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Network motifs in football
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Abstract

Complex networks often display network motifs and these can be described as subgraphs. Methods for analyzing complex
networks promise to be of great benefit to almost all scientific disciplines including sports. In football if we want to disrupt
the opponent's game format, we must first be aware of the pass motifs that the team often uses. Determining how to break
these motifs will make an important contribution to the success of a team. In this study, 3-nodes and 4-nodes pass motifs of
the teams were examined within the frame of a data set of ten games and the most frequent repetitions of these motifs were
determined. In addition, we suggest that in a match, the balance can be measured by the correlation between the frequencies
of the motif types and there may be an inverse relationship between this correlation and the difference in the goals of the

match.
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INTRODUCTION

Today, sport is now considered as a Complex
networks often display network motifs and these
can be described as subgraphs that recur in the
network much more often than in randomized
networks (5). Motif analysis counts the number of
the motifs in a network. Network motif detection is
mainly consists of enumerating the number of
occurrences of each subnetwork of size k, and
assessing statistical significance of subnetwork
occurrences. Methods for analyzing complex
networks promise to be of great benefit to almost all
scientific disciplines (13). Therefore motif detection
network science tools are valuable for brain,
medicine, genetics, sports researches.

Network motifs are circuits of 3 to 6 nodes in
directed networks and graphlets are similar to
motifs but are defined as undirected networks and
motifs proved to be efficient in predicting protein
function,  protein-protein  interactions  and
development of drug screening techniques (4). It
was found that there are several significantly
recurring motifs within the brain network, including
the two-node reciprocal motif and five classes of
three-node motifs and these recurring motifs were

distributed in distinct patterns to support intra- and

inter-module functional connectivity (12). For
example, also it was found that number 8 type 3-
node motif in large scale cortical networks are

recurring (9).

Motifs are like bricks in a wall, they are small
building blocks of networks. “Milo et al. (7) suggests
that network motifs inform on the function of
networks (7). In complex networks modules are
formed by motifs: They are expected to play proper
functions and their disconnections leads to
functional decay. From this point of view, also
motifs can be thought as disconnection locations. A
complex system cannot function properly unless it’s
motifs and modules function properly.

“Network motifs, overrepresented small local
connection patterns, are assumed to act as functional
meaningful building blocks of a network and,
therefore, received considerable attention for being
useful for understanding design principles and
functioning of networks (8).” Taking Multiplex
network motifs as building blocks of corporate
networks, it was found that the motifs reflect known
corporate governance practices related to the
monitoring of investments and the concentration of
ownership and motifs involving financial firms are
over-represented amongst the larger and more



complex motifs (10). In other words, corporate
governance practices are functioning within the
motifs of this system.

Critical points that can be used to control the
entire system are called driver nodes (11). It was
found that the driver nodes tend to avoid the high-
degree nodes (6), the set of driver nodes that can
control and move the networks into specific states
has been identified and shown to be of low degree
(13). The number of driver nodes is determined
mainly by the network’s degree distribution: Sparse
inhomogeneous networks, which emerge in many
real complex systems, are the most difficult to
control, but that dense and homogeneous networks
can be controlled using a few driver nodes (6).

In soccer, “passing is the backbone of the game
and forms the basis of important decisions made by
managers and owners; such as buying players,
picking offensive or defensive strategies or even
defining a style of play” (1). It was mentioned that
the analysis of the motifs in the pass networks
allows us to compare and differentiate the styles of
different teams (2). Who are the driver nodes that
can control and move the networks into specific
states? What are the types of main pass motifs
formed by them?

Standard
predicting team performance are based on history-

approaches in evaluating and

related factors such as past victories or defeats (3).
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Figure 1. 2 undirected 3-nodes motifs
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Nowadays analyzing data is everything and data is
the backbone of monitoring players and preparing
team improvement strategies. In contrast with
traditional models, in this paper we propose a pass
network model to determine the main type of motifs
of the games.

Network motifs can be found in a process like
this (7):

¢ Find n-node subgraphs in a real graph.

e Find all n-node subgraphs in a set of

randomized graphs with the same in and out degree
distributions.

e For each subgraph find a Z score: Z =
Nreai—Nrand
Orand
Subgraphs with high Z scores can be denoted as
network motifs.

Number of Motifs and Network Types

Table 1. Number of motifs according to network types

Network type 3 nodes 4 nodes 5 nodes
Undirected 2 6 21
Directed 13 199 9364

As it can be seen from Table 1, for undirected

networks, number of 3-nodes motifs are 2 (Figure 1):
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Figure 3. Motifs from Holland-Turkey Match (0.
09-2012)

Figure 3 shows us that 3-node motifs like H10-
H11-H5 (This is 13th motif in Figure 2) and H5-H8-H10
Also 13 directed 3-nodes motifs can be seen in Figure 2 (This is number 5th motif in Figure 2).

Football match analysis like other fields use large data
sets. In a paper data was obtained using a custom
Python web crawler from www.squawka.com, and this
data set has the last 4 seasons of 6 big European
leagues with 8219 matches (1). In another paper it was
found that, “The concentration of motif 238 (3-node
complete subgraph) in the real Facebook network is 4
times higher than that of the real Twitter network.
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Figure 2. 13 directed 3-nodes motifs

above.
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Similarly, the concentration of motif 31710 (4-node Estonia and apply the codes below fist for the
complete graph) is 33 times more abundant in the real Turkish team and then for the Estonian team:
Facebook network than in the real Twitter network” > data<- read.csv("turkiye_estonyal.csv’, header=T,
(15). In Figure 4, 3-node and 4-node subgraphs and as.is=T)

their motif ids can be seen. > datal <- subset(data, select = -c( Type :Weight ))
> library(‘igraph’)
1 & 1 i 238 >network<- graph_from_data_frame(d=datal, directed=T)
/ \ \ / \ ;\‘ LY > plot(network)
4382 4698 13260 13278 31710 ®
0 ) ) ) = e—~-® !
A 2t S P S 05
@ e ) ¥ > @
@® @
Figure 4. 3-nodes and 4 nodes subgraphs an (&) » tO
their motif ids (15) o % Y,

For directed and undirected 18 networks it was
found that (Italics are from us):
“We applied this method to identify 3-node and 4-
node motifs from the datasets of 18 networks (4

®

Figure 5. Pass network of the Turkish team

directed and 14 undirected) covering social (131 passes)

interactions, co-authorships, web document

hyperlinks, neuronal circuitry,  protein-protein > motif=graph.motifs(network,size=3)
interactions (PPI), trophic relations in a food web, and s yetif

others. Presence and absence of enriched motifs
provide rich information regarding each type of
network relations. In undirected networks, triangles are > plot(graph.isocreate(size=3 number = 13))
enriched in almost all datasets, suggesting the prevalence

of transitivity in diverse networks. However, 4-node e

[1] NA NA 2 NA 434 3 1 72047 116 4 83103

®

structures lacking transitivity — diamonds and stars — are
also enriched in the majority of undirected networks. In
directed networks, variations of feed-forward loops are over-
represented in the networks of web document and
political weblog hyperlinks as well as neuronal
connections. In contrast, the food web is enriched with @

unidirectional motifs with distinct trophic levels (14)”.

Figure 6. The mode motif of The Turkish team
MATERIALS & METHOD

The study sample consists of 10 matches of
Turkish National Football Team in the 2014 World Cup
Qualifiers. 10 matches were analyzed with e-analysis > data<- read.csv("tlirkiye_estonyal.csv", header=T,
soccer program, the pass actions obtained from the
analysis were transferred into Excel files. The Excel
pass files were processed with the open-source

Now for the Estonian team:

as.is=T)
> datal <- subset(data, select = -c( Type :Weight ))

program Gephi to obtain the network of the matches > library('igraph’)

and the measurements of networks” motifs. > network <- graph_from_data_frame(d=datal,

RESULTS directed=T)

Football Motifs > plot(network)
In our analysis we will use as our data set ten

national teams matches and these matches can be

seen in Table 2. Using R and R package igraph 3-

nodes and 4-nodes pass motifs are found. As an

example let's take a match between Turkey and

Turk J Sport Exe 2018; 20(3): 263- 272 263
(] 2018 Faculty of Sport Sciences, Selcuk University



®
@
@
@
m)
)
Figure 7. Pass network of the Estonian team

(84 passes)

> motif=graph.motifs(network,size=3)
> motif
[1]NANA 9NA173012 4 13825 2 8 73834

> plot(graph.isocreate(size=3,number = 7))

Table 2. 3-nodes motifs results

> plot(graph.isocreate(size=3,number = 12))
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Figure 8. The first mode motif of The Estonian

team

Figure 9. The

Estonian team

)

second mode motif of The

Matches Team Number Mode motif 1 Mode motif 2
of passes
Turkey-Estonia Turkey 131 Y
(11.09.2012) ® d
1
{ ]
Estonia 84 @ J
. -
o,
“r L.Y
Estonia-Turkey Turkey 110 ,,
(11.10.2013)
o,
a )
Estonia 111 v ?
o,
Y
@
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Turkey-Andorra Turkey 132 ,
(06.09.2013)
=
Y
[ ]
Andorra 68 ®
@
»
A
®
Andorra-Turkey Turkey 120 v,
(22.03.2013)
o.
"®
Andorra 65 i
o,
T
®
Romania-Turkey Turkey 108 v ‘.
(10.09.2013)
.V
Y
[ ]
Romania 122 (‘.
[ =
o
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Y
[ ]
Romania 116 v ,
.V
Y
@

Turk J Sport Exe 2018; 20(3): 263- 272
(] 2018 Faculty of Sport Sciences, Selcuk University

287



Llirsakal et al 2018

Holland-Turkey Turkey 116 ,
(07.09.2012)
ol
)
Holland 13 o s
b
Turkey-Holland Turkey 112 - 4.
(15.10.2013) 4
Holland 118 @~ s J
Turkey-Hungary Turkey 131 ,?
(26.03.2013)
.‘v
‘@
Hungary 100 ®- ‘.
»
Hungary-Turkey Turkey 116 ® = ,.
(16.10.2012) 9
Hungary 94 @~ @
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As a result, in Table 2 for 3-nodes
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mode 11 times, type 6 has been seen as mode 8

considering Figure 2, type 10 has been seen as times.
Table 3. 4-nodes motifs results
Matches Team Number Mode motif 1 Mode motif 2
of passes
Turkey-Estonia Turkey 131 2.
(11.09.2012)
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o
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Romania-Turkey Turkey
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Hungary .
[ =
1Y
o
prA
Hungary-Turkey Turkey ®
(16.10.2012)
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4-nodes motifs results can be seen in Table 3
and Figure 10 shows us that mode motif type in 4-
nodes. The motif in Figure 10 has been repeated 14
times between 20 motifs

The Balance Concept of a Match

In a match the “balance” concept corresponds
to the draw, defeat is the
deterioration of this balance. The distribution of n-
nodes motif types of a team must be different from
the corresponding distribution of the competing

the win or the

team in order to disrupt the balance. In other
words, to the extent that the harmony of the motifs
of the two teams playing the match is impaired,
the balance is impaired to that extent.
Undoubtedly, the balance will be disrupted and
the balance can be disrupted by a single shot
kicked from the centre, regardless of the pass and
pass motifs.

However, in general the deterioration of the
balance with goals is not independent of the pass
network and its motifs. We propose to measure
this conceptual balance concept operationally with
the correlation coefficient between the frequencies
of the motifs of the two teams in a match. For this
relation a high correlation coefficient shows that
the harmony between the frequencies of the motifs
of the two teams is high and there is a balance; on
the contrary, a low correlation coefficient tells us
that there is no balance.

In accordance with our small data set,
correlations between the frequencies of the
tripartite motifs, except for Turkey-Andorra match
are significantly high correlation coefficients. 5-0
Turkey-Andorra resulting

Turk J Sport Exe 2018; 20(3): 263- 272
[t 2018 Faculty of Sport Sciences, Selcuk University

match correlation

Figure 10. Mode motif type in 4-nodes motifs
coefficient of -0.081. The correlation coefficient for
2-0 Turkey-Andorra match was 0.205. For the 4-
nodes motifs, the correlation coefficients for
Turkey-Andorra matches were 0.03 and 9.25; the
correlation coefficient between the frequencies of
4-nodes motifs of Turkey-Holland match was 0.83.
In Estonia matches, these coefficients were 0,735
and 0,679.

As a result for our data set: The correlation
coefficient between the frequencies of the 3-nodes
motif types of the two teams in a match and the
goal difference was -0,556 (p-value = 0.095) and
this coefficient of correlation was significant at the
level of significance of 0.10. In other words, there is
an indistincly reversed relationship between the
harmony of 3-nodes motifs and the goal difference
of the match. As the compliance increases, the goal
difference is decreasing.

As another result: The correlation coefficient
between the frequencies of the 4-nodes motif types
of the two teams in a match and the goal difference
was -0,579 (p-value = 0.08) and this coefficient of
correlation was significant at the level of
significance of 0.10. If we exclude the Turkey-
Hungary match form our data set, this coefficient
increases at -0.762 (p-value = 0.017) and in this case

Al



this relation will be statistically significant at the
0.05 significance level.

We actually know that n = 25 is required for
correlation analysis. Therefore, while the inverse
relationship hypothesis between the correlation
coefficients and the difference between the goals
using 0.05 significance level cannot be confirmed
by the small sample we have, we maintain the
expectation that this hypothesis can be confirmed
if the sample size grows.

DISCUSSION

In our study, it was determined that which 3-
nodes and 4-nodes motif types were the mod motif
types within the framework of a 10-match data set.
As a result, in Table 2 for 3-nodes considering
Figure 2, type 10 has been seen as mode 11 times
and type 6 has been seen as mode 8 times.

Also, within the same dataset, the inverse
relationship hypothesis between the correlation
coefficients of the motif types for the two teams
and the difference between the goals using 0.05
significance level cannot be confirmed by the small
sample we have, but we maintain the expectation
that this hypothesis can be confirmed if the sample
size grows.

If we want to disrupt the opponent's game
format, we must first be aware of the pass motifs
that the team often uses. Determining how to
break these motifs will make an important
contribution to the success of a team. Examination
of the mode pass types of the teams that are very
successful and consistently winning is important
for the other teams who want to achieve this
success. The most important deficiency of the pass
network analysis method is that this analysis does
not take into account the position of the players in
the field in any way.
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