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Abstract—Soccer is the most popular sport in the world,
with currently over three billion fans. There are various
reasons for this success, but a unique feature of soccer
stands out: every match has a high level of unpredictability.
For instance, it is not uncommon for a less skilled team to
sometimes defeat a better team. Moreover, a match that
is apparently decided in favor of a team can suddenly
change course, even with few minutes left, ending with a
completely opposite result. These highly dramatic effects
have brought popularity to this sport, making every match
a complex event where the outcome is far from granted.
This same complexity has however challenged all attempts
of data analysis: the ‘“‘secrets of soccer”, that is to say the
recipes for success, are still an unknown realm, defying
all common statistical approaches. In this study we try to
shed some light on these secrets by introducing a novel
approach that uses neural network flows. We transform
a team play into a corresponding brain-like structure, an
abstraction that we analyze using measures of efficiency,
assessing the “quality of thinking” of the brain. This way,
we can view any soccer match as an alternate battle of
minds and explore how far this parallelism can help to
solve some fundamental open problems, like finding an
effective recipe for success, and establishing the best field
control strategies.

Keywords: Soccer, football, games, sport, networks,
flows, efficiency.

I. INTRODUCTION

The game of soccer has in the latest years gained
an enormous traction, becoming widespread in almost
all parts of the world. For example, soccer is the num-
ber one sport for global audience, tv viewers, internet
popularity, number of professionals, market value and
more. Its success is due to several factors, but also
partly to its unpredictability: lovers of this sport praise
the fact that soccer is fascinating because of its lack of
apparent determinism. Within a single game, having a
better team does not guarantee success, and even teams
belonging to inferior leagues can sometimes beat world

famous top teams. Moreover, even within a single game
playing better does not guarantee success: a team can be
vastly superior as far as all common statistics (like ball
possession, shoots on target and so on) are concerned,
and then eventually still lose the game. An extreme case
of this paradox occurred for instance in the English
Premier League, when a team of underdogs (Leicester
City Football Club) won the 2016 title: Leicester won
many matches even if very often puzzlingly behind in
most game statistics. This uncertainty in games has
brought soccer to an exceptional level of popularity,
having a situation where each game, despite the level
of strategy put in by managers and players, still have
some surprise factor.

Along with the success of soccer, there have also
been interest in trying to study the complexity of the
game and unravel some of the strategies that influence
the final game score. However, even with the increasing
progress in technology and data science techniques, the
secrets of this game have still proved hard to unlock.
There have been many works related to soccer analysis
using various tools (see for instance [1], [2], [3], [4],
[5]), studies trying to identify the various kinds of team
formation ([6]), as well as studies performing general
statistical analysis so to help understand the mysteries
of this sport ([7]). However, despite all the attempts to
define and analyze significant metrics for soccer analysis
(see e.g. [8]) or to find some sense about statistical
data on matches ([9]), soccer has remained a baffling
quest for data analysis, despite the ongoing availability
of big data sets (cf. [10]). In fact, most commonly used
statistics to define a team performance (like total shots,
shots on target, shots off target, ball possession, number
of off-sides, fouls received, corners and so on) did not
manage to effectively grasp what makes a team win a
match (cf. [8]). This complexity is in fact part of the
fascinating aspects of this game: whatever the reasons
that eventually make a team win a single match, they



are neither simple nor obvious.

In this paper, which is a revised and expanded version
of [11], we tackle the problem of soccer analysis using
a different approach. The key point is to shift perspec-
tive, starting from a fundamental question: what is the
focus aspect to consider in a soccer game? The most
natural answer would be the players: the players are the
prime actors in the game, and they determine success
or failure. And so for instance, having better players
looks like an obvious recipe for success. Following this
intuition, works in the literature have been trying to
study individual player behavior, attempting to grasp
how such behavior can actually impact the game (see for
instance [12], [13], [14], [15]). However, as said earlier,
these approaches have not managed to provide definitive
answers, failing to find meaningful metrics for success.
In this work we instead change perspective, and do not
consider the individual soccer players as the main actors
of the game. Instead, we view players as subordinate to
another component: the play field. The soccer field itself
is considered as the primary component, and players
are seen as functional objects that enable information
exchange among the various zones of the field. In
doing so, we turn each match into a kind of brain-like
network, where ball passing becomes an instance of a
neural network flow, and the whole entity “playfield plus
players plus ball passing” becomes the equivalent of a
so-called Team Brain. This way we can change point
of view, and instead of looking at a match as a soccer
battle, we view it as a corresponding “battle of minds”:
whoever thinks better wins.

In this study we introduce the approach, and then test
it on real data from an international soccer tournament.
The obtained results show that this parallelism seems
to work and can help to provide valuable insights to
unlock at least some of the complexity of the game.
This allows to go beyond classic statistical approaches
(which proved to be unsuitable for the game), and to
start answering the fundamental question that is the key
to this sport: what does it really make a team win or
lose a single soccer match? We show how the quality
(efficiency) of the corresponding Team Brain looks like
the secret key to win a game, correlating qualitatively
with actual win-draw-lose results. Moreover, the Team
Brain model also provides quantitative information about
the final score, enabling to guess with high probability
the result of game.

Extending the analysis, we also investigate the Team
Brain dynamics with respect to time. In order to win do
we need a Team Brain with a few intense moments of

thoughts, or is it instead better a steady thinking flow?
In other words, is the recipe to success given by peaks
of brilliant play, or is it more important to be consistent
all along the match?

Another important problem we tackle is in-game pre-
diction power: how much can we infer the final result
also in mid-game, without waiting for the complete end-
of-game data?

Last but not least, we then also proceed to see whether
there are areas of the playfield that are more important
than others, and correspondingly find some surprising
results about the perception of a Team Brain. We show
that the “mind” composed by a Team Brain views the
play field using different geospatial metrics, and this dis-
crepancy from our classical perception could also explain
the previous difficulties in identifying proper significant
statistics for soccer. Relatedly, we also focus on the
actual physical size of the neural zones and investigate
what are the most meaningful areas to consider in order
to build a winning Team Brain.

Answering all these questions provides interesting
food for thought and helps to unravel some of the secrets
of this complex sport.

The paper is organized as follows. In Section II we
introduce the concept of Team Brain, transforming the
match of a team into a network brain-like connection
structure. In Section III we then introduce the machinery
that allows us to define how efficient such a structure can
be, which is the prelude to the next Section (IV), where
we then leverage a team match into the new concept of
“battle of minds”. In Section V we apply this approach
to real game data, showing how the performance of
the Team Brain is a key metric correlated to the final
result of a game. In Section VI we delve deeper, and
see whether we can actually get a result predictor for
a game. In Section VII we study the impact of time
on the battles of mind, and investigate its relationship
with goals and game progression. We then proceed in
Section IX analyzing whether there are zones of the
field that are more critical than others for the success
of a team, obtaining rather surprising results that revisit
concepts like midfield, forward, wings and so on. Section
X then critically analyses the concept of neural zone
with respect to size, trying to determine the meaningful
physical size range of the neural zones. In Section XI
we briefly hint at some possible future lines of research
expanding on the current analysis. Finally, Section XII
ends the paper summarizing the results.



II. THE TEAM BRAIN

In this Section we introduce the concept of Team Brain
and show how to turn a soccer match into a correspond-
ing neural structure. As hinted before, we reverse the
classic approach of considering the team players as first-
class actors, abstracting from them and focusing instead
on the playfield as primary factor, seeing players as
components of a bigger cyber-structure. In particular,
we consider team players as functional to one basic
action: information exchange. In this interpretation of the
game, “information” is brought along by the ball. So, ball
passing can be seen as an exchange of information not
among players, but instead among zones of the playfield.
In this model, using brain terminology, players can in
fact be interpreted as “neurons” performing information
exchanges among the various brain (field) zones. So, this
view abstracts from individuals, and focuses instead on
team behavior: players are worth for their contribution
to ball exchange within the field structure.

The first thing to do in order to define such cyber-
structure is to specify what are the corresponding “neural
zones”, given that the “neurons” (the players) are not
still objects, but instead they move around the playfield.
We therefore abstract from player movements and define
still areas of the playfield as main building blocks,
thus dividing the soccer field into corresponding “neural
zones” that are in fact the first-class objects to consider
in a soccer game.

This neural zones division is illustrated in Figure 1:
we divide the soccer field into 26 zones (see later Section
X for different divisions), following a grid structure.
The first 24 zones are a grid-like division of the soccer
field, and the last two (25 and 26) indicate the special
zones made by the goals. Note that the penalty areas
correspond to zones (2,3) and (22,23). We do not create
special zones indicating the goal areas, opting for a uni-
form distribution of the zones in the field (see however
Section X for an analysis of the zones size and the
corresponding implications).

Ball movement then defines connections between
these zones (equivalent to links in the corresponding
network), according to various possibilities that are listed
in the following.

In the simplest case, indicated in Figure 2a, player A
passes the ball to another player B of the same team, thus
creating a directed connection between the correspond-
ing source and target zones. Other ball movements are
possible, and each corresponds to a different information
transition.

Another case to consider is when the player itself
carries the ball running from one zone to an adjacent
one. In this case (see for example figure 2b), there is
also a directed connection from the start zone to the
target zone: the only difference is in the speed of the ball.
Using the abstraction of information exchange, this lower
speed implies a less efficient information transition when
compared to the first case. In other words, passes are
more efficient way to transmit information. We consider
this difference by differently weighting runs and passes:
the links created by passes have more weight than those
created by runs. This means that weights correspond to a
speed measure (how quickly information is transferred),
or alternatively they can be seen as a capacity measure
(how big the information channel is).

The final case to consider for link creation deals with
the special zones 25 and 26: these areas are “reached”
when a player of the opposite side shoots on target, see
Figure 2c. There are then other three remaining possibil-
ities for ball movement, and all three do not contribute
to the information exchange, and therefore do not create
links. The first case is when a pass is intercepted by
an opponent player (see Figure 2d): given the pass is
not successfully completed, it is discarded. Note that
an alternative approach would be to further distinguish
whether the pass was fruitful to the opponent team, so
counting this as a pass in the other team brain: given
this would also imply a qualitative subjective distinction
among passes, we opted for a simpler approach without
ambiguities. The second case is when a pass goes out
of the field (see Figure 2e): this also corresponds to
an unsuccessful pass and is therefore discarded. Finally,
the last possible case is when the ball is brought along
or passed within the same zone (Figure 2f): local ball
movements of this kind are also discarded, as they do
not contribute to the information transfer among zones.

We have seen how the actions of players on the
ball (note we do not care about the other movements
of the players without ball) can cause an information
transfer between two field zones. This transfer can then
be represented with a directional weighted link. Since
there can be more links between the same zones, what we
obtain when turning play time into this representation is
actually a multigraph, that is to say a graph where there
can be multiple links between two vertices. Using the
parallelism with a brain structure, zones can be seen as
neurons, and the links as synapses: so, neurons connected
one another with more synapses exchange information
more efficiently than those connected with less synapses.

Given a team within a soccer match we call Team



(a) Pass thru Zones
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(b) Carry thru Zones
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(c) Shoot on target

(f) Inside Zone

Fig. 2: Ball Movements and field grid

Brain the corresponding multigraph obtained using the
above rules. Note that a Team Brain can actually be
constructed from every temporal subset of a match (so
for instance, allowing to measure local changes during
the match): we first consider full-match Team Brains, in
order to see how their global behavior impact the actual
match performance (Sections V, VI), and then go on to
see how smaller time spans affect the Team Brain and
its relationship to the match result (Section VII).

III. MEASURING TEAM BRAINS

In the previous section we have seen how to turn the
game play of a team into a Team Brain, represented
by a multigraph network. The next step is to define a
measure telling us how well this brain can “reason”,
following the underlying idea that better Team Brains
would then correspond to winning teams. Given that the
Team Brain is modeled with the idea of neural zones
that exchange information, we use the notion of network
efficiency introduced in [16], [17]. As the name suggests,
network efficiency is (roughly speaking) a measure of
how efficient it is the information exchange within a



network. This notion has been successfully used in a
variety of fields, including analysis of brain structures
(see for example [18]). We proceed by stating its basic
definition, and then go on with its application to Team
Brains.

A. Network Efficiency

We being by introducing some basic definitions of
graph theory, and then provide the the formal definition
of network efficiency. A (simple) graph G is a pair (V, E)
where V' = {uy,ug, ..., u,}, |V| = nis a finite set of ver-
ticesand £ C VXV, E = {(u;,u;), i # j}, |[E| =mis
the set of edges that links couples of nodes. These graphs
are called topological. A graph G can be represented by
a n x n adjacency matrix A with entries a;; = 1 when
(ui,uj) € E, and a;; = 0 otherwise. a;; = 1 denotes self
loops. A weighted graph is defined as G = (V, E,w)
where w is a function that assigns real values to edges.

Metrical graphs (also known as spatial graphs) extend
weighted graphs as they are spatially embedded: that is to
say, every node exists within a space endowed with Eu-
clidean coordinates. More specifically, G = (V, E, C, w)
where C' = {(x1,91), (x2,y2) -, (Tn,yn)} is the set
of node coordinates (e.g., a spatial position in terms of
latitude and longitude) and the function w might assigns,
for instance, Euclidean distances between nodes.

The global efficiency of a graph G ([16]) can then be
defined as the average of efficiencies ¢;; between two
vertices of the graph in this way:

2itjev €ij 1 1

Egion(&) = n(n —1) - n(n—1)

i£jEG dij
Here, the efficiency ¢;; is inversely proportional to the
“distance” d;; between the two vertices ¢ and j. The
notion of distance that is used depends on the specific
knowledge about the system. For example, d;; can have
different meanings in unweighted and weighted net-
works: in the first (unweighted) case it could be defined
as the number of hops between two nodes in the shortest
path (a choice giving rise to the so-called fopological
efficiency), whereas in the second (weighted) case it
could be defined as the sum of all edge distances in the
shortest path (a choice known as metrical efficiency).
In general, global efficiency is a convenient universal
measure also because it applies equally well both to
connected and to unconnected networks (assuming that
unconnected vertices have an infinite distance).
Efficiency can be applied also to weighted graphs and
to multigraphs, such as the current case of the Team
Brain. First, every weighted graph (where the weight

correspond to capacity of the channel) can be turned into
a corresponding metrical graph by dividing the original
distance between two vertices by the corresponding
weight of the edge. Secondly, a multigraph can then be
turned into a weighted graph by summing up the weights
of each multiple link, thus obtaining a single link with
the sum of the weights.

The numerical range of global efficiency, as defined
above, ranges from 0 to 400, but in practical applications
it is often more convenient to normalize it, so to deal
with a limited range of values. The classic normalization
procedure for efficiency is to divide the unnormalized
value defined above by the so-called ideal network K,,
so obtaining a normalized version of efficiency defined as
Egoy™ = E9(Q)/Egiop(Ky). Here, the ideal network
is defined as the most efficient network that is possible
within the given context. The classic definition of K,
(cf. [19]) takes as ideal network of a given network the
corresponding fully connected graph (therefore obtaining
a graph with n % (n — 1)/2 vertices). The vertices in
the ideal network are then connected in the fastest way
allowed by the given context (the given graph). In the
specific case of a metrical multigraph (as the one we
are dealing with) this means that the distance between
every pair of vertices in the ideal weighted graph is given
by their physical distance on the field divided by the
maximum weight of the original weighted graph.

As an example, consider for instance the graph in
Figure 3, where the link with maximum weight is the
one between node 10 and node 11: the ideal network in
that case is the fully connected graph where the distance
between every pair of vertices is their physical distance
divided by that maximum weight.

This normalization procedure leads to a range for
normalized efficiency of 0 < E}7%™(G) < 1 (so, the
value O corresponds to the least efficiency network, and
then efficiency can grow until the maximum value of 1,
corresponding to the most efficient network). For better
readability, in the following (unless stated otherwise) we
will use the term efficiency to indicate the normalized
global efficiency.

B. Team Brain Efficiency

Having seen how network efficiency can also be
applied to multigraphs, we can then use it to measure the
behavior of Team Brains. In order to do so, we simply
turn each Team Brain multigraph into a corresponding
metrical graph: the final distance (d;;) between two areas
7 and j is obtained dividing the metrical distance between
the two areas (calculated for instance point-to-point from



the center of every area) by the sum of all the weights
of the links from i to j.

For instance, the Spanish Team Brain corresponding
to 15 minutes (for better graphical visibility) of the 2008
match Spain vs Sweden is shown in Figure 3.

i e 13 17 21
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Fig. 3: Fifteen minutes of the Spanish Team Brain (2008
European Championship Spain vs Sweden)

We can then calculate for every Team Brain its corre-
sponding global efficiency (roughly speaking, indicating
how well the Team “thinks”), and use that measure to
compare Team Brains, therefore passing from a soccer
game to a “battle of minds”.

An important thing to notice is that the number of
passes could be different for each team, therefore risking
privileging the team with higher ball possession: in other
words, the efficiency of a Team Brain could just be a
by-product of ball possession. In fact this is not the
case because we use efficiency, which is normalized
with respect to the best network: the latter (remember
the definition of normalization stated in III-A) is based
on the maximum weight (maximum number of passes).
This means that having a network with more links (a
Team Brain with more connections) does not necessarily
imply a bigger normalized efficiency: the unnormalized
efficiency (Fq05) gets bigger, but on the other hand the
efficiency of the ideal network might also get bigger,
depending on the maximum number of passes among
zones. In practice, this means that even if a team collects
more passes than the other one, this does not necessarily
imply a better efficiency, and in fact it could well be
quite the opposite, depending on the distribution of the
passes. The normalization process of efficiency therefore
makes the analysis not just dependent on the number of
passes of a team, and so makes the analysis different
from ball possession (which is anyway a statistic that, as
said earlier, does not manage to capture the complexity
of soccer).

IV. TEAM PERFORMANCE AND BATTLES OF MINDS

The alternate view of a soccer match as a “battle of
minds” allows to then look for correlations between these
two worlds.

However, when dealing with the soccer world, we have
first to define what level of detail we are interested in.
For instance, we might be interested either in the final
score of the game (a very precise outcome), or in a lower
level of detail, like for instance just knowing who the
winner is, independently on the number of scored goals.
We investigate both choices, defining the corresponding
two ways of expressing the performance of a team in a
match.

As said, one way to define the performance of a team
is to consider the result, comprehensive of the scored
goals. At this level of detail, a win by 3 to 0 (say) is
superior to a win by 1 to 0. We therefore define the
delta performance (within a set soccer match) as the
difference between the number of goals scored by a team
and the number of goals scored by the opponent. The
delta performance is therefore an integer that can assume
both negative and positive values.

The second way to define the performance of a team
is to abstract from the precise number of goals, and just
consider the result: win, draw, or loss. We call this the
win performance, and model it as a three-valued range
+1, O or -1, representing respectively win, draw or loss.

We can then explore the relationship between battles
of soccer (soccer matches), using either definitions of
performance, and battle of minds (Team Brains). In the
Team Brain view, a battle is a comparison of efficiencies:
in order to obtain again a single score, we can just
consider the relative efficiency of a Team Brain versus
another one as the ratio of their efficiencies.

V. CORRELATION RESULTS

Having defined how to turn a soccer match into a bat-
tle of minds leads to the next step: is there a correlation
between these two views of the game? In other words, is
the concept of a Battle of Minds (with its related concept
of better thinking given by the measure of network
efficiency) truly representative of the game result? Can
we semantically compress a complex game dynamic
into this abstraction, therefore obtaining insights on the
fundamental forces leading to winning or losing a game?

In order to test this hypothesis, we considered the
matches of the (final phase of the) European Champi-
onship 2008 (made up by 16 teams, and 31 matches over-
all). The choice of this competition was made because
of the reasonable number of tournament matches (versus



a whole national championship, for instance), and the
availability of all the recorded matches by one of the
authors. We then performed via video play (and replay) a
visual analysis of the matches and corresponding manual
creation of the ball transitioning dataset. Note that the
dataset was manually compiled, given the present lack
of publicly available soccer datasets having accurate
ball passing information (see the discussion in Section
XI), which for the moment made hard to actually also
consider other championships.

From the dataset we then extracted the corresponding
Team Brain multigraphs, and then proceeded with the
calculations of the “battles of minds” and correlation to
game performances (both delta and win performance).

The correlation for the case of delta performance
turned out to be 0.80, whereas the correlation for the
case of win performance 0.75. The first thing to note
is the very high level of correlation in both cases,
which clearly shows that the efficiency of the Team
Brain is a surprisingly good indicator of how well the
team performs on the field. The second thing to note
is that in fact when abstracting information (passing
from delta to win performance) the correlation lowers:
an indication that Team Brain efficiency is apparently
a more precise quantitative indicator, and not only a
qualitative indicator, for the final result of a team.

VI. PREDICTION RESULTS

Apart from correlation, we might also want to inves-
tigate the relationship between battles of minds and the
actual result of a match in a different way. Correlation
tells us there is a general correspondence between these
values, but like every average value there might be also
cases where the correspondence is not perfect (and so,
for few individual matches, the battle of minds might
not perfectly coincide with the outcome of a match). So,
in addition to a global correlation measure, we can also
focus on individual matches, and try to see what is the
local (for a single match) prediction power of the battle
of minds versus the outcome.

However, in soccer games (unlike some other games)
the outcome is three-valued, given that each team can not
only win or lose, but also draw. Ideally we would like to
check whether via the Team Brain concept we manage
to distinguish among all these three results, but there is a
potential problem: when mapping game performance to
real numbers (in our case, the [0, 1] range of efficiency)
how do we define a draw result? Imposing exact numeric
equivalence seems unfeasible, given that efficiency is
after all an estimation.

Given we are comparing two numbers, we can go
back to a two-valued outcome by testing for “weak
prediction”, defined as predicting whether a team will
win or draw. In other words, weak prediction can tell
us whether a team is generally superior, in that at least
it will not lose versus the other. In terms of battle of
minds, this is equivalent to test whether any time a team
has a better (>) efficiency than another then the same
time either wins or at least draws. Checking for weak
prediction on the dataset reveals that the battle of minds
has 96.77% accuracy: every match successfully passes
weak prediction, apart from one, the championship final
(Germany vs. Spain, result O to 1), where the battle of
minds is in favor of Germany (1.49 ratio). Overall, we
can see this 96.77% successful result as a further confir-
mation of the intuition behind the battle of minds, in that
it provides not only a global (correlation) correspondence
(both for winning and delta performance), but also weak
predictive power for individual matches. Failure in the
championship final can be accounted either for the very
special status of that match, where maybe also other
additional factors (extreme psychological pressure?) con-
tribute, or to the general complexity of soccer itself, that
makes soccer games not yet fully explainable.

What if we want to go beyond weak predictions, and
see whether the draw result can somehow be grasped?
That is, what about exploring “full prediction”, where
we try to deal with the full three-valued outcome of
a game, and so see whether from a single battle of
minds we manage to also grasp the eventual draw result?
In fact, having weak predictive power as seen above
might not necessarily imply any kind of predictive power
for the draw result itself. In order to have predictive
power for the draw result we can for instance employ
thresholds: check whether the efficiency values for draws
are separated from the efficiency values for wins. If
we have separation, we know that (given that weak
prediction works, as seen above), we can eventually
define a function using thresholds that can separate draws
from wins, and so get full predictive power.

In fact, analysis of the data reveals that, apart from the
aforementioned championship final, there is a threshold
that can successfully separate all draws from wins, given
that for all matches the highest draw value of a Team
Brain (1.55) is lower than the lowest win value (1.84).
So, we can for instance set a threshold to 1.6, and obtain
a win-or-draw full predictor, defined as

o If the efficiency of the Team Brains of Team A and

B in a match is respectively F(A) and E(B), then

o if E(A) > E(B) and E(A) > 1.6 then A wins



e if E(B) > E(A) and E(B) > 1.6 then B wins
e otherwhise, A and B draw

which, again, has 96.77% accuracy. Note that the
mismatched brain battle value in the championship fi-
nal (1.49) stays within the draw zone, thus somehow
showing this unique mismatch was not that deep as to
indicate victory instead of defeat.

VII. GLOBAL VERSUS LoCAL TIME

So far, we have correlated the outcome of battles
of minds with the game result. The same definition
of battles of minds relies on calculating the overall
efficiency of the brain-like structure generated during the
whole game. One might wonder whether in fact there are
also local variations of efficiency that matter during the
match. In other words, is the overall result the by-product
of a “thinking process” that has to take into account the
whole match, or can we also focus on smaller time scales
(parts of the match)? We delve into this question by first
focusing on goals, and then on game progression.

A. Goals and Bursts

Goals are the climax of every soccer match, and they
determine the result. So, it is interesting to see whether
something special happens in their time proximity: in
other words, is there significant change in the thinking
of the mind of a team before a goal? Can it be that a goal
is just the by-product of a better time-local thinking of a
team during the match? If this is the case, then the overall
correlation and prediction results that we have obtained
so far could have a further explanation: goals might be
provoked by “bursts” of faster local thinking (increase
in efficiency), causing a goal to be scored. So, a team
might be thinking normally, and then some ‘“thinking
burst” might occur, causing a goal to be scored.

We tested this hypothesis by analyzing for each team
the fractions of a match that occur before scoring a goal
(using a time span of five minutes), and comparing them
with the other parts of the match (averaging the other
remaining five minutes parts), so to compare the “speed
of thought” before a goal versus the average thinking be-
havior during the match. More formally, the time division
is done as follows. If ¢1,...,t, are the times at which a
team scored its n goals, we can define the time periods
[t1—5m)],...[tn, —5m] , where 5m stands for 5 minutes,
as being the “pre-goal time slots” (in case t; < 5m we
discard the period, being too short for comparison). We
then divide all the remaining game time into 5 minutes
interval (the “no-goal time slots”) by starting from the
beginning of each pre-goal time slot (¢; —5m) and going

backwards ([t; — 10m, t; — bm], [t; — 15m, t; — 10m], .. .,
always disregarding a time period if its length is less
than 5 minutes. In order to cover also time after the last
goal t, we add a fictitious goal time ¢, coinciding
with the final time of the match.

So for instance if a team scored two times
at 12m02s (12 minutes and 2 seconds) and at
61m23s, and the match ended at 91m56s, we consider
the pre-goal time slots to be [7m02s,12m02s] and
[56m23s,61m23s|. The remaining time is divided into
5 minutes slots as described above, obtaining the no-
goal time slots [2m02s, 7m02s], [16ms23s,21m?23ss],

., [1m23s,56m23s|, [61m56s — 66m56s|, ... ,
[86m565s,91mb56s].

The results, somehow surprisingly, showed that there
seem to be no special behavior of a team before a goal: in
fact, the efficiency before a goal is fluctuating, sometimes
bigger sometimes smaller than the average: correlating
the pairs (efficiency of a pre-goal time slot, average
efficiency of the non-goal time slots in the same match)
for all the matches we obtain -0.16.

We did the same test by also tackling the dual case,
that is analyzing the fractions of a match before a
goal scored by the other team, obtaining similar results
(fluctuating behavior, and correlation 0.13)

Summing up, the overall result of a match seems
more influenced by the global thinking behavior of a
team, rather than by isolated bursts of faster (or slower)
thinking.

B. Game Progression

In Sections V and VI we have investigated the various
relationship between battles of minds and game perfor-
mances. Localizing time near to goal events, as seen
in the previous subsection, does not provide significant
result, emphasizing the importance of global long-term
thinking versus short-term local bursts. However, how
critical it is to consider the whole match, versus a part
of it? For instance, we might question whether half times
are already enough to say something about the result, or
if on the contrary we do need the whole match thinking
behavior in order to get high correlation and prediction
power. We investigated this aspect by analyzing game
progression, that is calculating the battles of brains not
only at the end of the match, but instead progressively
during the match. This also allows us to see whether
games are somehow already determined after a certain
period (given the prior behavior of the teams), or if
instead they stay uncertain until the very end.



The obtained results are summarized in Table I, where
we show the progressive behavior of the battle of minds
using six time divisions The first row shows the corre-
lations values for delta and win performances, whereas
the second row (precision) shows how precise the results
are w.r.t. the ones obtained by the full end of game
analysis. The third row (linear gain) shows the difference
between the actual precision of the analysis versus a
linear precision progression (so, showing how fast the
augment in precision is).

As we can see, the first interesting thing to note is
that there is always positive correlation, starting from
the first span of 15 minutes into a match: so, even a
small beginning of the match can already provide some
(weak) indication on the outcome.

The second thing to note is that the precision of the
analysis then grows monotonically with time, therefore
providing a better and better correlation and prediction
for the result, giving significant values of correlations al-
ready at half time. In fact, the level of precision obtained
after 30 minutes in the second half is so high (96.3%
and 94.7% for delta and win performances respectively)
to make the last part of the game almost superfluous: in
other words, the outcome of a match seems to be dictated
by the behavior in the first 75 minutes.

Last but not least, it is interesting to see that precision
does not proceed proportionally with time, as shown
by the linear gain row: the first 15 minutes provide a
considerable gain (+17.3% and +21.6%), which then pro-
gressively decreases at 30 minutes and at half time, until
15 minutes in the second half where it then stabilizes
(always in a super-linear gain) until the end of the game.

VIII. UNDERLYING FIELD STRUCTURE

We have previously stressed the fact that the basic
constitutive layer of the Team Brain is made by the
physical soccer field. The correlation results between
Team Brain efficiency and performance then tell us
that what really matters is the ball movement, that is
the equivalent of a transmission exchange (a “thought”
in brain terminology). This information exchange (ball
passing) occurs within a geometrical environment (the
soccer field), with its notion of distance.

We might wonder how much this physical structure,
with its actual distances, is a factor for game success. In
other words, what happens when for instance we drop
distances, passing from a metrical space to a topological
one (in other words, imposing that all distances are
equal)? Dropping distances allows us to verify whether
ball passing is heavily depending on the underlying

physical structure, or all it matters is actual ball circu-
lation. We therefore proceeded to calculate correlations
in this topological case, obtaining new values of cor-
relations: 0.76 for delta performance, and 0.70 for win
performance. So, this correlation drop shows that the
underlying metrical structure does in fact play a role,
and taking it away means having a Team Brain structure
that is less representative of the final result of a match.

IX. CRITICAL AREAS AND FIELD PERCEPTION

Given that distances do matter, we might go further,
and ask an even more challenging question. Does the
Team Brain perceive the field in exactly the way we
perceive it? In other words, the Team Brain interacts with
the underlying field structure, and dropping its metrical
information (as seen previously) degrades performances.
But the metric information we have provided to the
Team Brain is the plain one given by field geometry:
Euclidean distances on the field. It might be that the
Team Brain senses the field differently, using a different
geometry. So, for instance, some areas of the field
might be perceived as more important than others, and
correspondingly the geometry of the field be different.

These kinds of questions can be answered by modify-
ing the metrical structure of the playfield and observing
the effects on the Team Brain (and related correlations
to performance). In other words, just like taking away
good metrical information leads to worse correlation,
other metrical modifications leading to better correlations
could be the indication that the Team Brain senses the
field in a different way than the ordinary.

We therefore proceeded to analyze whether there are
critical areas or not: in other words, if some areas of the
field are sensed as more important than others, and so the
corresponding perceived geometry of the field changes
from the perspective of the Team Brain. Figure 4 shows
the seven main scenarios that we tested when looking for
critical areas, and corresponding different perceptions.

For instance, the first scenario (4a) checks for differ-
ences between the wings (highlighted in red) and the
rest of the field. What we do is to alter the distances
of ball passes ending in a wing side and observe the
effect on the Team Brain efficiency correlations. Note
that altering distance can also be seen, equivalently, as
changing capacity, given the correspondence between
these two concepts that are combined together in the
final abstract distance (cf. Section III).

We do the same for other scenarios, like the dual one
(central stripe area, Figure 4b), two scenarios checking
on the importance of “forward” in soccer (half forward



TABLE I: Game progression and effectiveness of the battles of minds (delta / win)

Time | 15min | 30min | Half Time | 15 min (2" half) | 30 min 2" half) | End Game
Correlations 0.23/027 0.38 /0.4 0.48 / 0.4 0.62/0.54 0.77 / 0.71 0.80 /0.75
Precision 288 % /36% | 41.5% /58.7% 64% 1 55% 71.5% 1 72% 96.3% / 94.7% | 100% / 100%
Linear gain || +17.3% / +21.6% | +14.3% / +17.6% | +12.8% / +11% | +11.6% / +10.8% | +11.6% / +11.4% | 0% /0%

(a) Wings Area

(d) Forward Area

(b) Central Area

(c) Half Forward Area

(e) Midfield Area

(f) Core Area

(g) Extremes Area

Fig. 4: Critical Areas of the playfield

area, Figure 4c, and forward area, Figure 4d), two
scenarios checking for the importance of the midfield
areas (Figure 4e for the classic midfield, and Figure
4f for the core central area within midfield), and the
scenario dual to midfield (the “extremes”, Figure 4g).

For each scenario, we tried various modifications,
ranging from diminishing distances (up to a 0.4 multi-
plicative factor) to stretching them (up to a 3 multiplica-
tive factor), both for the length (“x” axis) and the width
(“y” axis). We hereby summarize the results, proceeding

from the first scenario to the last one:

+ Wings area: modifications didn’t produce much
changes in correlations, obtaining in fact worse
results, with the exception of distance stretched by
2 in the x axis (which produced a slightly higher
correlation of 0.83)

« Central area: results got worse, except for distance
stretched around the 0.5 value in the y axis (corre-
sponding correlation value of 0.90)

« Half-Forward area: worse results, apart from the



case of distance stretched by 2.0 in the x axis (0.81)

o Forward Area: same results as Half-Forward

o Midfield Area: same results as Half-Forward, but

with correlation value of 0.91

e Core Area: worse results

o Extremes Area: same results as Half-Forward

These results can give significant insights for actual
game strategy. First, they say that some zones that
are currently highly valued in soccer, like wings, half-
forward and forward are not more important than the
other zones (!). In other words, rather paradoxically,
pushing the ball “forward” is not necessarily good for
winning the game: the concept of “forward” is not better
than ball passing in the other zones, making up for a
balanced Team Brain structure. The same for the concept
of wings or core: forcing gameplay along the wings or
the field core is not better than using the other zones,
and so usage of the wings and core areas is equivalent
in importance to the other parts of the field.

The other results concern the Central and the Midfield
area. The results show that the midfield area has a
bigger perceived importance along the x axis (in other
word, it is crucial to quickly pass midfield along the
direction of length), whereas the central area has a lesser
importance when passed along the y axis. But even
more interestingly, these two scenarios are geometrically
symmetrical, and have the best correlation value that
is geometrically dual: 0.5 y stretch for Central, and
2.0 x stretch for Midfield. The corresponding perceived
geometries would then be very close to each other, which
brings us to a further hypothesis: what happens if we use
these stretching values, and use them uniformly all over
the field? In other words, what happens when we try
to combine these two scenarios into one, and apply the
stretching to the whole field?

We then applied these modifications to the whole
field and obtained the following results: correlations
got worse when we shrank the field along the x axis,
whereas they increased when we enlarged it, reaching
a peak around the 2.0 stretch, with a rather impressive
correlation value of 0.92 (the highest so far obtained!).
This means that the two single scenarios (Central and
Midfield) can be seen in fact as partial views of the single
unified scenario, and corresponding geometry: the Team
Brain senses the field as twice longer compared to our
“normal” senses (see Figure 5). So in a sense, it is two
times more difficult to move the ball along the direction
of length, and the corresponding perceived geometry
changes. Interestingly, this top level of correlation (0.92)
stays the same both in the delta performance and in the

win performance case, making the perceived geometry
nicely sweep away the differences between quantitative
and qualitative correlations to performance.

X. NEURAL ZONES SIZE

In order to extract a brain-like network structure from
the playfield, we have divided it into 26 zones. Apart
from the two special zones corresponding to the goals,
one might wonder whether this division is the only pos-
sible one. While it is an intuitively reasonable division,
allowing us to distinguish between center and wing areas
(in the horizontal axis), and allowing to distinguish in
each midfield between forward and backward zones, the
question may arise of whether there are other possible
divisions that are still meaningful. In other words, the
current division proves that the neural zones, as defined,
are meaningful, that is to say the physical area they rep-
resent do play a role, and constitute a kind of “building
block” for the game. But what about smaller, or bigger
areas? What happens when we change scale, and pass
to finer (or larger) divisions? Are the physical areas that
the division generates still meaningful? In other words,
with the original neural zone division we have imposed a
certain scale factor, but we still don’t know what happens
when we change scale, given that other scales could
provide better or worse results (cf. [20]).

Stating the same problem from the game perspective:
when we talk about zones to control in the playfield,
and that need to be properly connected in order to win,
can we say something more about the actual size of the
zones? What is the best granularity in a strategy of field
control and ball passing that a team should focus on?

In order to investigate this issue, we can proceed by
using different sizes for the neural zones, using other
grid divisions. Given the current grid division is 4x6
(playfield width divided by 4, and length divided by
6) we can for instance experiment with wider zones
(playfield width divided by 1-3, and length divided by
1-5) as well as with smaller zones. However, while
experimenting with other grid divisions is apparently not
a problem, there is a problem we must face when dealing
with the data set. The current data set has been collected
by using the 4x8 grid structure, and as such positioning
of the ball movement has been recorded as relative to
the default neural zones. Therefore, we currently lack
more precise positional information, and as such the only
alternate grids that we could use are the ones “subsumed”
by the current 4x6 grid, that is to say the grids 4x3, 4x2,
4x1, 2x6, 2x3, 2x2, 2x1, 1x6, 1x3 and 1x2 (omitting the



Fig. 5: The Soccer Field geometry as perceived by the Team Brain

trivial grid 1x1). So, we could investigate larger neural
zones, but not smaller ones.

In order to overcome this problem, we proceed to
simulate a finer positioning of the ball: for each ball po-
sition recorded within a certain neural zone, we proceed
to calculate a random position within the same neural
zone. This way we can simulate a dataset with precise
positioning (under the assumption that the positions
within a neural zone are almost equally distributed), and
consequently use also other grid divisions, so to fully
explore the issue of the more meaningful sizes of the
neural zones.

Table II shows the result for various grid combina-
tions, corresponding to divisions of the “x” length axis
from 3 to 9, and divisions of the “y” width axis from
2 to 6, showing the corresponding levels of correlations
with delta performance and win performance.

The obtained data show various interesting things.
First, the grid division 4x5 gets almost equal precision as
the base 4x6 one. Second, the values tend to get worse
as far as we go further away from the 4x5 and 4x6 grids,
both with larger and with smaller neural zones. Third,
this decrease in the correlations is not linear w.r.t. the
differences in the grid size: whereas the grid sizes close
to 4x5 and 4x6 still maintain somehow high correlations,
the values rapidly degenerate when further deviating
from those sizes.

So all in all, this is an indication that in fact there
are some more meaningful sizes for the neural zones,
corresponding to the 4x5 and 4x6 grid divisions. Other
sizes close to these ones are still meaningful, but their
significance rapidly diminishes the moment we go to
smaller or larger sizes.

Anecdotally, an interesting thing to note is that the
number of zones in the two best cases (4x5 and 4x6) is

respectively 20 and 24, whereas the combined number of
players is 22: so, there might be some kind of correlation
between the number of players involved in the game,
and the consequent distribution of the critical zones to
control in the field: in this respect, it would be interesting
to test this hypothesis with other sports (like for instance
basketball) having similar ball movement principles but
a different number of players.

XI. FUTURE WORK

In order to further expand on the current analysis, the
key factor to future work is collecting more data with
enough level of precision: data about match results are
widespread, whereas data about ball passes are available
commercially but not academically. In fact, such larger
datasets could automatically be collected using computer
vision techniques for ball tracking (see for example [21])
allowing not only to better validate the results presented
here but also to reason at a larger scale. For instance,
we could focus on what happens to a single team going
beyond a single game: how does the Team Brain of
a specific team change during the season, or versus
the same opponents in different matches? Similarly, we
could apply this kind of analysis to specific sets of teams
(correlation of large number of matches rather than sin-
gle matches). Another interesting idea worth exploring is
to verify the potential of in-game progression prediction,
as per Subsection VII-B, with respect to betting systems
(cf. [22], [23], [24]).

Larger automated datasets might also make sense of
the current anomalies (think of the championship final),
as well as allowing to apply this approach to other
sports that are always based on ball passing, like for
instance basketball ([25]), volleyball, cricket and so on,
seeing whether the same neural approach can be used,



TABLE II: Grid divisions and correlations to delta / win performances

‘ x:3 ‘ x:4 ‘ x:5 ‘ x:6 ‘ x:7 ‘ x:8 ‘ x:9
y:2 | 0.13/0.09 | 0.40/0.35 | 0.51/045 | 0.56/0.51 | 0.48/0.43 | 0.37/0.33 | 0.21/0.15
y:3 | 028/023 | 0.66/0.62 | 0.73/0.70 | 0.76 /0.72 | 0.70 / 0.68 | 0.56 / 0.50 | 0.39 / 0.33
y:i4 | 032/024 | 0.67/0.62 | 0.79/0.76 | 0.80/0.75 | 0.74/0.71 | 0.61/0.54 | 0.44/0.36
y:5 |1 024/0.19 | 0.61/0.56 | 0.65/0.58 | 0.66/0.61 | 0.63/0.59 | 0.53/0.48 | 0.36 /0.31
y:6 | 0.11/0.07 | 0.38/0.34 | 049/043 | 0.51/047 | 047/0.42 | 0.33/0.30 | 0.17/0.13

and what similarities or differences eventually exist. This
would allow to look for fundamental principles that can
be applied to unravel the complexity of many different
sports.

XII. CONCLUSIONS

In this study we have introduced a new model of
soccer analysis, based on the key intuition that players
are not first-class entities, but are rather parts of a
primary entity (the soccer field), and are functional to
the common goal of information exchanges among its
various zones. The soccer field becomes the equivalent
of a brain container, and the players play the role of
neurons, thus acting within a combined cyber-entity by
activating neural network flows. This way we are able
to turn soccer games into “battles of minds”, and see
whether this change of perspective is able to actually
grasp the key for success within a single match. The
obtained results show that this approach is extremely
promising, providing a high level of correlation between
the efficiency of a Team Brain structure and the final
game results, as well as predictive capabilities. We have
also shown how the quality of thinking of a Team
Brain is more important, from the time perspective, at
global level than at local level: the recipe for success
seems to be having a Team Brain that has a steady
good functioning, rather than relying on sudden “bursts”
of better thinking to score a goal. Also, the dynamic
evolution of the Team Brain structure during the game
shows that the actual building process is monotonically
progressive and give more and more information about
the final result. This information augmentation follows
a super-linear growth that tends to make the last part of
the game less important: in other words, surprises in the
last part of the game might in fact just be the product of
the quality of thinking that had been accumulated during
the match, and not instead a special time zone somehow
detached from the rest of the match.

We have also performed an analysis of the critical
areas of the soccer field, that somehow revisited some
concepts given for granted in the soccer community.

This brought to quite surprising results, showing that
some common sense in soccer (like the importance of
“forward”, of core midfield, of wings play) might be in
fact not accurate at all: the real important thing seems to
be the right balancing of passes among the various areas,
producing an overall more efficient brain-like structure.
These counter-intuitive results might also explain the
failure of common statistics like ball possession, shoots,
corners and so on, to grasp the ultimate secret for
winning a soccer game. We have also seen how the actual
perception of the soccer field by the Team Brain is likely
to be different than the normal physical one, producing
a kind of “alternate reality” where the field is perceived
using a different geometry, actually stretched two times.

Finally, we also have devoted some attention to the
scaling granularity of the neural zones, showing that the
most meaningful sizes truly defining the concept of a
“zone of interest” in soccer are given by 4x6 or 4x5
grids, and so are in a range of 20-24. These are the zones
that need to be considered by a team when looking to
produce an efficient Team Brain, and consequently win
the game.
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