-Motion 
Demands during Pre-Season Soccer Matches. PloS One, 9(5), e97145. 

Folgado, H., Duarte, R., Marques, P., & Sampaio, J. (2015). The effects of congested fixtures 
period on tactical and physical performance in elite football. Journal of Sports 
Sciences, 33(12), 1238-1247. 

Folgado, H., Lemmink, K. A., Frencken, W., & Sampaio, J. (2014b). Length, width and 
centroid distance as measures of teams tactical performance in youth football. 
European Journal of Sport Science, 14 Suppl 1, S487-492. 

Fonseca, S., Milho, J., Travassos, B., & Araujo, D. (2012). Spatial dynamics of team sports 
exposed by Voronoi diagrams. Human Movement Science. 

Fonseca, S., Milho, J., Travassos, B., Araujo, D., & Lopes, A. (2013). Measuring spatial 
interaction behavior in team sports using superimposed Voronoi diagrams. 
International Journal of Performance Analysis in Sport, 13(1), 179-189. 

Fradua, L., Zubillaga, A., Caro, Ó., Iván Fernández-García, Á., Ruiz-Ruiz, C., & Tenga, A. 
(2012). Designing small-sided games for training tactical aspects in soccer: 
Extrapolating pitch sizes from full-size professional matches. Journal of Sports 
Sciences, 31(6), 573-581. 

Freeman, L. C. (1978). Centrality in social networks conceptual clarification. Social 
Networks, 1(3), 215-239. 

Frencken, W., Lemmink, K., Delleman, N., & Visscher, C. (2011). Oscillations of centroid 
position and surface area of soccer teams in small-sided games. European Journal of 
Sport Science, 11(4), 215-223. 

Frencken, W., Poel, H., Visscher, C., & Lemmink, K. (2012). Variability of inter-team 
distances associated with match events in elite-standard soccer. Journal of Sports 
Sciences, 30(12), 1207-1213. 

Gama, J., Dias, G., Couceiro, M., Belli, R., Vaz, V., Ribeiro, J., & Figueiredo, A. (2016). 
Networks and Centroid Metrics for Understanding Football. South African Journal for 
Research in Sport Physical Education and Recreation, 38(2), 75-90. 

Gama, J., Passos, P., Davids, K., Relvas, H., Ribeiro, J., Vaz, V., & Dias, G. (2014). Network 
analysis and intra-team activity in attacking phases of professional football. 
International Journal of Performance Analysis in Sport, 14(3), 692-708. 

Gibson, J. (1979). The ecological approach to visual perception. Boston: Houghton Mifflin. 
Glazier, P. S. (2010). Game, set and match? Substantive issues and future directions in 

performance analysis. Sports Medicine, 40(8), 625-634. 
Gonçalves, B., Esteves, P., Folgado, H., Ric, A., Torrents, C., & Sampaio, J. (2017). Effects 

of Pitch Area-Restrictions on Tactical Behavior, Physical, and Physiological 
Performances in Soccer Large-Sided Games. Journal of Strength and Conditioning 
Research, 31(9), 2398-2408. 

Gonçalves, B., Marcelino, R., Torres-Ronda, L., Torrents, C., & Sampaio, J. (2016). Effects 
of emphasising opposition and cooperation on collective movement behaviour during 
football small-sided games. Journal of Sports Sciences, 34(14), 1346-1354. 



References 

 120 

Gonçalves, B. V., Figueira, B. E., Macãs, V., & Sampaio, J. (2014). Effect of player position 
on movement behaviour, physical and physiological performances during an 11-a-side 
football game. Journal of Sports Sciences, 32(2), 191-199. 

Grehaigne, J., & Godbout, P. (2013). Collective variables for analysing performance in team 
sports. In T. McGarry, P. O'Donoghue & J. Sampaio (Eds.), Routledge Handbook of 
Sports Performance Analysis: Taylor & Francis. 

Grehaigne, J. F., Bouthier, D., & David, B. (1997). Dynamic-system analysis of opponent 
relationships in collective actions in soccer. Journal of Sports Sciences, 15(2), 137-
149. 

Grund, T. (2012). Network structure and team performance: The case of English Premier 
League soccer teams. Social Networks, 34(4), 682-690. 

Grund, T. U. (2016). The Relational Value of Network Experience in Teams: Evidence From 
the English Premier League. American Behavioral Scientist, 60(10), 1260-1280. 

Gudmundsson, J., & Horton, M. (2017). Spatio-Temporal Analysis of Team Sports. Acm 
Computing Surveys, 50(2). 

Guner, R., Kunduracioglu, B., & Ulkar, B. (2006). Running velocities and heart rates at fixed 
blood lactate concentrations in young soccer players. Advances in Therapy, 23(3), 
395-403. 

Guner, R., Kunduracioglu, B., Ulkar, B., & Ergen, E. (2005). Running velocities and heart 
rates at fixed blood lactate concentrations in elite soccer players. Advances in Therapy, 
22(6), 613-620. 

Halouani, J., Chtourou, H., Gabbett, T., Chaouachi, A., & Chamari, K. (2014). Small-Sided 
Games in Team Sports Training: A Brief Review. Journal of Strength and 
Conditioning Research, 28(12), 3594-3618. 

Harbourne, R. T., & Stergiou, N. (2009). Movement Variability and the Use of Nonlinear 
Tools: Principles to Guide Physical Therapist Practice. Physical Therapy, 89(3), 267-
282. 

Headrick, J., Davids, K., Renshaw, I., Araujo, D., Passos, P., & Fernandes, O. (2012). 
Proximity-to-goal as a constraint on patterns of behaviour in attacker-defender dyads 
in team games. Journal of Sports Sciences, 30(3), 247-253. 

Hill-Haas, S., Dawson, B., Impellizzeri, F., & Coutts, A. (2011). Physiology of small-sided 
games training in football a systematic review. Sports Medicine, 41(3), 199-220. 

Hill-Haas, S., Rowsell, G., Coutts, A., & Dawson, B. (2008). The Reproducibility of 
Physiological Responses and Performance Profiles of Youth Soccer Players in Small-
Sided Games. International Journal of Sport Physiology and Performance, 3(3), 393-
396. 

Hopkins, W. G. (2007a). SPORTSCIENCE: A Spreadsheet for Deriving a Confidence 
Interval, Mechanistic Inference and Clinical Inference from a P Value. 2016, from 
http://www.sportsci.org/2007/wghinf.htm 

Hopkins, W. G. (2007b). SPORTSCIENCE: A Spreadsheet to Compare Means of Two 
Groups. 2016, from http://www.sportsci.org/2007/inbrief.htm - xcl2 

Hopkins, W. G., Marshall, S. W., Batterham, A. M., & Hanin, J. (2009). Progressive Statistics 
for Studies in Sports Medicine and Exercise Science. Medicine and Science in Sports 
and Exercise, 41(1), 3-12. 

Hristovski, R., Balagué, N., & Schöllhorn, W. (2013). Basic notions in the science of complex 
systems and nonlinear dynamics. In K. Davids, R. Hristovski, D. Araújo, N. l. B. 
Serre, C. Button & P. Passos (Eds.), Complex Systems in Sport (pp. 3-13). New York: 
Taylor & Francis. 

Hughes, M., & Franks, I. (2004). Notational Analysis of Sport (2nd ed.). London: Routledge. 



References 

 121 

Hughes, M., & Franks, I. (2007). The Essentials of Performance Analysis: An Introduction. 
London: Taylor & Francis. 

Jager, J. M., & Schollhorn, W. I. (2012). Identifying individuality and variability in team 
tactics by means of statistical shape analysis and multilayer perceptrons. Human 
Movement Science, 31(2), 303-317. 

Jennings, D., Cormack, S., Coutts, A. J., Boyd, L., & Aughey, R. J. (2010). The validity and 
reliability of GPS units for measuring distance in team sport specific running patterns. 
International Journal of Sports Physiology and Performance, 5(3), 328-341. 

Jeong, T. S., Reilly, T., Morton, J., Bae, S. W., & Drust, B. (2011). Quantification of the 
physiological loading of one week of "pre-season" and one week of "in-season" 
training in professional soccer players. Journal of Sports Sciences, 29(11), 1161-1166. 

Johnston, R. J., Watsford, M. L., Pine, M. J., Spurrs, R. W., Murphy, A. J., & Pruyn, E. C. 
(2012). The Validity and Reliability of 5-Hz Global Positioning System Units to 
Measure Team Sport Movement Demands. Journal of Strength and Conditioning 
Research, 26(3), 758-765. 

Kannekens, R., Elferink-Gemser, M. T., & Visscher, C. (2011). Positioning and deciding: key 
factors for talent development in soccer. Scandinavian Journal of Medicine and 
Science in Sports, 21(6), 846-852. 

Kerr, N. L., & Tindale, R. S. (2004). Group performance and decision making. Annual 
Review of Psychology, 55, 623-655. 

Kozlowski, S. W., & Bell, B. S. (2003). Work groups and teams in organizations. Handbook 
of psychology. 

Krustrup, P., Mohr, M., Ellingsgaard, H., & Bangsbo, J. (2005). Physical demands during an 
elite female soccer game: Importance of training status. Medicine and Science in 
Sports and Exercise, 37(7), 1242-1248. 

Krustrup, P., Mohr, M., Nybo, L., Jensen, J. M., Nielsen, J. J., & Bangsbo, J. (2006). The Yo-
Yo IR2 test: physiological response, reliability, and application to elite soccer. 
Medicine and Science in Sports and Exercise, 38(9), 1666-1673. 

Kurz, M. J., & Stergiou, N. (2004). Applied dynamic systems theory for the analysis of 
movement. In N. Stergiou (Ed.), In Innovative Analyses of Human Movement. : 
Human Kinetics: Champaign, Illinois. 

Lago, C., Casais, L., Dominguez, E., & Sampaio, J. (2010). The effects of situational 
variables on distance covered at various speeds in elite soccer. European Journal of 
Sport Science, 10(2), 103-109. 

Lago-Penas, C., Lago-Ballesteros, J., Dellal, A., & Gomez, M. (2010). Game-related statistics 
that discriminated winning, drawing and losing teams from the Spanish soccer league. 
Journal of Sports Science and Medicine, 9(2), 288-293. 

Lago-Penas, C., Lago-Ballesteros, J., & Rey, E. (2011). Differences in Performance 
Indicators between Winning and Losing Teams in the UEFA Champions League. 
Journal of Human Kinetics, 27, 137-148. 

Larsson, P. (2003). Global positioning system and sport-specific testing. Sports Medicine, 
33(15), 1093-1101. 

Leite, N. M., Leser, R., Gonçalves, B., Calleja-Gonzalez, J., Baca, A., & Sampaio, J. (2014). 
Effect of defensive pressure on movement behaviour during an under-18 basketball 
game. International Journal of Sports Medicine, 35(9), 743-748. 

Leser, R., Baca, A., & Ogris, G. (2011). Local Positioning Systems in (Game) Sports. 
Sensors, 11(10), 9778-9797. 



References 

 122 

Little, T., & Willlams, A. G. (2007). Measures of exercise intensity during soccer training 
drills with professional soccer players. Journal of Strength and Conditioning 
Research, 21(2), 367-371. 

Liu, H., Gomez, M. A., Gonçalves, B., & Sampaio, J. (2016). Technical performance and 
match-to-match variation in elite football teams. Journal of Sports Sciences, 34(6), 
509-518. 

López Peña, J., & Touchette, H. (2012). A network theory analysis of football strategies. 
Paper presented at the Sports Physics: Proc. 2012 Euromech Physics of Sports 
Conference, Palaiseau. http://arxiv.org/pdf/1206.6904v1.pdf 

Lusher, D., Robins, G., & Kremer, P. (2010). The Application of Social Network Analysis to 
Team Sports. Measurement in Physical Education and Exercise Science, 14(4), 211-
224. 

Magee, D., & Pers, J. (2009). Computer vision based analysis in sport environments. 
Computer Vision and Image Understanding, 113(5), 589-589. 

Makris, S., & Urgesi, C. (2014). Neural underpinnings of superior action prediction abilities 
in soccer players. Social Cognitive and Affective Neuroscience, 10(3), 342-351. 

Mandeljc, R., Kovacic, S., Kristan, M., & Pers, J. (2013). Tracking by Identification Using 
Computer Vision and Radio. Sensors, 13(1), 241-273. 

McGarry, T. (2009). Applied and theoretical perspectives of performance analysis in sport: 
Scientific issues and challenges. International Journal of Performance Analysis in 
Sport, 9(1), 128-140. 

McGarry, T., Anderson, D. I., Wallace, S. A., Hughes, M. D., & Franks, I. M. (2002). Sport 
competition as a dynamical self-organizing system. Journal of Sports Sciences, 
20(10), 771-781. 

Memmert, D., Lemmink, K. A. P. M., & Sampaio, J. (2016). Current Approaches to Tactical 
Performance Analyses in Soccer Using Position Data. Sports Medicine, 1-10. 

Mike, H., & Ian, F. (2005). Analysis of passing sequences, shots and goals in soccer. Journal 
of Sports Sciences, 23(5), 509-514. 

Mohr, M., Krustrup, P., & Bangsbo, J. (2003). Match performance of high-standard soccer 
players with special reference to development of fatigue. Journal of Sports Sciences, 
21(7), 519-528. 

Montgomery, P. G., Pyne, D. B., & Minahan, C. L. (2010). The physical and physiological 
demands of basketball training and competition. International Journal of Sports 
Physiology and Performance, 5(1), 75-86. 

Morin, A., Caussin, J. B., Eloy, C., & Bartolo, D. (2015). Collective motion with anticipation: 
Flocking, spinning, and swarming. Physical Review E, 91(1). 

Moura, F. A., Santana, J. E., Vieira, N. A., Santiago, P. R. P., & Cunha, S. A. (2015). 
Analysis of Soccer Players' Positional Variability During the 2012 UEFA European 
Championship: A Case Study. Journal of Human Kinetics, 47(1), 225-236. 

Needham, C. J., & Boyle, R. (2001). Tracking multiple sports players through occlusion, 
congestion and scale. Paper presented at the British Machine Vision, Manchester. UK. 

O'Donoghue, P. (2010). Research Methods for Sports Performance Analysis. London: 
Routledge. 

O'Donoghue, P. (2014). An Introduction to Performance Analysis of Sport: Routledge. 
Ogris, G., Leser, R., Horsak, B., Kornfeind, P., Heller, M., & Baca, A. (2012). Accuracy of 

the LPM tracking system considering dynamic position changes. Journal of Sports 
Sciences, 30(14), 1503-1511. 



References 

 123 

Orendurff, M. S., Walker, J. D., Jovanovic, M., Tulchin, K. L., Levy, M., & Hoffmann, D. K. 
(2010). Intensity and Duration of Intermittent Exercise and Recovery during a Soccer 
Match. Journal of Strength and Conditioning Research, 24(10), 2683-2692. 

Owen, A. L., Wong, D. P., McKenna, M., & Dellal, A. (2011). Heart Rate Responses and 
Technical Comparison between Small- Vs. Large-Sided Games in Elite Professional 
Soccer. Journal of Strength and Conditioning Research, 25(8), 2104-2110. 

Palut, Y., & Zanone, P. G. (2005). A dynamical analysis of tennis: Concepts and data. 
Journal of Sports Sciences, 23(10), 1021-1032. 

Passos, P., Araújo, D., & Davids, K. (2013). Self-Organization Processes in Field-Invasion 
Team Sports. Sports Medicine, 43(1), 1-7. 

Phillips, E., Davids, K., Renshaw, I., & Portus, M. (2010). Expert performance in sport and 
the dynamics of talent development. Sports Medicine, 40(4), 271-283. 

Pincus, S. M. (1991). Approximate entropy as a measure of system-complexity. Proceedings 
of the National Academy of Sciences of the United States of America, 88(6), 2297-
2301. 

Pincus, S. M., Gladstone, I. M., & Ehrenkranz, R. A. (1991). A Regularity Statistic for 
Medical Data-Analysis. Journal of Clinical Monitoring, 7(4), 335-345. 

Pincus, S. M., & Goldberger, A. L. (1994). Physiological Time-Series Analysis - What Does 
Regularity Quantify. American Journal of Physiology, 266(4), 1643-1656. 

Pinder, R. A., Davids, K., Renshaw, I., & Araujo, D. (2011). Representative Learning Design 
and Functionality of Research and Practice in Sport. Journal of Sport & Exercise 
Psychology, 33(1), 146-155. 

Ramos-Villagrasa, P. J., Navarro, J., & García-Izquierdo, A. L. (2012). Chaotic dynamics and 
team effectiveness: Evidence from professional basketball. European Journal of Work 
and Organizational Psychology, 21(5), 778-802. 

Rebelo, A., Brito, J., Seabra, A., Oliveira, J., Drust, B., & Krustrup, P. (2012). A new tool to 
measure training load in soccer training and match play. International Journal of 
Sports Medicine, 33(4), 297-304. 

Rein, R., & Memmert, D. (2016). Big data and tactical analysis in elite soccer: future 
challenges and opportunities for sports science. SpringerPlus, 5(1), 1410. 

Rein, R., Raabe, D., & Memmert, D. (2017). "Which pass is better?" Novel approaches to 
assess passing effectiveness in elite soccer. Hum Mov Sci, 55, 172-181. 

Ric, A., Hristovski, R., Goncalves, B., Torres, L., Sampaio, J., & Torrents, C. (2016a). 
Timescales for exploratory tactical behaviour in football small-sided games. Journal 
of Sports Sciences, 34(18), 1723-1730. 

Ric, A., Torrents, C., Gonçalves, B., Sampaio, J., & Hristovski, R. (2016b). Soft-assembled 
Multilevel Dynamics of Tactical Behaviors in Soccer. Frontiers in Psychology, 7, 
1513. 

Richman, J. S., & Moorman, J. R. (2000). Physiological time-series analysis using 
approximate entropy and sample entropy. American Journal of Physiology-Heart and 
Circulatory Physiology, 278(6), H2039-H2049. 

Saito, R., Smoot, M. E., Ono, K., Ruscheinski, J., Wang, P. L., Lotia, S., . . . Ideker, T. 
(2012). A travel guide to Cytoscape plugins. Nat Methods, 9(11), 1069-1076. 

Sampaio, J., Lago, C., Gonçalves, B., Maçãs, M., & Leite, N. (2014). Effects of pacing, status 
and unbalance in time motion variables, heart rate and tactical behaviour when playing 
5-a-side football small-sided games. Journal of Science and Medicine in Sport, 17(2), 
229-233. 

Sampaio, J., & Maçãs, V. (2012). Measuring tactical behaviour in football. International 
Journal of Sports Medicine, 33(5), 395-401. 



References 

 124 

Sampaio, J., McGarry, T., Calleja-Gonzalez, J., Saiz, S. J., del Alcazar, X. S. I., & Balciunas, 
M. (2015). Exploring Game Performance in the National Basketball Association 
Using Player Tracking Data. PloS One, 10(7). 

Sathyan, T., Shuttleworth, R., Hedley, M., & Davids, K. (2012). Validity and reliability of a 
radio positioning system for tracking athletes in indoor and outdoor team sports. 
Behavior Research Methods, 44(4), 1108-1114. 

Scardoni, G., Petterlini, M., & Laudanna, C. (2009). Analyzing biological network parameters 
with CentiScaPe. Bioinformatics, 25(21), 2857-2859. 

Seifert, L., Button, C., & Davids, K. (2013). Key properties of expert movement systems in 
sport : an ecological dynamics perspective. Sports Medicine, 43(3), 167-178. 

Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., . . . Ideker, T. 
(2003). Cytoscape: a software environment for integrated models of biomolecular 
interaction networks. Genome Research, 13(11), 2498-2504. 

Silva, P., Duarte, R., Esteves, P., Travassos, B., & Vilar, L. (2016). Application of entropy 
measures to analysis of performance in team sports International Journal of 
Performance Analysis in Sport, 16(2), 753-768. 

Silva, P., Ricardo, D., Jaime, S., Paulo, A., Keith, D., Duarte, A., & Júlio, G. (2014a). Field 
dimension and skill level constrain team tactical behaviours in small-sided and 
conditioned games in football. Journal of Sports Sciences, 32(20), 1888-1896. 

Silva, P., Travassos, B., Vilar, L., Aguiar, P., Davids, K., Araujo, D., & Garganta, J. (2014b). 
Numerical relations and skill level constrain co-adaptive behaviors of agents in sports 
teams. PloS One, 9(9), e107112. 

Sivarajah, U., Kamal, M. M., Irani, Z., & Weerakkody, V. (2017). Critical analysis of Big 
Data challenges and analytical methods. Journal of Business Research, 70, 263-286. 

Sporis, G., Jukic, I., Ostojic, S. M., & Milanovic, D. (2009). Fitness Profiling in Soccer: 
Physical and Physiologic Characteristics of Elite Players. Journal of Strength and 
Conditioning Research, 23(7), 1947-1953. 

Stagno, K. M., Thatcher, R., & Van Someren, K. A. (2007). A modified TRIMP to quantify 
the in-season training load of team sport players. Journal of Sports Sciences, 25(6), 
629-634. 

Stergiou, N. (2016). Nonlinear Analysis for Human Movement Variability: Taylor & Francis, 
Taylor & Francis, a CRC title, part of the Taylor & Francis imprint, a member of the 
Taylor & Francis Group, the academic division of T&F Informa plc. 

Stergiou, N., Buzzi, U., Kurz, M., & Heidel, J. (2004). Nonlinear tools in human movement. 
In N. Stergiou (Ed.), Innovative analyses of human movement (pp. 63-90): 
Champaign, IL , Human Kinetics. 

Stergiou, N., Yu, Y., & Kyvelidou, A. (2013). A perspective on human movement variability 
with applications in infancy motor development. Kinesiology Review, 2, 93-102. 

Sundqvist, P. (2010). Color dot plot, MATLAB Central File Exchange.   Retrieved 2016, 
from http://blogs.mathworks.com/community/2010/12/13/citing-file-exchange-
submissions/ 

Tan, C. W. K., Chow, J. Y., & Davids, K. (2012). 'How does TGfU work?': examining the 
relationship between learning design in TGfU and a nonlinear pedagogy. Physical 
Education and Sport Pedagogy, 17(4), 331-348. 

Tomeo, E., Cesari, P., Aglioti, S. M., & Urgesi, C. (2013). Fooling the kickers but not the 
goalkeepers: behavioral and neurophysiological correlates of fake action detection in 
soccer. Cerebral Cortex, 23(11), 2765-2778. 

Torres-Ronda, L., Gonçalves, B., Marcelino, R., Torrents, C., Vicente, E., & Sampaio, J. 
(2015). Heart Rate, Time-Motion, and Body Impacts When Changing the Number of 



References 

 125 

Teammates and Opponents in Soccer Small-Sided Games. Journal of Strength and 
Conditioning Research, 29(10), 2723-2730. 

Travassos, B., Araújo, D., Davids, K., O'Hara, K., Leitão, J., & Cortinhas, A. (2013a). 
Expertise effects on decision-making in sport are constrained by requisite response 
behaviours – A meta-analysis. Psychology of Sport and Exercise, 14(2), 211-219. 

Travassos, B., Araujo, D., Davids, K., Vilar, L., Esteves, P., & Vanda, C. (2012a). 
Informational constraints shape emergent functional behaviours during performance of 
interceptive actions in team sports. Psychology of Sport and Exercise, 13(2), 216-223. 

Travassos, B., Davids, K., Araújo, D., & Esteves, P. (2013b). Performance analysis in team 
sports: Advances from an Ecological Dynamics approach. International Journal of 
Performance Analysis in Sport, 13(1), 83-95. 

Travassos, B., Duarte, R., Vilar, L., Davids, K., & Araújo, D. (2012b). Practice task design in 
team sports: Representativeness enhanced by increasing opportunities for action. 
Journal of Sports Sciences, 30(13), 1447-1454. 

Travassos, B., Gonçalves, B., Marcelino, R., Monteiro, R., & Sampaio, J. (2014a). How 
perceiving additional targets modifies teams' tactical behavior during football small-
sided games. Human Movement Science, 38, 241-250. 

Travassos, B., Vilar, L., Araújo, D., & McGarry, T. (2014b). Tactical performance changes 
with equal vs unequal numbers of players in small-sided football games. International 
Journal of Performance Analysis in Sport, 13(22), 594-605. 

Unnithan, V., White, J., Georgiou, A., Iga, J., & Drust, B. (2012). Talent identification in 
youth soccer. Journal of Sports Sciences, 30(15), 1719-1726. 

Varley, M. C., Fairweather, I. H., & Aughey, R. J. (2012). Validity and reliability of GPS for 
measuring instantaneous velocity during acceleration, deceleration, and constant 
motion. Journal of Sports Sciences, 30(2), 121-127. 

Vicsek, T., & Zafeiris, A. (2012). Collective motion. Physics Reports, 517(3–4), 71-140. 
Vilar, L., Araujo, D., Davids, K., & Bar-Yam, Y. (2013). Science of winning soccer: 

Emergent pattern-forming dynamics in association football. Journal of Systems 
Science & Complexity, 26(1), 73-84. 

Vilar, L., Araújo, D., Davids, K., & Button, C. (2012a). The role of ecological dynamics in 
analysing performance in team sports. Sports Medicine, 42(1), 1-10. 

Vilar, L., Araújo, D., Davids, K., Travassos, B., Duarte, R., & Parreira, J. (2012b). 
Interpersonal coordination tendencies supporting the creation/prevention of goal 
scoring opportunities in futsal. European Journal of Sport Science, 14(1), 1-8. 

Vilar, L., Esteves, P. T., Travassos, B., Passos, P., Lago-Penas, C., & Davids, K. (2014). 
Varying Numbers of Players in Small-Sided Soccer Games Modifies Action 
Opportunities During Training. International Journal of Sports Science & Coaching, 
9(5), 1007-1018. 

Wade, A. (1997). Positional play: Midfield: Reedswain Inc, Spring City, PA. 
Waldron, M., Worsfold, P., Twist, C., & Lamb, K. (2011). Concurrent validity and test-retest 

reliability of a global positioning system (GPS) and timing gates to assess sprint 
performance variables. Journal of Sports Sciences, 29(15), 1613-1619. 

Warren, W. H. (2006). The dynamics of perception and action. Psychological Review, 113(2), 
358-389. 

Yamamoto, Y., & Yokoyama, K. (2011). Common and Unique Network Dynamics in 
Football Games. PloS One, 6(12). 

Yentes, J. M., Hunt, N., Schmid, K. K., Kaipust, J. P., McGrath, D., & Stergiou, N. (2013). 
The appropriate use of approximate entropy and sample entropy with short data sets. 
Annals of Biomedical Engineering, 41(2), 349-365. 


