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ABSTRACT
Purpose: The goal of this study was to clarify the defensive structures 
that play a decisive role in the game of Rugby football, which is a 
competitive team sport. Method: The study used data from games 
played under the Rugby Union code, and particularly on turnovers 
made during defensive plays in the 2015 Rugby World Cup. Social 
network centrality analysis was applied to analyse organisational 
strategies. A correspondence analysis performed using centering 
resonance techniques was shown to deepen our understanding of 
relationship structures in network mapping, while the application 
of network analysis was able to improve the description of complex 
passages of play. Result: Eigenvector centrality would reflect the 
specific network structures of one’s neighbour vertexes. It also reflects 
the centrality of all other vertexes that can be further reached from 
directly involved ones. Team sports rely on cooperation between 
teammates. The applications of network analysis would be one 
viewpoint of representing a society in which decision-making 
behaviours are taken on the basis of human relationships.

1. Introduction

The current study focuses on the indices for judging rugby-playing abilities. Rugby games 
involve continuous interplay through running, physical contact, ball handling and kicks. 
Rugby also features the largest number of participating players among all team sports as well 
as organisational offensive and defensive moves. Recent changes in the rules have made the 
game more active, and the establishment of numerous new international leagues following 
the 1987 Rugby World Cup games has increased opportunities for media exposure (Slater, 
2015). For example, these changes include the rule changes in 2009 that gave an advantage 
to the attacking side by increasing the limitations placed on defenders when making tackles. 
These changes simultaneously resulted in increased defence abilities. We focused on how 
organisational defence abilities that aim to regain the offense, e.g. turnover play, impact the 
result of a game (Sasaki, Murakami, & Shimozono, 2005).
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Moreover, the present study reveals the structure of social networks through rugby. When 
investigating networks, the observations are made from various viewpoints, for instance, 
those based on means of communication and transportation, physical connection (e.g. 
neural networks) and social or cognitive links such as interpersonal relationships, business 
transactions and the food chain. From a broad perspective, networks can be viewed as 
integrative structures of society or lifeforms. Additionally, the cooperation that links struc-
tural entities is always dynamic. Thus, a different collaborative format indicates different 
characteristics of an entity. By studying these collaborative structures, we may be able to 
discover possibilities of new survival abilities in a society.

Network analysis is a type of graph theory that has been developed in the field of com-
munication network studies (Sasaki, Komatsu et al., 2013; Sasaki, Yamamoto, Murakami, 
& Ueno, 2013). A network has a structure comprising of vertexes and edges. Additionally, 
if there is a relationship that arises between vertexes, an edge line is drawn. Some typical 
network studies were flourished in the period from 1960 to 1970. The first was the “small 
world phenomenon” which was based on the hypothesis that we are all connected to some-
body in the world through several acquaintances. This is associated with the theory of “6 
degrees of separation”. The second was “the strength of weak ties” which was also known as 
the hypothesis where relatively weaker social ties are more important for individual devel-
opment, e.g. searching for a job, over very strong ties, as exemplified by a nuclear family. The 
third was “scale-free network” based on mathematical developing models associated with 
networks where some specific small portion of people are connected to many vertexes and 
the remaining majority are only connected to a few vertexes. In addition, the specification 
of “cluster community” or “sub-group network” was also developed. Sociological approaches 
such as these are widely utilised for the construction of predictive models for big data anal-
ysis in the field of information technology and for cerebral functions in biology (Junker & 
Schreiber, 2008; Sanz-Leon, Knock, Spiegler, & Jirsa, 2015; Suzuki, 2009).

The development of these methodologies is also linked to the expansion of social- or natu-
ral-science approaches used in the realm of sport sciences. Within social-science approaches, 
there exist social psychological debates on how sports assist the development of cooperation 
values within a society (Sasaki, Komatsu et al., 2013; Sasaki, Yamamoto, Ueno, Katsuta, & 
Kono, 2015). In addition, studies on political and economic issues, e.g. what types of support 
systems construct sports, have been conducted (Newell, 2016). Natural-science approaches 
include discussions on the causes of sports injuries (Pereira et al., 2015). Furthermore, the 
direct relationship between network structures and performance in team sports is also 
discussed (Duch, Waitzman, & Amaral, 2010; Passos et al., 2010; Yamamoto & Yokoyama, 
2011), which involves strategic and tactical decision-making in a competitive situation.

What should be the points of focus within a network? There exist important hub func-
tions, sub-group communities and individuals filling central roles within a network. In 
addition, the most important role of network analysis would be to reveal the decisive and 
pragmatic relational structures required to obtain specific goals among numerous network 
structures as well as to identify individuals who are fulfilling the principal roles. This could 
be discussed from the perspective of network centrality (Shalley & Perry-Smith, 2008; Zuo 
et al., 2011). Network centrality clarifies an organisation’s essential decision-making and 
strategic functions. It would help us understand the driving force of the network.
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2. Methods

In this study, we include tackles involving multiple players and turnovers, which are 
manoeuvres to steal the ball. We count the tackles in all phases which are starting from 
the beginning of the opponent’s offense to the end as a whole contribution to one defence 
turnover facet. Although network research into team sports has focused on the player–
ball–player relationship through activities such as soccer and water-polo passing (Duch 
et al., 2010; Passos et al., 2010; Yamamoto & Yokoyama, 2011), only a few studies have 
investigated cooperation through direct physical contact, e.g. tackling in rugby (Sasaki, 
Yamamoto et al., 2013). We calculate the number of times tackling per position in a game 
which contributes to defence turnover performance to stop the offensive activities. The 
purpose of this study is to explain this centrality, i.e. the leadership within team play. As 
this approach is an act of defence, it is also deeply linked to acts of inherent offense because 
it creates an opportunity for their own offense by blocking the opponent’s offense rights 
(Fuller, Brooks, Cancea, Hall, & Kemp, 2007; Greenwood, 2003).

Whenever a multiplayer defence act is executed, a singular network is created. In this 
study, the vertexes represented the positions of the players, and an edge represented coop-
eration between teammates in the course of a match, when a tackle involving more than 
two players led to a turnover in play. An edge line is weighed by the number of repetitive 
cooperative actions. Network analysis presents a descriptive index of the graph structure 
and statistics which identify those multiplayer turnovers in which position played a central 
role. Furthermore, we include turnover in scrums and lineouts, which are specific to rugby 
team offense/defence schemes, as a focus of our analysis. Scrums comprise eight players 
of each team fighting for the ball while holding each other and lineouts comprise two or 
more players within the team fighting for the ball that is thrown in from outside the pitch, 
respectively. Turnover in these sequences is treated as an act of network defence.

The subjects of analysis were 20 high-ranked games in the 2015 Rugby World Cup, 
i.e. matches among the top three teams of four 4 pools (12 games), the quarter finals (4 
games), the semi-finals (2 games), the third-place match (1 game) and the final match (1 
game). These top-ranked rugby teams are automatically awarded the right to play in the 
next World Cup. The average score difference of these games was 15.6 points, while that of 
the other games was 22.0 points. In past research as well 20 points are regarded as a branch 
point of close battle (Sasaki et al., 2005). In the rugby game, the total of 3 trials and 3 goals 
results in 21 points, which might be difficult to reverse. To understand the structure of posi-
tional relations, turnover frequencies were plotted in the adjacent matrix. Density centrality 
was calculated by the frequency of turnovers and eigenvector centrality by the intimacy 
relationship within cooperative positional plays. Centrality is a major focus in social net-
work analysis, as it shows which individuals occupy critical positions in the network. We 
used eigenvector (CeV) centrality, which is directly dependent on the centrality values of 
connected neighbours. If these neighbours have a high centrality value, the vertex under 
consideration is expected to have a high centrality (Junker & Schreiber, 2008). For a given 
graph G: = (V, E) with |V| vertices and |E| edges, let (A = a

v,t
) be the adjacency matrix, i.e. 

a
v,t

= 1 if vertex v is linked to vertex t, and the value increases depending on the number of 
connections, a

v,t
= 0 if there are no connections between the vertices. � is a scalar.

CeV (i) =
1

�

n∑

j=1

aijCeV

(
j
)
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The current study introduced two novel network analysis considerations. First, when plot-
ting the graph, we took account not only of tackles that led to a turnover, but also of scrums 
and lineouts that had the same effect. Scrums and lineouts are a long-standing feature of 
the Rugby Union code, and often play a crucial role in the outcome of a match. We also 
applied a novel statistical approach to identify and interpret differences and similarities in 
the network centrality of the teams. Network graph analysis can identify differences and 
similarities between graphs. Correspondence analysis, which applies a technique known 
as a centering resonance analysis to the graphs, was used to clarify these differences and 
similarities, and to compare the level of network centrality.

3. Results

Individual turnover, network and centrality (performance) are integrated at the team level.
�A （“A” team performance）
< 𝜌A >

n
≡ 1∕n

∑n

i=1 𝜌A
1

where 𝜌A
1
> 𝜌A

2
….

We then calculated the inter-team performance.
𝛿
n
≡ |𝜌A >

n
− < 𝜌B >

n
|

We hypothesised these to be the indices of victory. To validate this hypothesis, we cat-
egorised these indices into team performance that resulted in actual match victories or 
losses; this helped us determine the distribution of conditional probabilities of the results.

P(δn |outcome)
Here, the outcomes are ∈ {“Win”, “Loss”}. Figure 1 shows the cumulative distribution of 

δ2 for these two outcomes. Figure 1 shows that teams with higher δ2 evidently contributed 
to victories.

We set the following to assess the significance of the results.
Δoutcome1,outcome2

n
≡ � ∞

0
d�

n
�
n
(P(�

n
|outcome

1
) − P(�

n
|outcome

2
))

We used the Monte Carlo methods with bootstrap hypothesis testing to assess 
Δoutcome1,outcome2

2
 (Wan, 2011). We pooled the values of δ2 from the top 20 matches in the 

2015 Rugby World Cup, and drew surrogate random samples from the pooled data, with 

AC
eV

= �C
eV

Figure 1. cumulative distribution of δ2 for matches where the team with highest performance wins or loss.

D
ow

nl
oa

de
d 

by
 [

N
ag

oy
a 

U
ni

ve
rs

ity
] 

at
 0

0:
06

 2
1 

N
ov

em
be

r 
20

17
 



INTERNATIONAL JOURNAL OF PERFORMANCE ANALYSIS IN SPORT   5

replacement. “Win” and “Loss” samples were drawn with 15 and 5 data points, respectively. 
The difference in means of the two surrogate samples was then determined. This procedure 
was repeated 50,000 times to determine the significance of the observed ΔWin,Loss

2
. A strongly 

significant difference in mean δ2 was found between the “Win” and “Loss” outcomes (boot-
strapping p value < .01).

The value δ2 is possibly valid as an objective index of performance. Furthermore, to test 
the precision of sensitivity and specificity of δ2, we analysed the area under the curve (AUC) 
of the receiver–operator curve (ROC) (Akobeng, 2007). In relation to all the varying values 
of δ2 that are quantified values of turnover network centrality, we calculated the fraction in 
the “win” and “loss” groups. The closer the value of AUC was to 1, the higher the sensitivity 
and specifity, i.e. accuracy (Figure 2). An AUC of .973 (n = 6: Red line in Figure 2) was found, 
much larger than the values expected by chance at the 90% confidence interval (gray area) 
in the range .244 (n = 15) to .879 (n = 11). When δ2 ＞ .65, the odds on the team with the 
superior performance winning the match were 6.5:1 (13 wins and 2 losses).

We followed Duch’s approach (2010) for the above. However, the index we used was not 
betweenness centrality but the eigenvector centrality, which reflected the vertex centrality 
even more strongly. The originality of our research lies in the fact that we developed a 
method that further compares centrality among organisations. The map shown in Figure 3 
was derived using the Fruchterman–Reingold algorithm, which is a force-directed layout 
algorithm (Fruchterman & Reingold, 1991). Centralisation of the turnover network was 
matched against the positions of the contributing players. The goal was to position the 
vertices of the graph in a two- or three-dimensional space so that all edges were of approx-
imately equal length and the number of crossing edges was minimised (Eades, 1984; Inoue, 
Shimozono, Yoshida, & Kurata, 2012; Kamada & Kawai, 1989). A force-directed algorithm 
achieves this by assigning forces to the set of vertexes and the set of edges. The forces applied 
to the vertices pull them closer together or push them further apart. In the current study, 
this was iterated until the system reached an equilibrium state. The results showed that some 
contributors were mapped centrally in the graph, based on their playing position. Figure 3  

Figure 2. sensitivity and specificity of the turnover network centrality.
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6   K. SASAKI ET AL.

compares the five teams that won the most matches (A) and the five teams that won the 
fewest matches (B). The former has higher degrees of accumulation, whereas the latter can 
be debated to be more widely distributed. The fact that the former has player positions “2”, 
“6”, “7” and “12” in the central positions is approximately in agreement with the results of 
a previous research (Sasaki, Komatsu et al., 2013).

Moreover, we show the defence centrality of the top four teams in Figure 4. Here, we do 
not specify affiliated unions or ranks to protect individual information and have therefore 
randomly referred to them as A, B, C and D (Figure 4). We can see the characteristics of 
the players with high respective turnover network centrality (A => “2”, “5”, “7”, “10”, “13”; 
B => “5”, “6”, “7”, “8”; C => “3”, “5”, “6”, “10”; D => “2”, “5”, “10”, “13”). These values are also 
effective for analysing the team’s defence strategies and tactics.

In addition, we conducted a correspondence analysis for a detailed view of inter-team 
differences (Suzuki, 2009). Based on this, we could develop a relative comparison of the 
vertexes that were common between the multiple networks. In addition to the character-
istics within the teams that we mentioned previously, this analysis allowed us to grasp the 
differences and similarities within a specific group. To maximise the relationship between 
row and column items, correspondence analysis sorts both the rows and columns to identify 
the relationships between them. In the axial contribution ratio, the accumulated ratio on 
the third axis was 100% (48.85, 26.62, 24.53, 0%), suggesting that the data were adequately 
represented. This allows us to view the characteristics that were not observed previously, 
for example, A => “Lineout”; B => “14”; C => “1”, “3”; and D => “Scrum” (Figure 5).

4. Discussion

Eigenvector centrality reflects what network structure the adjacent vertex has. It also reflects 
the centrality of all other vertexes that can be further reached from directly involved vertexes. 
The result of cumulative distributions of the network centrality clarified that the highest 
defence turnover performance would contribute to the winning a game (Figure 1). From 
Figure 1, the difference in the δ2 data which means the defence turnover centrality expanded 
clearly the difference between the winning sides and the losing sides. This kind of centrality 
metric approach might be generalised to any team activity where the final outcome is a result 
of the complex pattern of interactions among participants (Duch et al., 2010).

Figure 3. the turnover network centrality of rWc2015 top winning 5 teams (a) and last 5 teams (B).
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Figure 4. the turnover network centrality of rWc2015 top 4 teams.

Figure 5. correspondence analysis among the top 4 unions in rugby World cup by the multi-men tackle 
turnover contributor’s mapping.
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8   K. SASAKI ET AL.

In the Figure 2 of AUG analysis, as the graph line approaches in the upper left direction, 
the AUG area increases (the maximum value is 1). The value of showing the phenomenon 
that the sensitivity of the win side increases and the specificity of the loss side decreases 
was the most pronounced in the six players. Discussion of sensitivity and specificity is the 
key to ROC analysis (Metcalf, Tate, & Graham, 2017). This fact shows improvement in the 
reliability of the graph. In this study, it was shown that if the index value is .65 or more 
(the right side of the gray broken line in Figure 1), the outcome of the victory/defeat can 
be sufficiently predicted. The comparison of the 2015 Rugby World Cup top four teams’ 
graphs elucidated not only intra-group characteristics but also the differences or similarities 
between groups (Figure 5). Correspondence analysis has been frequently used in biology 
field (Yuan et al., 2017). Organisations continuously change survival functions according 
to various environments.

From the correspondence analysis, another point that warrants our focus is the role of 
the decision-making position “10, flyhalf ” as a common requirement. This is shown by the 
fact that it is positioned almost centrally to Figure 5. Player “10, flyhalf ” is also located at 
the spatial centre of the field. To penetrate this defence, the central position must be broken; 
this would cause major damage to the team. If this position, which primarily fulfils the 
central offensive role, is required to provide work on defence as well, then the physical and 
psychological stress on that player is enormous and may even be strenuous on the team 
tactics and strategy. These observations of network centrality are useful as a resource for 
debating these position characteristics. The importance of defence with multiple players 
and the flyhalf position is also stated at the high-level coaching site (…… It is essential that 
the tackler and the first supporting defender know their roles, responsibilities and the Laws. 
The tackler must track ……(a)……; (b)……; and (c)……. The first supporting player must 
know ……(p2). …… attacking teams often attack the “seam” of the defence (the space inside 
the fly-half) ……(p3)) (Westgate: RFU Level V Elite Coach, Westgate, 2007).

Scientists have recently made great strides in understanding social relationship using 
longitudinal studies to pursue a robust, generalisable and precisely measured result of 
behavioural mechanism (Aral & Nicolaides, 2017). Network centrality study would not 
only include current inner- or inter-group comparisons of teams of different types but 
also explore how central vertexes change over time by analysing a network that changes 
temporally. Furthermore, comparing the performances of teams on the pitch space allows 
us to review the spatial characteristics and anticipate some of the strategy and tactics. The 
quantification of network centrality within a team or between teams visibly provides a per-
spective for the objective assessment of each player’s mechanism of contribution. We can 
also expect these approaches to be useful applications for assessing the structure or rules 
of the game or the basic tactics and strategies used in gameplay.

Team sports rely on cooperation between teammates. The applications of network anal-
ysis are unlimited from the viewpoint of representing a society in which decision-making 
behaviours are taken on the basis of human relationships. Tackle cooperation would be a 
factor contributing to win as a body dedication and cooperative network indicator. It embod-
ies the play built with a more direct body-bond-work than ball-passing-work. Although 
the past researches were mainly descripted of the network within a team (Duch et al., 2010; 
Passos, Davis, Araujo, Paz, Minguns, & Mendes, 2010; Yamamoto & Yokoyama, 2011), this 
research approach may have a possibility of relative comparison of which position is exe-
cuting the play leadership among the top teams. It might be a frame that finds a robust and 
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INTERNATIONAL JOURNAL OF PERFORMANCE ANALYSIS IN SPORT   9

flexible survival capability in the society of competitive space deployed with intense body 
contact battle. Multi-men tackle phase instantly judging and collaborating at a distance very 
close to the opponent has a real pleasure, and evaluating such a play would be an indicator 
of the fundamental character of the physical and real game.
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