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Abstract: Direct competitions involve competitors that mutually contend for the same resource or objective. A
controlled, well-documented, and data-rich field involving direct competition is represented by sports. Usually
the winner of sports competitions is believed to be the one with the greatest talent, however, there are other
factors that contribute to the outcome of a competition, there are in fact random, unpredictable events that can
change the outcome of a competition. For this reason, if one wants to understand the properties of a competition
is necessary to have a method to evaluate the importance of the talent or aptitude of a competitor, as opposed to
the importance of chance, in determining the outcome of the competition itself. In this work we study the sport of
tennis using the data obtained from the Association of Tennis Professionals (ATP) tournaments. We construct an
agent-based model that is able to produce data analogous to the real one; this model depends on three parameters,
the talent, the action of chance, and the weight of talent. In particular, we don’t fix the values of these parameters
and we fit the model results using a genetic algorithm, in this way, we study all the possible combinations of
parameters, in the parameter space, that are able to reproduce the real systems data. We show that the model
fits well the real data only for limited regions of the parameter space. On these limited regions of the parameter
space are possible further optimization of the model results, limiting the values of parameters. In this way, our
agent-based model, by means of this genetic algorithm calibration, is able to provide us with useful information

without any a priori constraints.

Keywords: agent-based model; tennis data; success; genetic algorithm

1. Introduction

The study of competitions is an important topic concerning different scientific fields, physics

[1,2], biology[3], economics [4], etc. This interest is justified by the fact that competition is a common
phenomenon in nature and society, and so it is important to understand its mechanics. When we think
about the outcome of competitions, we assume that they are determined almost exclusively by the
talents, properties or inclinations of the competitors, but this is not the case as general studies have
recently demonstrated [5,6]. A lot of other work has been done to understand the recipes for success
[7-10], and it seems that the outcome of the competition depends on a series of factors, among which
the action of chance, represented by all the events that cannot be predicted a priori, plays a major role.
In order to better understand competitions, we want to focus on sports, which gives us access to a
large amount of data. For this type of competitions, previous studies, [11-15], although using different
approaches, have again shown that the talent or preparation of the athletes is not the only factor
determining the outcome of competitions and that the action of chance is an important component of
competitions.
To study the phenomenon of competition, previous works [11-13] have developed multiparametric
models capable of reproducing the data of real competitions, the calibration of these models has been
obtained by fixing some parameters with reasonable values extrapolated be antecedent works, with
these constraints, the models have been able to provide information regarding the role of chance in
contraposition to that of talent in determining the outcome of competitions.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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In this paper, as in other works cited above, we want to construct an agent-based model [16], a type of
model used for the study of complex systems [17,18] in a wide range of scientific fields [19-21]; useful
for reproducing relations between simulated agents and a virtual environment composed of a set of
rules.

However, we want to avoid constraining the parameters of the model, in order to obtain information
on all the parameters that are important for the competitions, according to the model, and so obtain
also information that has been inferred in other works. In particular, we concentrate our study on the
sport of tennis using the data from the Association of Tennis Professionals (ATP) tournaments [22-24].
Tennis is a sport in which two individuals compete against each other, it is an example of direct
competition, where the two competitors are somehow linked to each other, in fact, in this type of
competition an event that favors one competitor will at the same time disadvantage the opposing
competitor.

for a direct competition of the 1 vs 1 type, based on the sport of tennis, in order to simulate the tennis
matches and replicate the tournaments data. The model constructed in this way depends on a set
of three parameters, the weight of talent, the standard deviation of the talent distribution, and the
standard deviation of the chance distribution. Thus, we infer the shape of the talent and chance
distributions, chosen to be Gaussian and symmetric with respect to zero. but we don’t set other
constrain on the possible values of the parameters.

Having few assumptions about the values of the parameters, we use a genetic algorithm [25] and
related computations to explore a large number of possible combinations for the parameters to calibrate
the model on the basis of the real data. In order to better understand the results of our calibration, we
therefore use the talent distribution used in previous work to reject some unrealistic results and thus
obtain information about the role of chance and talent encoded in the values of the parameters used in
our model.

2. Materials and Methods
2.1. Data Preparation

In order to construct a model of the direct competition for the sport of tennis, we need to prepare
the data in a way that highlights the properties of the system. In particular, the data used in this paper
consists of 108411 matches played in 2125 tournaments, these are men’s singles matches that belong
to the ATP tournaments from 1991 to 2021 of the Grand Slams, Masters 1000, ATP 500, and ATP 250.
Acquired using online resources [22-24].

We want to estimate the performance of the two competitors involved in a match, with this type of
information it is then possible to aggregate all the performances of all the players involved in all the
matches to construct a distribution of the performance that we can then try to reproduce with a model.
We decided to construct a numerical estimate of performance based on the simple match score. In fact,
the score can be seen as the result of the total balance of "positive" and "negative" actions performed by
the two competitors during the match.

To understand how this performance value is constructed in the case of tennis matches, it is necessary
to briefly summarize how points are awarded in this sport [26,27].

In tennis, the winner of a match is the player who wins at least two of three sets in a three-set match,
or wins at least three sets in a five-set match.

A set is conquered by winning at least six games and trailing the opponent by at least two points. If
both players win at least six games ending in a tie, a tie-break is played, which consists of an extra
game to decide the set winner.

A game is won by the first player to score 4 points, with an advantage of at least 2 points over his
opponent; if this is not the case, the game continues until one player scores 2 points more than his
opponent and wins the game.

What is used to calculate a numerical value for the performance is the total number of points scored
during the sets by the two competitors involved in the match. So the number of sets and games won is
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not taken into account, only the cumulative score, with the additional information about the winner of
the match, the data is split into the performance of the winner and the performance of the loser.

In order to calculate a performance value that takes into account the score and is expressed using
a number between 0 and 1, it is natural to use the ratios between the scores of the two competitors
and the total number of points scored by both during the match. By defining the performance in this
way, the value obtained for the winner of the match is linked to the value obtained for the loser in a
specular manner, so if the performance of one player is underwhelming, the performance of the other

is enhanced, decoupling the two performances would be extremely difficult.
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Figure 1. In these figures we show the characteristics of the real and simulated data, highlighting the

similarity of the data obtained. In (a) the histogram is constructed by taking into account the score

performance values obtained from the 108411 matches played in the ATP tournaments from 1991 to

2021. The values for the winners are shown in blue, the values for the losers are shown in red, in the

center is visible an intersection between the curve obtained for the winners and the curve obtained

for the losers. In (b) the figure shows the trend of the FWHM of the score performance distributions

with respect to the stages of the tournaments. A number is assigned to each stage, 0 is assigned to the
final, 1 to the quarter-finals, etc. A linear fit is also shown to highlight the trend of the FWHMSs. In (c) is
shown the score performance distribution obtained using the agent-based model to simulate 10000

tournaments with 128 agents participating in each, with fixed parameters equal to a = 0.3, o+ = 0.2, o

=0.2. In (d) we show, for the same number of simulated tournaments and parameters, the trend of the

FWHMs of the score performance distributions for the different stages of the tournaments. A number

is assigned to each stage, with 0 being assigned to the final.
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That’s why in the distribution of the score performance shown in Figure 1(a), are presented two

histograms, one, representing the winning players and the other one representing the losing ones. The
symmetry of these distributions with respect to 0.5 is significant, the distance and the intersection
of the two distributions from each other are features that we aim to reproduce with the agent-based
model.
Another feature of the data is highlighted when we study how the width of the score performance
distribution changes over the different stages of the tournaments, the width of the distribution contains
information concerning the difference between the score performance of the winners and that of the
losers players. We can calculate the full width at half maximum (FWHM) considering the normalized
histograms of the score performances of the winners and losers and performing a Gaussian fit on them.
The Figure 1(b) shows that from the first round, labeled with an x = 6, to the final labeled with x = 0,
the FWHM of the score performance distribution tends to decrease with a certain slope, this is another
feature that we want to reproduce with the agent-based model.

2.2. The Direct Competition Model Core

In order to develop an agent-based model for the sport of tennis, it is necessary to establish the
mechanism that allows an agent-player to score a point. This mechanism must depend on the sportive
performance of the agent-player in such a way to emulate a real situation. Previous work [9,11,12]
have used an equation to obtain a numerical value of the sportive performance of an agent-player. We
have adapted this equation to the case of a direct competition of two agent-player, and obtained a
system of equations:

a,tr ,0¢]
P[“rfft,lfc] (i‘) 1 t (t)
2 ﬂ 0 2(7' (1)
[ﬂ,tft,(fc] (t) 1 Uty C (t)
2 2
with
d () = a(™ - ) + (1 - a)l2c(r)ld — 1] @)
where d", La ‘rt"rc] (t) is the distance in terms of performance between the two competitors: the agent

with the label 1 against the one with the label 2. This quantity depends on the variable t, the iteration
for which the quantity is calculated, and on a series of parameters:

¢ The talent weight a, defined with values between 0 and 1, determines the importance of talent
over chance, for a = 1 performance is purely talent dependent, for a = 0 performance is purely
chance dependent.

¢ The standard deviation of the talent distribution o, of a normal distribution, centered at 0.5 and
truncated between 0 and 1, from which the constant values T; and T, the talents of the agents 1
and 2 involved in a match, are drawn.

¢ The standard deviation of the chance distribution ¢, of a normal distribution, centered at 0.5
and truncated between 0 and 1, from which the chance value C(t), recalculated at each iteration,
is drawn.

Using d[u otc] (t) is possible to obtain the values of Pvl[u’gt'ac] (t) and 132[""7“‘7”] (t), that are the relative
sportive performance of agents 1 and 2, respectively. The values of Pl#?t:7cl(t) are between 0 and 1,
and for the two agents involved in the match they assume specular values with respect to the value 0.5.
Using the equations 1 it is possible to assign points, at each iteration ¢, on the basis of the greater

[

value of the performance between Pvlu’gt’gc] (t) and Pvz[u’”t’ac] (t). Having a way to assign the points in
a simulated match, it is possible to replicate the structure of rules of a real Tennis match and obtain a
winner agent and a loser agent.
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It is also possible to reproduce the structure of a tournament, and thus obtain the ranking of the
agents playing in the tournament and the relative number of scored points, so that we can obtain
data comparable to the real ones. The simulated tournaments have been constructed with a total
of 128 agents-players, a number close to the average number of players that participate in the ATP
tournaments, each simulated tournament has new agents with a talent drawn from a predetermined
talent distribution. The initial pairings between agents are random, and the subsequent ones are
dictated by the winning agent-player, the simulated tournaments are composed of 7 rounds, the
winner of the final simulated game is the tournament winner.

3. Results
3.1. The Agent-Based Model Simulation

The developed agent-based model in constructed using the equations 1, so it depends on the
same three parameters, the talent weight a, the standard deviations of the distribution of talent o
and the standard deviations of the distribution of chance ¢.. Having chosen the values of the three
parameters, the model runs a series of virtual tournaments, we collect the data obtained from the
virtual tournaments to construct, as in the real case, a score performance distribution.

Figure 1(c) shows the distribution obtained considering 10000 simulated tournaments, each with 128
agents-players participating, with fixed parameters a = 0.3, oy = 0.2, 0, = 0.2. The distribution obtained
from the model has the same characteristics as that obtained from the real data, its shape depends on
the three parameters of the model, so with the right combination of parameters it’s possible to obtain a
distribution that fits the real distribution. An interesting feature observed in the simulations is that for
a value of a equal to 1, so with pure talented based tournaments, the area of intersection between the
losing and winning parts of the score distribution disappears, so the presence of this intersection is
due to the action of chance.

With the same set of parameters used for the distribution in 1(c), Figure 1(d) instead shows the variation
of the FWHM at different stages of the tournaments. We can see that the model is able to reproduce
the same kind of trend for the FWHM shown for the real data. This trend, which has also been shown
in other works [11-13], is due to the fact that the most talented players are selected to participate in the
later stages of the tournaments.

3.2. Calibration of the Agent-Based Model on the Real Data

To fit the simulated data of the agent-based model to the data obtained from the real tournaments,

we use a genetic algorithm, this type of algorithm is often used in optimization problems [25], even
with agent-based models [28]. In particular, the use of a genetic algorithm allows us to explore the
entire 3D parameter space of the agent-based model in search of parameter values that make the
simulated results adhere to the real data.
The genetic algorithm is an algorithm that attempts to simulate a natural selection process for the
possible solutions of a model. In this specific case, what the genetic algorithm compares using the
fitness function is the score performance distribution of the real data and the simulated data. A fitness
function is therefore needed to quantify the ability of the model to fit the data when certain parameters
are set. The fitness function chosen to be used for such comparisons is the reciprocal of a generalized
Euclidean distance:

d(p,q) = \/(m —q1)* + (p2 — 42)* + . + (Pn — qu)*
f(p,q) = Vd(p,q)
Where p1, p2...px» and g1, q2...9, refer to the abscissae of the two normalized histograms representing

the compared score performance distributions, d(p, q) is the generalized Euclidean distance and
f(p,q) is the fitness function.

©)
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In this particular case, the genetic algorithm optimizes the value of three genes, which are the three
parameters of the model. For all three genes, the range of possible values is between 0.01 and 1.00.
These values can be varied with steps of at least 0.01, so the algorithm is computed on a 3D lattice
of 0.01 steps; this implies 1000000 possible combinations of the parameters. The algorithm begins its
optimization process with a population of initial individuals, 30 in this specific case, for which the
values of the genes are taken randomly within the mentioned domain.

The Figure 2 shows that the points of the parameter space with higher fitness values are dis-
tributed on a thin surface, the layer with the lighter color, so the good parameters for the model are
limited to the points on this surface. It is possible to further limit the number of good parameters
for the model, in fact, it is possible to establish witch of the points on the surface found using the
genetic algorithm are able to emulate even the behavior of the FWHM on the different stages of the
tournaments of the real data.

1.0

0.8 0.0

Figure 2. The figures show, from two different angles, the results of the genetic algorithm. In the
graph, the points represent a triad of parameters, the talent weight a, the standard deviation of the
talent distribution o, the standard deviation of the chance distribution ¢, while the colors represent
the normalized fitness value relative to the points, only the points with a fitness greater than 0.46 are
shown.

Performing this additional confrontation for all the good points of the parameter space found,
would be really onerous in terms of computational efficiency, so we take a fit of the surface with
high fitness values and take a limited number of points appropriately distributed on this surface, in
this way, we are able to make additional comparison and tuning between the real data, and the data
produced by the agent-based model. For each of the selected 1450 points on the surface referred above,
hereafter referred to as the surface of maximum fitness, it is possible to calculate the score performance
distributions refereed to the different tournaments stages, we can then fit these distributions with
a Gaussian curve and calculate the FWHM, so that for each point of the maximum fitness surface
we obtain a curve similar to the one shown in Figure 1(d). The FWHM trend of the simulated data,
obtained for each of the 1450 points of interest in the parameter space, is then compared with the
FWHM trend of the real data, shown in the Figure 1(b), using the same f(p, q) shown in the equation
3. Thus, for each point, we obtain a sort of fitness value for the two FWHM trends, simulated and
real. This quantity, which will be called “verisimilitude” from here on, so as not to confuse it with the
fitness used in the context of the genetic algorithm, is greater when the two trends being compared are
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similar.

Figure 3 shows the result obtained by using the method described above, the color map used
in the Figure 3, allows us to visually identify the areas with the highest verisimilitude. Not all areas
are equally highlighted by the color map, two regions stand out among the points in the parameter
space that seem to possess high values of verisimilitude. Table 1 shows the weighted mean values, in
terms of verisimilitude, of the parameters in the two regions mentioned above, these values have been
calculated taking into account only the parameters with normalized verisimilitude higher than 0.774.
The values in green in the table correspond to an area with low values of a and o, the values in red in
the table correspond to the area with high values of a and o, the o; values are less variable in the two
areas, but the parameters in the green area generally have higher values than those in the red area, the
red area in particular can have very low values.

These weighted mean values represent in a compact way the properties of the parameters with a high
verisimilitude in the two regions. The differences in the values obtained for these two areas lead us to
carry out further analysis.

Table 1. The table shows the weighted average, weighted by verisimilitude, of the parameters for the
two regions with high verisimilitude values observed on the surface of maximum fitness in Figure 3.
Only the points with a normalized verisimilitude greater than 0.774 are used to calculate the mean
values of the parameters. The values in green are obtained for the regions with low values of o, the
values in red are obtained for the regions with high values of o,

a Ot O¢
w. mean | 0.34 | 0.07 | 0.16
w. mean | 0.66 | 0.04 | 0.67

1.000

0.925

0.849

0.774

0.698

0.623

0.548

25URYD PIS

0.472

0.397

0.321

0.6
& talent 0.2 00 T oo ’ Talent weigt 0246
Figure 3. The images show, from two different perspectives, the result of the comparison between the
real and simulated FWHM trends at the different stages of the tournaments for the points on the surface
of maximum fitness. In particular, for each evenly distributed point on this surface, 7000 tournaments
have been simulated for each set of parameters. The color map highlights the areas that better match
the real data with higher values of normalized verisimilitude.

3.3. Calibration on the Final Phases of the Tournaments

The agent-based model constructed is deliberately simple, built using a limited number of
parameters, however, for the initial phases of real tournaments, there may be several discrepancies
between the different tournaments, concerning, for example the fact that the different tournaments
in reality have a different number of stages up to the final. There may also be differences in the way
participants are selected. Thus, in the early stages, it is possible to have very different distributions of
talents for the participating players in different tournaments.
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The model does not predict these discrepancies; there may also be other factors, in addition to
those given as examples, that are not taken into account and therefore not reproduced by the model.
However, these discrepancies and differences from an ideal model tend to diminish in the more
advanced stages of the tournaments, because, the tournament has a selection capacity that tends to
mitigate any inhomogeneities in the talent distribution of the participants. It is therefore expected that
in the final stages of the tournaments it will be easier to adapt the agent-based model to the real data.

1.000
0.903

0.806

A
= 0.709
n 0.6
—
2 L 0.612
(@)
M V.
L 0.515
L 0.418

0.321

0.224

0.128

0.031

Figure 4. The image shows the result of the comparison between the real and simulated FWHM trends
for the last four tournament phases, so from the round of 16 to the final. Again, 7000 tournaments were
simulated for each point on the surface of maximum fitness, and the color map, of the normalized
verisimilitude, highlights the areas that better match the real data.

Comparing only the tournament phases from the round of 16 onwards, thus the last 4 tournament
phases; we obtain what is shown in Figure 4.
It can be observed that there are only a limited number of points in the parameter space that occupy
the parts in the high verisimilitude limit, so only a limited number of points can be identified that are
closer to the real trend in the later stages of the tournaments.

The Table 4 shows us the weighted average of the parameters, and the parameters with the the
highest verisimilitude for the two separate areas on the surface of maximum fitness observed in Figure
4. For the highest verisimilitude parameters highlighted in green, we have o, = 0.08, oz = 0.09
and a talent weight a = 0.17, for this point, the model predicts that chance plays a role dictated by
small fluctuations, given the limited amplitude of the distribution corresponding to the value of o,
considered, but very relevant given the low value of the talent weight a, with players having a narrow
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talent distribution.

Table 2. The table shows the parameter values of the two points with the highest verisimilitude, and the
weighted average of the points with normalized verisimilitude greater than 0.321 for the two regions,
on the surface of maximum fitness, highlighted in Figure 4 with high verisimilitude. The points in
green, in the table, belong to the region with a low value of o, the red ones belong to the region with a
high value of o

a ot o

max ver. | 0.17 | 0.09 | 0.08
w. mean | 0.23 | 0.07 | 0.07
max ver. | 0.78 | 0.03 | 0.90
w. mean | 0.80 | 0.02 | 0.79

For the highest verisimilitude parameters highlighted in red we have o, = 0.90, o = 0.03 and
a = 0.78. So lower values of o; characterize this point. The chance distribution is wider, meaning that
random events that could change the fate of the matches are more frequent, but since the talent weight
a is high, much higher than the point examined above, chance has less weight in determining the
outcome of the matches.

3.4. Calibration by Parameter Constraint

The study of the real data with the agent-based model gives us two possible results, or rather two
possible interpretations of the data, in fact we find two areas of interest on the surface of maximum
fitness. We can compare our results with previous work to understand which of the two interpretations
of the data is an artefact of the model and which reflects the real situation.

For both model calibrations carried out in the previous sections, the region on the surface of maximum
fitness with low values of ¢, have many parameters, (for example in Table 4 we get o+ = 0.09 for the
parameter with maximum verisimilitude) that give a talent distribution with amplitude similar to that
used in other works [11,12], a normal distribution with ¢+ = 0.1 and mean ¢ = 0.6, derived from the
population IQ distribution and thus obtained from real data.

We can use this talent distribution in our model, and also fix o, taking into account the green values
in the tables 4,1 and considering the average of the averages of the o values, obtaining o = 0.12 as
the best representative value, for the region of low values of o, on the surface of maximum fitness.
By setting oy = 0.1 with u = 0.6 and o, = 0.12 in our agent-based model, it is possible to calibrate
again the model minimizing the distance between the data reproduced by the model and the real one,
using the same method as in the previous sections, with only a as a free parameter.

Figure 5 shows the result of the calibration. The normalized verisimilitude value shown, is
obtained by simultaneously taking into account the score performance distribution and the trend of
the FWHM, confronting them with the real data through f(p, ) shown in the equation 3, and then
taking into account the normalized average value.
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Figure 5. The figure shows the values of the talent weight a in correspondence to a normalized
verisimilitude value, which determines how much the value a is able to produce results that are similar
to the real ones.

The values of the talent weight a with a normalized verisimilitude greater than 0.85 are three,
as shown in the Figure 5. Thus, fixing the values of the other two parameters, with plausible values
suggested by the free parameter model of the previous sections and the literature, the value of the
talent weight a for tennis competitions on the ATP tour is between 0.18 and 0.20. These values are in
good agreement with other works on the subject [13].

4. Discussion

In this paper we have studied the impact of random events, the action of chance, as opposed to
the role of talent in determining the outcome of a direct competition, in particular we have studied the
tennis competitions, and the data obtained from the ATP tournaments.

The aim of this work was to obtain as much information as possible about this type of competition,
with the fewest assumptions about the parameters of the model, in order to obtain the widest range of
information. To do this, we have developed an agent-based model capable of reproducing the main
features of the data, in particular the score performance distribution and the trends of the FWHM of
these distributions over the different phases of the tournaments. The agent-based model developed
depends on three parameters, the talent weight a, the standard deviation of the talent distribution
o and the standard deviation of the chance distribution o, so we have made the assumption that
talent and chance can be described by a normal distribution centered on 0.5. Then, we used a
genetic algorithm to analyze the parameter space, and thus consider all the possible combinations of
parameters of the model able to make the simulated score performance distribution similar to the real
one. The use of a genetic algorithm allowed us to make very few assumptions about the values of the
parameters and thus allowed us to find a surface, the surface of maximum fitness, in which the points,
corresponding to the parameter triads, are able to reproduce score performance distributions very
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similar to the real ones.

Considering then only a limited set of 1450 points, uniformly distributed on this surface of maximum
fitness, we made a further calibration of the agent-based model comparing another feature of the
data, the trend of the FWHM for the different phases of the tournaments. This allowed us to further
restrict the set of parameters that are able to reproduce the trend of the real data. We performed this
further calibration by first considering all phases of the tournament, and then considering only the
last 4 phases of the tournament, in an attempt to mitigate the effects of factors not considered by the
agent-based model.

In both cases, we found a limited set of good points able to reproduce the real data, these points
are distributed in two regions of the surface of maximum fitness, the regions with high values of o,
characterized by higher values of talent weight a and lower values of o¢, and the regions with low
values of o, characterized by lower values of a and higher values of ¢;. The most interesting fact about
these two regions is that they underline a sort of redundancy in the equations that govern the agent-
based model. In fact, it seems that for the model a and o, are two parameters able to counterbalance
their effects, at high value of talent weight a correspond low value of chance weight, so we have found
a region with high values of chance weight but small amplitude of the chance distribution, and a
region with low values of chance weight but large amplitude of the chance distribution.

The agent-based model and the genetic algorithm therefore give us two areas of interest on the surface
of maximum fitness, but only one of the two regions contains parameters that correspond to the real
situation, the other one is given by this sort of redundancy of the model. The two areas have talent
distributions of different amplitude, this gives us the possibility to choose one of the two areas by
selecting a specific talent distribution. So we choose the area on the surface of maximum fitness with
parameters having low value of o, and slightly higher values ¢ than the other area of solutions. This
choice was made by comparing our results with previous works [11-13]: the parameters on the low o,
area have o values similar to the talent distribution used in the cited works, extrapolated from the IQ
distribution, thus obtained from the real data.

Using the IQ talent distribution and a o, = 0.12 obtained considering the average of our solutions in
the low o area, we carried out a further calibration of the agent-based model and obtained a value
talent weight between a = [0.18,0.20]. This value is in good agreement with previous works on the
subject [11-13]. This result gives us confidence on the fact that the solutions in the low o, region of the
surface of maximum fitness are those to be considered. The solution given in the table with maximum
verisimilitude in this region, obtained by our agent-based model trained with a genetic algorithm,
has a = 0.17, o+ = 0.09 and o, = 0.08. These values seem reasonable, in fact, with o in this range
we expect that the random events that occur in the match to be mostly small, such as wind that can
change the trajectory of the ball, uneven ground, etc., and the events that can change the outcome
of the match to be rare, such as an injury. With o} in the predicted range, we expect the majority of
players to have similar talents, with only a few individuals having talents that are greater or lesser
than others. Last but not least, for the talent weight a in the predicted range, we expect the action
of chance to play a large role in determining the outcome of a match. However, this doesn’t mean
that talent doesn’t matter, as previous works have shown [5,9,12,13], but that in a match between two
individuals of similar talent, chance plays a major role, confirming the so-called talent paradox [13] and
we expect the outcome to be in favor of one rather than the other by sheer luck. Talent becomes more
important as the difference in talent between the two competitors increases, but even when mitigated,
chance cannot be ignored.

The model therefore predicts a scenario in which there are many random events, most of which are
small, but which become important when the talents of the players are all comparable. Our agent-based
model, trained with the help of a genetic algorithm, gives the range of values that the parameters a, o¢
and o, can take, based on real data, providing very useful information about this type of competition.
Our study is able to infer the values of quantities that are really important, but it has also allowed us
to better understand the sensitivity of this type of models to the values of the parameters, we have
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highlighted the possibility of a kind of redundancy, and better understood the importance of choosing
the right values for the parameters. The choice of the chance distribution with the right characteristics
seems to be really important in this type of model, in fact the talent weight and the chance distribution
seem to have a complementary role.

Another thing that could be considered is to use distributions with unfixed centers of symmetry for the
talent and chance distributions, although this would make the model depend on 5 parameters instead
of 3, making convergence to the real data more difficult.

Even without these modifications, we have established a useful method that is applicable to a wide
range of competitions, involving individuals or entities competing against each other for extrapolating
quantitative information regarding the role of chance and randomness in the final outcomes.
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