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A NETWORK ANALY SIS OF THE 2017-18 GREEK SUPER
LEAGUE, ASTERASTRIPOLISTEAM PLAY'

TSILIMIGKRAS Theodoros -

Abstract Thisthesis work analyzes the network of passes among the players of the Asteras Tripolis
football team during the last Super League Season 2017-2018, where they achieve to take the ticket
for the Europa League group stage, with the objective of explaining the results obtained from the
behavior at the complex network level.

The team is considered a network with players as nodes and passes as (directed) edges. A temporal
analysis of the resulting passes network is also done, looking at the number of passes, length of the
chain of passes, and to network measures such as player centrality and clustering coefficient. Results
of the last three matches (the decisive ones) indicate that the clustering coefficient of the pass
network remains high, indicating the elaborate style of the Greek team. The effectiveness of the
opposing team in negating the game is reflected in the change of several network measures over
time, most importantly in drops of the clustering coefficient and passing length/speed, aswell asin
their being able in removing the most talented players from the central positions of the network.
Asteras's ahility to restore their combinative game and move the focus of the game to offensive
positions and talented playersis shown to tilt the balance in favor of the team.

Key words Complex network, complex systems, Greek Super League, football, network analysis,
team, sports, Asteras Tripolis.

1 Introduction

The hypothesis that a complex network analysis can help to understand football matches
has been present for some time nowY. Several teams, formally or informally, have
performed analyses of football matches from the point of view of the network of passes
formed throughout the match. One starting point was in 2004, when a competition to
predict the four best-classified teams in the EuroCup that was celebrated that year was held
In the Redes (Spanish word for “network™) social-network mailing list (in Spanish). The
results, which completely failed to predict the outcome, were published in [2].

The main problem with these predictions —besides the outcome which was completely
wrong (not even the two finalists, Portugal and Greece, were included in any of them) —
was that they were looking at the static picture of the team as it emerged from the previous
match. It is quite clear that football is a game of two teams, whose networks clash. While
there must be some quantity or structural property reflecting the team’s organization and
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playing style that is maintained from one game to the next, the other team will do its best
to prevent that network to move information (namely, the football) from one part to other,
resulting in a quite unpredictable result.

On the other hand, the network does not have any kind of spatiotemporal information. A
network might show what one would consider a perfect structure, well formed, with short
distances from goalie to forward players, but if it plays out of place or ssmply in its own
field it will not be able to obtain a good result. Furthermore, if the network devel ops quite
slowly with alow number of passes and low precision (low transitivity), the result will not
be good either. In both cases, the static structure, while meaningful and a good qualitative
description of the overall game, is unable to reflect its dynamics.

In this project, spurred on by some victories of the Asteras Tripolis squad in the 2017-2018
Greek Super League, we have performed a spatiotemporal analysis of the essential games
that led to victory. In this analysis, we have looked at the temporal evolution of the number
of passes, at the length of the chains of passes and its transitivity (thus taking into account
the effect on the opponent of ssimple ball losses) and analyzed the team network
(considering pitch zones) at a microscopic level by identifying the most central nodes. In
this way, we take into account both the complex network structure (reflected in the power-
law structure of the length of the number of passes and overall network structurel®l) and
the spatiotemporal nature of the game. In that sense, this paper isthe first to do this kind of
analysis (at the complex network level — see also [4, 5] for related work), which can later
be complemented with other kinds of static micro-, macro-, and meso-measurements of the
same type.

Since we are talking about sports here, and football which is claimed to be the king of all
sports, in some cases we allow ourselvesto get carried away by emotion and make some
statements that are not purely scientific, but more in the spirit of our passion for the sport
(and, even more so, for the team we are talking about). Even so, as the scientific claims we
make are sufficiently supported by our data, we ask for some leniency from the reader for
our language and context statements, which we feel do no harm to the scientific clamswe
make in this project.

The rest of thisthesiswork is structured as follows: next, we examine the state of the art in
analyses of the outcome of football matches. Then, the methodology used to extract data
from the match is presented. An overall examination of the matches played by the Asteras
team is subsequently performed. We close, with some conclusions and guidelines for
future work.
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2 State of the Art

Despite the huge cultural and popular interest that football has, being arguably the most
popular sport (or maybe spectacle) in the world, there have not been many scientific
approaches to sport performance and prediction. This was true when Onody and Castro!®
wrote their often-referenced paper in 2004, and it is still true today.

However, since then, several papers have tried to apply complex network analysis to the
footballing world. The above-mentioned paper itself was seminal in its thoroughness: it
analyzed the network of all Brazilian football players, and linked them if they had shared a
team, and found that several metrics (number of teams per player, number of goals per
player, number of games played) follow truncated power-laws' or exponential
distributions. This power-law behavior present in football was, later on, confirmed by
Yamamoto and Yokoyama, who performed an analysis quite similar to the one we
complete in this paper, analyzing several teams playing in the 2006 FIFA World Cup!.
Their analysis detected power laws in the passes network, with exponents around 3, and
made avery interesting analysis of the temporal evolution of the competitive play by
looking at the number of triangles, or transitive passes, among other things. Duch, et al.[®l
proved that flow centrality of the pass network can adequately qualify team and player
performance; in this they coincide with the results obtained by Lee, et a.[%, who showed a
moderate relationship between the flow/betweenness centralization of the whole team and
the outcome, as well as a negative relationship between the out-degree centralization.

However, there has been no attempt to relate any of those quantities to performance. Could
the number of teams a player has played in be related to the number of goals? In general,
the prediction of performance has concentrated on the hypothesis that a team has some
kind of intrinsic fithess — See [10] — the difference of which between teams affects the
probability (not the certainty) of one beating the other. These studies have mainly
concentrated on time series analysis™ but not intra-game dynamics.

Since the pass data for several world-class Leagues (Premier League, Liguel, Budeslinga)
were made available, one of the authors has been carrying out informal analysis on the
team’s networks and deducting from them some kind of qualitative prediction on the result
of amatch. However, this analysis has not been published, and even as differences
between the network qualities of different teams were appreciated, it was difficult to relate
them either to the team fitness or to the match outcome. The ARSfultbol team, based in
Argentina, has carried out extensive analyses of world-class events as well aslocal low-
level football teamd*¥, concluding that the performance of ateam is mainly related to the
existence of awell-coordinated core of players (such as the players which are taken from
FC Barcelona, in the Spanish national team or the set of players from Porto FC in the
Portuguese selection). Even those post-hoc observations cannot be easily used for
predicting performance.
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In thiswork, we will look at the micro-dynamics of afootball team, the Asteras Tripolis
FC during some of Super League games. We will try to find out which quantities made the
team excellent by focusing on quantitative analysis of its game-play. Thiswill be used as
thefirst step for a second leg of analysis which will focus on prediction.

3 Data Extraction

In order to collect the data for the analysis, an important issue was the fact that we
intended to analyze the game play from a spatiotemporal perspective. The spatial
dimension tries to capture the fact that a player can act in different parts of the pitch and
hisrole (and therefore the way he performs and interacts with his teammates) may be
different in each of these zones. For example, a certain midfielder can have a defensive
role when the opposing team is attacking, and have the teammates in the last defensive line
as preferred targets for a pass whenever he regains control of the ball. On the other hand,
this very same player can adhere to a much more combinative play when in offensive
positions, interacting more with wingers and other creative midfielders. To this end, the
pitch has been divided into nine zones as depicted in Figure 1: four zones correspond to
defensive positions (own box, wingback lanes, and own midfield), afurther four zones
correspond to offensive positions (opponent’s box and midfield and wingers' lanes), and
the the very central zone of the pitch which plays an important role for both initiating static
attacks and pressing the opponent in defense. For the purpose of this analysis, each player
isfiguratively divided into 9 different players depending on the pitch zone in which they
touch the ball (of course, most players only visit alimited number of zones throughout any
given game).

Figure 1 Model of the football field for data extraction, playing zones
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Asfor the temporal perspective, our goal isto capture the fact that a football game can go
through different phases in which ateam can change its way of playing (e.g., the dominant
team can become dominated even if just sporadically or the trainer may introduce tactical
changes) or at least can change its effectiveness (e.g., aplayer that was nullified by an
effective defense can resurface later on, when tiredness prevents the defenders keeping
tight marks). To account for this, we also keep track of the minute in which each pass was
made.

Once the kind of data we needed was defined, data extraction was done by ourselves,
review- ing the knock-out games played by Spain (contrarily to regular group gamesin
which ateam can speculate with a draw or even with a somehow minimal loss in order to
gualify for the next phase, knock-out games imply a win-lose situation and therefore the
playing style and tactics are effectively directed at winning the game without depending on
external factors?). These correspond to the games against Portugal (round of 16) (not
analyzed in this paper), Paraguay (quarterfinals), Germany (semifinals), and the
Netherlands (final). The raw data obtained from this visual inspection consists of alist of
all passesin the match, with the format

<half> <minute> <player> <zone> <player’> <zone’' >!

indicating which player passed to which player, in which minute, and in which pitch zones
each of them were in. As mentioned before, each pair (player, zone) can be interpreted as a
virtual player for the purposes of network construction. More precisely we consider a
moving window of 15 minutes (which we believe islong enough to capture the state of the
game at any given instant) and build a series of directed graphs Gi(V,E)) whereV ={(p,2) |
p'" T,z {12,9}}, Tistheset of actua playersin the national team, and (u#t v) "" E
if, and only if, virtual player u passed to virtual player v within the i-th time window.
Figure 2 shows an example of the
networks obtained.

Figure2

An example of the networks obtained, taken from the AsterasTripolis match (15', 1st half). Each
node is labeled with a pair (p,z) where p is the squad number of the player and z is the zone of the
pitch. Only those nodes corresponding to players/zones intervening in the game during the particul ar
time window considered are displayed. Node sizes depend on degree centrality and the different
shades correspond to defense (zones 1-4), midfield (zone 5) and attack (zones 6-9)
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This data was extracted by visualizing the matches Super League, which has been found to
be an appropriate, and probably the only, method for gathering network datafrom a
match(*4; data collection took approximately 4-5 times the duration of matches®.

4 Analyzing the Team

In the following we will analyze some of the characteristics of thisAsteras Tripolis's game
using the network information collected as indicated in Section 3. In particular, we will
pay attention to the following features:

1) Number of passes per minute: this provides an indication of the speed of the game.

2) Number of consecutive passes without losing the ball: this reflects the el aborateness of
the offensive game of the team.

3) Clustering coefficient!*”]: this measure is an indication of the extent to which players
tend to cluster together when passing the ball. To compute this coefficient we symmetrize
the network and compute the local clustering coefficient "'y for each node v with more than
two vertices as

= Ny , #Hu(# $1)/2

%
where #, is the degree of node v and Ny is the number of links between nodes u,w
connected to v. Subsequently, the clustering coefficient ' of the network G is

" _' '
"y, GTIV\V (1)l

I.e., the average clustering coefficient for all nodes with more than one neighbor — see
[18].!

4) Centrality: we analyze the network at a microscopic level trying to identify the most
important nodes in two ways, by considering the number of passes (weighted degree
centrality) and by considering the flow of the ball. Regarding this latter aspect, our analysis
tries to identify which player (and in which pitch zone) is more likely to have the ball after
along sequence of passes. Thisis analogous to eigenvector centrality*® computed using
the power iteration method, i.e., converting the adjacency matrix in a Markov matrix and
iterating from an initial vector representing a uniform distribution among all players
intervening in the game; this process provides the probability of reaching a certain player
by following an arbitrarily long random walk in the graph.
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4.1 Aster as-Paok

Paok reached near to check the cup against Asteras. While the result of that game was tight
(and whether Manias, the scorer of the only goal wasin off side is open to some question),
from aglobal point of view Asteras was widely regarded as having dominated the game
and deservedly progressing in a defensive way. From atactical premise: to disrupt the flow
of the ball among Asteras players. They succeeded in thisfor most of the game, with
Asteras hardly achieving more than 3—4 consecutive passes (see Figure 3-eft side graphs)
and only attaining a moderate pace of about 6 passes per minute (see Figure 3—right side
graphs). Although Asteras eventually settled into its usual combinative game (see
clustering coefficientsin Figure 4), the first half was very irregular for the team. In general,
the clustering coefficient is not much larger than that of an Erdads-R!enyi (ER) random
network!®? of the same size and number of links, indicating that the interaction among
playersis not highly structured. No single player emerges as the most central (in terms of
in-/out-degree) and the game takes place mostly in Asteras's defensive zone (see Figure 5,
aswell as Figure 6 depicting a snapshot of the passing network during the 1st half).
Indeed, an analysis of eigenvector centrality indicates that Juan Munafo was the most
central player during most of the 1st half (see Figure 7). In other words, the structure of
passes
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l V shadowed area covers one standard error of the mean
above and below the former.

[10]



of the Asteras was leading to the less creative midfielder dominatinge the circulation of the
ball. This does not mean Asteras was necessarily under attack, but that Paok’s pressing
avoided Asteras's more creative midfielders being actively engaged in the game and
settling the ball in offensive zones. The game's turning point took place when two foul
shots were failed successively first by Paok and then by Asteras (low valley shownin
Figure 3—ight graph), after which Paok lowered their defensive strength due to tiredness,
and Asteras could finally enter into longer sequences of passes, with Mathias Iglesias and
Juan Monaco emerging as the dominant playersin the midfield.

1 half 2 half

09 r 1 09 F
08 r 1 08
0.7 1 0.7

06

coefficient (zone-based)

clustering coefficient (zone-based)

clustering

-------
.............

10 20 30 40 50 60 70 80 90

minute minute

Figure 4 Asteras Paok. Clustering coefficient (CR). The dotted line indicates the CR of arandom
network with the same number of playersinvolved and the same number of links

4.2 Next Match: Apollon-Asteras

Thevictory over Paok in the last game meant Tripoli advanced for the third time in history
to the Europa L eague stage, and a general consensus that the team had fulfilled the
expectations of the supporters. The last games was approached as a gamesin which
opponents there was nothing to lose (although it must be noted that the same could be said
for Asteras, who had presented a very young team and a new, physical style, and werein a
transitional year). Maybe due to this lack of pressure, Asteras gave their best performance
of the League.
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Figure 5 Paok-Asteras. Zone-based player centrality based on number of passes

The game was thoroughly dominated by Asteras, who managed to engage in afast game
(well above 6 passes per minute, the ceiling reached for the greatest part of the game
against Paok, cf. Figures 3—bottom row and 8-bottom row) and more elaborated sequences
of passes (roughly twice as many as against Paok, cf. Figures 3—-top row and 8-top row). It
Is interesting to note that the clustering coefficient was rather stable (the drop near the end
of the 2nd half corresponds to the final push exerted by Apollon once they were 1 goal
down) and similar to that reached against Paok but clearly higher than that of the ER
network. This indicates the underlying passing pattern was maintained in both games but
was more effective — i.e., resulted in longer sequences of passes — against Apollon.

Note in this sense how such longer sequences of passes are correlated with shots at goal, in
particular in successful teamg?!!, As shown in Figure 2, the passing network looks more
balanced and layered than against Paok at the beginning of the match, with amore
important role of the most talented players in the midfield and a notable presencein
offensive positions. One of the tactical surprises of the match was the inclusion in the
starting eleven of Kosmas Tsilianidis as a false winger, playing in-between the Apollon
defense and midfield. As seen in the eigenvector centrality analysis (Figure 11),
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Figure 6. A snapshot of the passing network (15', 1st half) taken from the Paok-Asteras match.
Node sizes depend on degree centrality. Note the diminished role of creative midfielders such as
Iglesias(8) or Tonso (6), as well as the important role of Munafo (16) in the midfield and
Triantafilopoul os (3) in defensive positions

he was instrumental in the circulation of the ball during long phases of the match. Juan
Munafo and specially Martin Tonso during the 2nd half were the clear hubs of the game
(Paok had partly succeeded in disabling these two players, hence the more disconnected
game). Actually the 2nd half saw the ball parked deeply inside the Apollon field (Figure
10-bottom, right), indicating a clear domination of the game: sequences of up t024 passes
took place before Asteras's goal (which paradoxically was a header after a corner kick).
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Figure 7. Paok Asteras. Zone-based player centrality based on random walks

4.3 Final Match of Regular Season: Panetolikos-Aster as

The great final took place against Pametolikos, avery talented team that featured one of
the best players of the season in the midfield (Marcos Paulo, surprisingly left out of the
Ballon d' Or contest in that year despite being instrumental in his team — FC Fluninence—
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Figure 11 ApollonAsteras. Zone-based player centrality based on random walks

achieving the treble) and possibly the fastest and finest winger in the whole tournament
(Juan Roca). Indeed, the connection between these two players could have very well
tipped the balance in favor of Panetolikos had not GiorgosAthanasiadis provided an
outstanding performance. Despite the talent available on the pitch, the Agrinio’s team
engaged however in avery rough game, forever symbolized by Mazurek’s ominous tackle
on Attacking mid’s chest!?, To some extent the tactical objective was similar to that of
Paok’s — disrupt the smooth flow of the ball in the Asteras team — yet the execution was
much more questionable (and so was the condescending attitude of the referee towards it).
The game settled for the most part into avery slow pace due to the number of interruptions
(Figure 13), and sequences of passes were generally short, analogously to the game against
Paok (Figure 12). Unlike the latter game, Panetolikos succeeded in disabling Munafo but
the balance of the game followed a similar pattern in that the physical style of the
Panetolikos became less consistent as time passed. The midfield was eventually controlled
by Iglesias Mathias (Figures 15 and 16) and — despite two clear fast breaks by Roca
mentioned before — the ball advanced away from Asteras's defensive zone. The average
number of consecutive passes gained momentum at the end of the 2nd half and was rather
stable during the 1st half. Not surprisingly, the pace of the game decreased steadily during
the second half (Figure 13—right side), due to both the exhaustion of the players and the
team’s strategy shifting to a safer mode of holding possession in order to avoid conceding
alate goal and trying to exploit a more direct approach when possible. Indeed, the
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clustering coefficient during the 2nd part of the time is much lower than in remaining
games (Figure 14-bottom), which is consistent with a less structured development of the
game and larger distances between team lines. The whol e time witnessed the emergence of
Isnaldo Eugenio (Figures 17 and 18), coming from the bench to dominate the midfield,
eventually providing the assist in Iglesias’s decisive goal.

1 half 2 half

mean number of consecutive passes
mean number of consecutive passes
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Figure 12 Panetolikos Asteras. Average number of consecutive passes in the match time
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