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Abstract
The study of teammates’ interaction on team sports has been growing in the last few years. Nevertheless, no specific
software has been developed so far to do this in a user-friendly manner. Therefore, the aim of this study was to intro-
duce a software called the Performance Analysis Tool that allows the user to quickly record the teammates’ interaction
and automatically generate the outputs in adjacency matrices that can then be imported by social network analysis soft-
ware such as SocNetV. Moreover, it was also the aim of this study to process the data in a real-life scenario, thus the
seven matches of the German national soccer team in the FIFA World Cup 2014 were used to test the software and
then compute the network metrics. A dataset of 3032 passes between teammates in seven soccer matches was gener-
ated with the Performance Analysis Tool software, which permitted a study of the network structure. The analysis of
variance of centrality metrics between different tactical positions was made. The two-way multivariate analysis of var-
iance revealed that the strategic position (g =1:305; F = 24.394; p = 0.001; h2

p =0:652; large effect size) had significant
main effects on the centrality measures. No statistical differences were found in the phase of competition (g =0:003;
F = 0.097; p = 0.907; h2

p =0:003; very small effect size). The network approach revealed that the German national soccer
team based their attacking process on positional attacks and not in counter-attack, and the midfielders were the promi-
nent players followed by the central defenders. The Performance Analysis Tool software allowed the user to quickly
identify the teammates’ interactions and extract the network data for process and analysis.
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Introduction

The dynamic nature of team sports leads to a
cooperation–opposition relationship.1 For this reason,
analysis of both relationships is truly relevant to
increase the possibility of overcoming the opponent,
exploring their weaknesses and avoiding their
strengths.2 This process of analysis is usually defined in
the sports field as match analysis.3 In recent decades, a
set of alternatives have been proposed to process the
match analysis and to augment the coaches’ percep-
tions about the individual and collective performance
of the players.4

The most common analysis used worldwide is tradi-
tional notational analysis based on an observational
process.3,5 This kind of process uses the codification
approach to classify individual actions or collective
behaviors of players and then extract the statistical

data.6–8 Such analysis depends on a human operator to
perform the observation and to codify, thus in some
cases this takes long periods of time.9 Despite the time
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4Delegacxão da Covilhã, Instituto de Telecomunicacxões, Coimbra, Portugal
5University of Beira Interior, Covilhã, Portugal
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taken, the process is relatively user-friendly and over
the years different software tools have been created to
do this, such as Prozone-Amisco, Noldus,
LongoMatch,10 FutSat11 or SoccerEye.12 In the last
decade, the advance of technological instruments (mul-
tiple camera systems, Global Positioning System
(GPS), or electronic transmitting devices (ETDs)) has
provided some new alternatives for the match analysis
process. Multiple cameras (automatic video tracking
(AVT)) may track the players’ trajectories (motion
analysis) and moreover identify individual actions and
collective behavior of team players (notational analy-
sis).10 There are some commercial systems that employ
such technology in the field of football: (1) ProZone-
Amisco (http://www.prozonesports.com), (2) Chukyo
University (not-commercial), (3) Hiroshima College of
Sciences (not-commercial), (4) Datatrax (http://
www.datatrax.com), (5) Tracab (http://www.tracab.he
gogroup.com) and (6) University of Campinas (not-
commercial). GPS may track the players’ trajectories
(time–motion analysis) but does not provide individual
and collective information about the technical and tac-
tical performance of players.13 The companies that
have employed such technology are as follows: (1)
Catapult-GPSport (http://www.catapultsports.com)
and (2) STATSports Viper Pod (http://www.statsports.ie).
Finally, ETDs that can also track the players’ trajec-
tories but not codify individual actions and collective
behaviors.14 The companies that have employed such
technology are as follows: (1) InMotio Object Tracking
BV (http://www.inmotio.eu), (2) Citech Holdings Pty
Ltd (http://www.citechholdings.com) and (3) Viper
Live Streaming (http://www.statsports.ie). The systems
that collect the two-dimensional and three-dimensional
coordinates and track the players’ trajectories (AVT,
GPS, ETD) make time–motion analysis possible.15

Such analysis gives information about the distance cov-
ered, the speed, the time spent in a specific intensity of
running speed, the distance covered in a specific inten-
sity of running speed, acceleration, deceleration and
changes in direction.2 Such information gives coaches
and analysts the global picture about the physical
demands of each tactical position, as well as the specific
fitness level of players during the match and training
sessions. Moreover, it is now possible to measure team-
mates’ cooperation and synchronization and to classify
patterns of play and organizational dynamics.16

Computational metrics such as wCentroid,17wStretch
Index,18 Sectorial Lines,19 Territorial Domain,20

Attacking Definition Zone21 and Defensive Play Area4

were developed in the last 5 years.
Finally, the study of the social network process in

team sports such as the match analysis approach has
been adopted by the scientific community.22,23 One of
the first studies in team sports was made in the basket-
ball context to identify the structure of cooperation
among French players.24 Then in the football context,

social network analysis was used to classify the promi-
nent player in the UEFA Cup 2008 and to associate
the network output with the coaches’ opinions.22

Lately, in the FIFA World Cup 2010, social network
analysis was used to identify prominent players in the
finals and the results were similar; Xavi (a midfielder in
the Spanish Team) had the highest centrality val-
ues.25,26 Using a general approach to study network in
football, it was found that greater values of density and
smaller values of heterogeneity led to the best perfor-
mance in the Premier Football League.23 Lately, the
centrality metrics of network have been used to identify
the patterns of play of teams, identifying the players
who had a major participation in building attacks and
the players who are more involved.27,28

Despite this massive evolution in team sports analy-
sis, no specific software to analyze the teammates’
cooperation (one of the main points of analysis) from a
network point of view has been developed so far. In
fact, there is a general software to compute the social
network metrics such as SocNetV, AllegroGraph,
Automap, EgoNet, Gephi, GraphStream or
NetworkKit. Nevertheless, such software is not specific
for sports and needs adjacency matrices that come from
teammates’ analysis calculated using regular software
(such as Excel) or engineering software (MATLAB).
Thus, the sports community needs a specific user-
friendly software tool that automatically exports the
adjacency matrices, reducing the time spent in data
processing and making the observational process easier
for sports operators.

Therefore, the aim of this study was to introduce the
new Performance Analysis Tool (PATO) and describe
its possibilities for the scientific community in sports
analysis. Moreover, and in order to prove its accuracy,
PATO was used in the analysis of the German national
soccer team during the FIFA World Cup 2014 matches
and the outcomes will be shown in this study. The
network metrics will be used to classify the
prominent players and to analyze the variance between
teammates.

Methods

Sample

Seven matches of the German national soccer team in
the FIFA World Cup 2014 were used to test the soft-
ware and then compute the network metrics. A dataset
of 3032 passes between teammates in seven soccer
matches enabled a study of network structure.
Generally, without PATO and using a simple Excel
sheet procedure, it takes around 3 h to calculate adja-
cency matrices for each match. Using the PATO soft-
ware, it was possible to reduce the time for the whole
of the match (90min). Nevertheless, it also allows adja-
cency matrices to be calculated at any time of the
game.
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Procedures to analyze the teammates’ interactions. To pro-
cess the network analysis in team sports, the first task is
to codify the players. In the specific case of football, the
positional roles of players can be codified from 1 to 11.
The codification allows observers to reduce the time
taken to identify the players using the software and to
also make the characterization of each positional role.
In the present case study, only tactical positions were
considered. Thus, when a player was substituted by the
other, the only criterion of adjusting it was to follow
the codification for each tactical position. In some other
cases (like to track the specific players), the codification
may change to avoid error of detection. Moreover, the
system allows to build the sum adjacency matrix in any
time, thus would be recommended to save the adjacency
matrix and after substitution to reset the PATO in
order to continue the new matrix with the new values of
the player who enters in the match.

Once a code has been attributed to each player, the
next task is to clearly identify the linkage parameter
that connects the players. In the specific case of team
sports, such indicators have been the passes.29

Nevertheless, there are other possibilities such as defen-
sive marking or the momentary positional changes
between teammates.30 In our specific study, the linkage
indicator was the pass.

In order to build a proper observation, each unit of
attack generated an adjacency matrix. The unit of

attack can be defined as the passing sequence of one
team without interruption of opponents.27 In that
sense, when a team loses the ball, the unit of attack
ends. An interception that did not influence the pass
was not considered a ball lost and then the unit of
attack goes on. Thus, a unit of attack begins when the
team recovers the ball and makes at least one pass to a
teammate. Then, the unit of attack ends when the team
loses the ball by an opponent interception, ball out of
play, or game interruption. After recording the passing
sequence, an adjacency matrix is built. This matrix rep-
resents the connections between a node (player) and an
adjacency node (teammates).29 In the adjacency matrix,
the pass between members is codified by 1 or more in
the case of more passes in the same direction (such as
Player 3 to Player 4) and 0 for no passes between team-
mates. It is important to note that Player A passing to
Player B is not the same as Player B passing to Player
A. For this reason, this is classified as a directed graph
(digraph). If the direction is not a criteria (like a con-
nection between A and B), the graph is considered
undirected. In our case, the direction is relevant and the
number of passes led to a weighted digraph. Generally,
the adjacency matrices are not symmetric. We provide
an example of the overall process in Figure 1.

Given that in the case of football the passes have
directions, this can be classified as weighted directed
graphs. For this reason, the links have specific weights

Figure 1. Observational steps on network analysis: (1) codifying the players by the strategic positions, (2) passing sequence of unit
of attack and (3) adjacency matrix of the unit of attack.
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based on the number of passes. An example can be
observed in Figure 2.

For the specific case of this study, a unique
researcher with more than 5 years of experience carried
out the observational process and codification. The
researcher was previously trained and was tested in a
test–retest procedure to ensure the reliability of data
collected from the FIFA World Cup 2014. Cohen’s
Kappa test adhered to a 25-day interval for re-analysis
to avoid task familiarity issues.31 For a sample of 15%
of the full data, the test–retest had a Kappa value of
0.84, thus enabling the study to proceed.31

Introducing the PATO

In order to build specific software to analyze the coop-
erative behavior of teammates in sports, it was

necessary to generate a user-friendly application to be
used by coaches and sports researchers in any situation.
To do that, the first criterion was to provide the oppor-
tunity to the user to choose the number of members to
visualize in the layout. This step is represented in
Figure 3. The layout was codified based on the posi-
tional roles of players, thus it was codified from 1 to 11
in the case of football.

This process increases the possibility of this software
being used for any team sport. After choosing the num-
ber of players that the observer wants to analyze, the
regular layout of analysis emerges as shown in Figure 4.

The PATO format allows two teams to be analyzed
by the same observer in a very user-friendly fashion.
To do this, it is only necessary to press the top bar (red
or blue) to immediately change the color and the team.
Only one team can be viewed at a time, nevertheless to

Figure 2. Example of weighted digraph for a single match of a football team.
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change the codification it is only necessary to change
the team in the top bar. This reduces the likelihood of
mistakes in the case of two screens for each team.
Moreover, the size of the formatting was developed to
be adjusted for mobile devices (in future updates), thus
only one team is displayed at a time. To begin the anal-
ysis, the observer only needs to codify the players in the
field with their number and then press the icons to
record the passing sequence. Every time that a player
icon is pressed, the passing sequence of the unit of
attack is displayed in the bar below. Please see the fol-
lowing example in Figure 5.

Figure 3. Layout to choose the number of players that
observer wants to analyze.

Figure 4. Layout to perform the observational process (examples for 5 and 11 players).
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In this example, the passing sequence from player 1
to player 2, then to player 5 and finally to player 10 was
observed. As can be verified in Figure 5, the sequence
can be immediately viewed by the observer and may
also be changed (in the case of mistakes) or even
deleted. Once the recording of the passing sequence is
finished, it is only necessary to select ‘‘add.’’ Then, the
software codifies the passing sequence and converts the
information into an adjacency matrix. Every time that
the observer wants to codify a given unit of attack
based on a special event, he or she only needs to choose
the specific event (special or goal) before selecting
‘‘add.’’ The special event may be changed based on
observer’s preference.

In order to make exporting the adjacency matrices
easier at any time, the software allows the adjacency
matrix to be saved as a TXT file and then the user has
two possibilities: (1) continue the observation without
removing the previous adjacency matrix, thus making it
possible to sum all the matrices from the beginning or
(2) reset the system in order to build the adjacency
matrices from 0. It is also possible to import the adja-
cency matrices’ files into any software for social

network analysis. Note that the save option only
requires that the user selects the folder where he or she
wants to save the matrices, because the name of the files
is created automatically based on the date. This strat-
egy ensures that the observer does not need to divert
attention from observing the game to name files.
PATO software will generate at least two matrices’ files,
one for each team with the following file names:
date_Our.txt and date_Vis.txt (our team and visiting
team). For more details of PATO options, see their use
cases diagram in Figure 6. For example, this software
also allows a video of a game to be loaded to be ana-
lyzed by the observer (option ‘‘Load’’ in Figure 6).

Computing the network metrics in Social Network
Visualizer software

There are some freely available software packages on
the market to process the social network analysis. For
our specific case and following previous studies,32 we
chose the Social Network Visualizer (SocNetV; version
1.5). This software is a graphical application for the
analysis and visualization of social networks.33 It allows

Figure 5. Recording the passing sequence.
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the researcher to load formatted network data such as
sociomatrices, to analyze the social and mathematical
properties of the corresponding social networks in the
form of mathematical graphs, and to compute basic
graph properties, such as density, diameter and cluster-
ing coefficient, as well as more advanced structural
measures such as centrality and prestige indices, which
were used in this survey.33 The software only requires
the adjacency matrix to run. Thus, PATO software
complements SocNetV for the specific case of team
sports.

For the specific case of this study that uses the
weighted directed graphs theory, two metrics to charac-
terize the digraph properties were selected (total links
and density). For the case of centrality metrics, the
degree prestige and degree centrality were chosen. The
following gives a brief description of each metric.

Total links. Each element aij of the adjacency matrix was
the number of interactions (passes) from player i to
player j and, in terms of the corresponding graph
(sociogram) produced by SocNetV, it was represented
by a directed line (arc) between player ni and player nj.

The sum of the elements of each row of the adja-

cency matrix
Pn

i=1
j 6¼ i

aij, j=1, . . . , n was the total

number of passes from player i to all the other team-
mates. The sum of all elements aij(i 6¼ j) of the adja-

cency matrix, =
Pn

i=1

Pn

j=1
j 6¼ i

aij, is the first metric

used in this study, namely, the total links (passes)
between each team’s players. In the corresponding
graph, this number is the total lines between all players
(in our case arcs since the graph is directed).

Graph density. Because a digraph consists of a finite
number of players (denoted by n), in the case of ordered
relations, as in the teammate interactions, the possible
directed links in a digraph of n players is n(n� 1); the
density is computed by

D=
L

n(n� 1)
ð1Þ

In both cases, the density is a ratio having a minimum
of 0 (no lines/arcs present) and a maximum of 1 (all
lines/arcs are present).

Degree centrality. A centrality measure for a player in
the context of a digraph should be the out-degree of the
player, do(ni); thus, it is possible to define CD(ni) as a
player-level degree centrality index as34

Figure 6. PATO—use cases diagram.
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CD(ni)= do(ni)=
Xn

j=1

xij = xi+ ð2Þ

Besides this algorithm, another can be used as a stan-
dard measure

C0(D)(ni)=
do(ni)

(n� 1)2
ð3Þ

that is the proportion of players that are adjacent to ni.
C0(D)(ni) is independent of g and thus can be compared
across networks of different sizes.34 In this analysis, the
players with a very high degree of centrality are called
hubs since they are connected to many other
neighbours.35

Degree prestige. The degree prestige measures the in-
degree of each player in a digraph context, which can
be denoted by dI(nj). The degree prestige can be com-
puted as follows34

PD(ni)= dI(ni)= x+j ð4Þ

In order to standardize the group size g, it is possible
to compute as follows

P0D(ni)=
x+ j

n� 1
ð5Þ

Betweenness centrality. Betweenness centrality measures
the intermediate players between neighbours.35

For distinct players ni, nj, nk 2 V(G), let gij be the
total number of shortest paths between ni and nj and
gij(nk) be the number of shortest paths from ni to nj
that pass through nk. Furthermore, for nk 2 V(G), let
V(ni) denote the set of all ordered pairs, (ni, nj) in
V(G)3V(G) such that i, j, k are all distinct.35 In that
sense, the betweenness centrality is calculated as

Cb(nk)=
X

(ni, nj)2V(nk)

gij(nk)

gij
ð6Þ

In the case of weighted digraphs, we standardize it
just like the other actor centrality indices34

C0b(nk)=
Cb(nk)

(n� 1)(n� 2)
ð7Þ

Reliability of the software

In order to ensure the reliability of the data collecting
process, a small case study was conducted with 10
expert soccer coaches (more than 5 years of experience
in elite soccer) using a test–retest protocol with a 10-
day interval protocol. Each coach used the PATO to
perform the observation, and the video was observed in

the same room (with an individual computer with the
video of match) and in the same day and time. Such
protocol allowed ensuring the same conditions to every
coach. Cohen’s Kappa test was used to evaluate the
intra- and inter-reliability of the data collected by coa-
ches. In the case of intra-reliability (the same coach
measured in two occasions with a 10-day interval), the
Kappa value was 0.87. On the other hand, the inter-
reliability tested between coaches revealed a value of
0.76. Both results suggested a strong value that con-
firms the reliability of the data collected by using
PATO.

Comparison with other sports software

To test the accuracy, reliability and time consumption
of the software to perform notational analysis with
other sports software, an r-Pearson correlation test
was performed. A single match was used for this anal-
ysis. The same observer recorded data in PATO and
in the LongoMatch software. For the LongoMatch, a
specific PATO code was generated to collect the data
in similar conditions to PATO. The results showed
that to perform the analysis in post-match mode, the
use of PATO consumed 94min and the LongoMatch
consumed 112min (19 more, 15% of the time). The r-
Pearson correlation test to compare the sequence of
the units of attack (112 in total) showed a positive,
nearly perfect value of 0.971. For that reason, the
inter-software reliability of the data was achieved in
both systems.

Statistical procedures

The influences of phase of competition (group matches
and elimination rounds) and positional roles (goal-
keeper, external defenders, central defenders, mid-
fielders, external midfielders and forwards) on the total
links, graph density, degree centrality, degree prestige
and betweenness centrality were analyzed using two-
way multivariate analysis of variance (MANOVA)
after validating normality and homogeneity assump-
tions. MANOVA was specifically chosen because it
reduces Type I error inflation compared with analysis
of variance (ANOVA).36 Moreover, in many cases,
MANOVA can detect statistical differences that many
one-way ANOVAs cannot.37 The assumption of nor-
mality for each univariate dependent variable was
examined using Kolmogorov–Smirnov tests (p . 0.05).
The assumption of the homogeneity of each group’s
variance/covariance matrix was examined with the
Box’s M test. No homogeneity was shown. When the
MANOVA detected significant statistical differences
between the two factors, we proceeded to the two-way
ANOVA for each dependent variable, followed by
Tukey’s honest significant difference (HSD) post hoc
test.36 When the two-way ANOVA showed an interac-
tion between factors, it also generated a new variable
that crossed the two factors (example: group matches3
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goalkeeper) for each dependent variable to identify sta-
tistical significance.38 Ultimately, the statistical proce-
dures used were one-way ANOVA and Tukey’s HSD
post hoc. If no interactions were detected in two-way
ANOVA, a one-way ANOVA was used for each inde-
pendent variable. The following scale was used to
classify the effect size (partial h2) of the test:39 small,
0.14–0.36; moderate, 0.37–0.50 and large, 0.51–1. All
statistical analyses were performed using IBM SPSS
Statistics (version 22) at a significance level of p \ 0.05.

Results

The network metrics based on graph and digraph the-
ory allowed obtaining the values of specific kind of
interactions between teammates. This is the main core
of network. Nevertheless, and in order to improve the
knowledge about the variance between different vari-
ables, an inferential statistical analysis was made and it

is described as follows. The two-way MANOVA
revealed that the strategic position (g =1:347;
F=10.599; p=0.001; h2

p =0:449; moderate effect
size) had significant main effects on the centrality mea-
sures. No statistical differences were found in the phase
of competition (g =0:004; F=0.087; p=0.967;
h2
p =0:004; very small effect size). No significant inter-

action (g =0:284; F=1.362; p=0.169; h2
p =0:0952;

very small effect size) was found between phase of com-
petition and strategic position on centrality measures.
Therefore, one-way ANOVA was performed on each
independent variable because no interaction was found
among factors.

No statistical differences in the phase of competition
(Table 1) were observed in %DPrestige (F=0.161;
p=0.690; h2

p =0:002; very small effect size),
%DCentrality (F=0.197; p=0.658; h2

p =0:003; very
small effect size) and %BetweennessC (F=0.2067;
p=0.652; h2

p =0:003; very small effect size).

Table 1. One-way ANOVA values in phase of competition in %DPrestige and %DCentrality.

Mean (SD) F p h2
p

%DPrestige
Group matches Goalkeeper 2.86 (0.39) 0.161 0.690 0.002

External defenders 7.99 (1.59)
Central defenders 9.89 (3.35)
Central midfielders 13.51 (2.41)
External midfielders 7.75 (1.11)
Forwards 5.32 (1.42)

Elimination matches Goalkeeper 3.88 (1.54)
External defenders 7.62 (3.56)
Central defenders 9.47 (1.81)
Central Midfielders 12.32 (2.09)
External midfielders 9.62 (1.54)
Forwards 5.75 (1.88)

%DCentrality
Group matches Goalkeeper 4.95 (0.35) 0.197 0.658 0.003

External defenders 7.98 (1.25)
Central defenders 11.25 (3.83)
Central midfielders 13.65 (2.75)
External midfielders 6.03 (0.48)
Forwards 3.60 (0.72)

Elimination matches Goalkeeper 6.01 (1.68)
External defenders 9.62 (3.29)
Central defenders 10.71 (2.12)
Central midfielders 11.79 (2.83)
External midfielders 7.05 (1.66)
Forwards 3.89 (1.36)

%BetweennessC
Group matches Goalkeeper 1.46 (0.81) 0.206 0.652 0.003

External defenders 7.72 (5.35)
Central defenders 10.86 (5.04)
Central midfielders 15.86 (7.08)
External midfielders 4.75 (1.88)
Forwards 4.31 (1.96)

Elimination matches Goalkeeper 3.48 (1.46)
External defenders 10.03 (5.63)
Central defenders 11.12 (3.23)
Central midfielders 11.74 (4.43)
External midfielders 7.42 (2.74)
Forwards 4.19 (2.09)

%DPrestige: % degree prestige; SD: standard deviation; %DCentrality: % degree centrality; %BetweennessC: % betweenness centrality.
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Statistical differences in the strategic position were
found in %DPrestige (F=26.083; p=0.001;
h2
p =0:667; large effect size), %DCentrality

(F=24.243; p=0.001; h2
p =0:651; large effect size)

and %BetweennessC (F=11.058; p=0.001;
h2
p =0:460; moderate effect size). The post hoc values

can be found in Table 2.
No statistical differences in the phase of competition

were found in total links (F=0.970; p=0.370;
h2
p =0:162; small effect size) and density (F=0.970;

p=0.370; h2
p =0:162; small effect size). The descrip-

tive statistics can be found in Table 3.

Discussion

This study had two aims. The first was to introduce
new software to process the match analysis based on a
network approach. The second was to process the data
extracted from the software and to compute the net-
work metrics in a specific case study of the German
national soccer team in the FIFA World Cup 2014.
Two metrics to characterize the digraph properties and
two metrics to identify the centrality levels of players
were used.

In this study, it was possible to observe that the
degree prestige and degree centrality revealed the pro-
minent players in building attacks. Midfielders had the
biggest values of degree prestige (in-degree), thus sug-
gesting that these players are the most recruited by
teammates to circulate the ball and attack. These find-
ings are in line with previous studies that analyzed all
units of attack.25,28 In particular, cases of analysis
centered on quickly attacking transitions or counter-
attacks; the most involved players are the wide mid-
fielders or the forwards.32 Nevertheless, the German
national soccer team during the FIFA World Cup 2014
showed a pattern of attack based on ball circulation,

thus increasing the intervention of midfielders that
links the defenders and forwards. On the other hand,
the smallest values, excluding the goalkeeper, were
achieved by the German forwards. Once again, these
values can be justified by the style of play of Germany
that does not exclusively depend on forwards to con-
clude the attacks. Similar results were found in previ-
ous FIFA World Cup tournaments, particularly in the
Spanish team.22,25

In the case of degree centrality (out-degree), it was
possible to observe that midfielders and central defen-
ders achieved the biggest values. These values are also
in line with previous studies.25,27 The degree centrality
measures the levels of passes made by players to their
teammates. In this case, the central defenders followed
the midfielders in the greatest number of passes made
by teammates, thus suggesting a pattern based on ball
circulation by the center. In other studies, the greatest
values followed by midfielders were achieved by wide
defenders based on the specific style of play of the
teams to build the attacks from the wings.28

It was also found in this study that the German
national soccer team did not change the recruitment of
other positional roles between the group matches and
elimination matches. In some cases,40 after scoring, the
teams in elimination matches increase their defensive
behavior and change the style of play for a more direct
one to exploit the counter-attack. Such a pattern can be
represented in the direction of passes by greatest values
achieved by forwards in-degree prestige. In the German
national soccer team, such changes did not happen,
suggesting that the team maintained a consistent style
of play of building attack in all types of competition.

In the case of digraph properties, the values did not
statistically change between the group matches and the
elimination matches. From the highest values of density
and total links, it was also found in this study that the
German national soccer team did not change the
recruitment of other positional roles between the group
matches and elimination matches. In some cases,2 after
scoring, the teams in elimination matches increase their
defensive behavior and change the style of play for a
more direct one to exploit the counter-attack. Such a
pattern can be represented in the digraph by greatest
values achieved by forwards in-degree prestige. In the
German national soccer team, such changes did not

Table 2. One-way ANOVA values in strategic position in %DPrestige and %DCentrality.

GK ED CD MF EMF FW

%DPrestige 3.45 (1.24)a,b,c,d 7.78 (2.80)c,e 9.65 (2.47)c,e,f 12.83 (2.26)b,c,d,e,f 8.82 (1.64)c,e,f 5.57 (3.58)b,c,d

%DCentrality 5.55 (1.33)b,c 8.91 (2.67)c,f 10.94 (2.85)d,e,f 12.58 (2.89)a,d,e,f 6.61 (1.36)b,c 3.76 (1.06)a,b,c

%BetweennessC 2.61 (1.56)a,b,c 9.03 (5.43)c,e 11.01 (3.93)e,f 13.50 (5.94)a,d,e,f 6.28 (2.70)c 4.24 (1.86)b,c

GK: goalkeeper; ED: external defender; CD: central defender; MF: midfielder; EMF: external midfielder; FW: forward; %DPrestige: % degree

prestige; %DCentrality: % degree centrality; % BetweennessC: % betweenness centrality.

Significantly different compared with aexternal defenders, bcentral defenders, ccentral midfielders, dexternal midfielders, egoalkeeper and fforwards at

p \ 0.05.

Table 3. One-way ANOVA values in phase of competition in
total links and graph density.

Group matches Elimination matches

Total links 88.00 (1.00) 90.25 (3.77)
Graph density 0.80 (0.01) 0.82 (0.03)
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happen, suggesting that the team maintained a consis-
tent style of play of positional attack in all types of
competition, proof that the style of play is based on
positional attack and not in counter-attack. In the cases
of teams that use a more direct style of play, the density
is smallest.27 The greatest values achieved by the
German national soccer team in this case of digraph
properties are also in line with the literature that
revealed that the biggest values of density and smallest
values of heterogeneity led to the best performance.23

The usefulness of the network approach to identify
the prominent players and to identify the interaction
properties of teammates is undeniable. Moreover, it is
important to consider that individual and general prop-
erties of network can be analyzed, allowing to identify
some patterns of interactions and then contribute for a
better understanding of the team’s dynamic. Thus, net-
work approach is much more than only to study passes.
The software may be used to identify how the marking
relationship between defenders and attackers happens
or even to identify the positional switching among
teammates. Nevertheless, until now there was no spe-
cific software for applying such an approach in team
sports. With the PATO software, it is possible to
quickly codify the interactions and immediately extract
the adjacency matrices to import into regular social net-
work analysis software. This advantage reduces the
time spent on a paper-and-pencil approach or even
Excel solutions. Moreover, by combining the PATO
software with SocNetV, it is very user-friendly to pro-
cess all the data and extract the main properties of the
team’s digraph and the centrality and prominence levels
of team players.

Nevertheless, a major concern is the way in which
coaches may receive the feedback. The software is a
user-friendly solution to data collection. Although they
are utility, it is important to add new functions to pro-
duce small reports about the statistical data and to con-
vert such reports into data interpretation in order to
increase the coaches’ perception about the analysis that
was made. Such solution will be integrated in next
advances of the software to collect the feedback of coa-
ches about the applicability of the software.

This study had as major limitations the non-
comparison of software with other similar software.
Nevertheless, the similar are too expensive and not gen-
eralizable to the team sports community. Another lim-
itation of our study was the use of a simple case study
with only one team. Nevertheless, the main aim was to
introduce the software and its applicability for team
sports analysis. As a user-friendly tool, the next step
will be to convert the computer software for smart-
phones and tablet applications in order to extend the
possibilities to the whole team sports community.
Using the network approach, it will be possible to
extract the patterns of interactions among teammates
and to identify the specific styles of play of teams. It
will also be possible to identify the prominent players
and their influence during the collective organization

making it possible to increase the strategic and tactical
information for coaches and their staff.

Practical application and future

In the future, the software will provide updates through
a simple visualization of networks based on the level of
interactions and inter-dependency. For that reason, the
edges and the nodes will have different sizes based on
the weight of interactions. If each coach chooses only
one player, the connections of that player will only
appear between the teammates that cooperated with
him. Moreover, the PATO will make it possible to
observe the dependency level between the teammates
and the players that received more connections to him.
During this centralization analysis, it will also be possi-
ble to identify the sub-groups inside a team to predict
the most common passing sequences in a given context.
The user will have the possibility to identify the specific
moments (e.g. building attack with ball circulation,
counter-attack or quick transition), and based on such
organization, the more frequent passing sequences per
each type of attack will appear. This identification will
help to characterize the style of play and provide such
information to avoid or exploit the evidence.

Conclusion

This study introduced the PATO and its compatibility
with SocNetV. The PATO software allows the user to
quickly codify the interactions between teammates and
immediately export the data as adjacency matrices to
be imported into SocNetV or similar. The network
approach enabled the identification of the prominent
players in the German national soccer team during the
FIFA World Cup 2014. Using these data, it was possi-
ble to characterize that the German national soccer
team based their attacking process on building (posi-
tional attack) and not on counter-attack. Midfielders
had the biggest values of degree prestige and degree
centrality, followed by central defenders, revealing the
tendency to build the attack using small passes and
linking all the sectors. The digraph properties showed
great values of density and total links, revealing the
capacity of the German national soccer team to involve
all the players during the attacking process.
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